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Abstract
The surgical environment presents a large number of challenges for surgeons,
from the crucial planning and decision-making processes involved, to the tech-
nical skills required to complete a surgical task. To tackle these challenges, sys-
tems of increasing capabilities have been designed. Surgical robots provide en-
hanced dexterity under the restrictive conditions of minimally invasive surgery,
and advanced imaging and registration modalities allow powerful planning and
localisation capabilities for surgery.

However, despite the increasing complexity and capability of modern surgical
robot systems, human-robot interfaces have remained largely unchanged. Modern
surgical robots possess many degrees of freedom and system-specific dexterous
workspaces, yet are still mainly controlled using a static motion scaling master-
slave scheme in Cartesian space. Likewise, image guidance information displayed
on separate displays force interruptions of the surgical workflow when used, as the
surgeon needs to take their attention away from the surgical scene. In order to fully
utilise the capabilities provided by these systems, improved user-interfaces taking
advantage of the context of the surgical scene need to be developed.

This thesis explores the design of such human-user interfaces for two main
cases: interfaces responsible for the control of robotic systems, and surgical navi-
gation interfaces. A key motivation for this work is to generate methods for robotic
control and navigation that feel transparent to the user. These interfaces should
act implicitly based on the context of the surgical scene, as opposed to requiring
explicit user input. Firstly, an implicit approach to control the surgical camera
and a focussed energy delivery system is explored, using gaze information and
no active gestures. This approach is then expanded for intention recognition, to
dynamically adapt motion scaling of master-slave systems. Bayesian approaches
to tune these interfaces are also studied, showing the importance of not relying
on manual tuning. The methods previously developed for intention recognition
are then expanded and applied to augmented reality, to provide optimal display
behaviour in robotic applications. Finally, an approach is developed combining
augmented reality and force feedback to provide implicit assistance for hand-held
robotic instruments. Throughout this work, results from studies conducted for
each of the proposed methods demonstrate the capabilities and potential clinical
value of context-aware interfaces to improve performance.
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1

Introduction

Surgery is challenging. Accessing the operating site, administering the surgi-
cal treatment, and concluding the procedure all carry important risks and require
highly skilled personnel to perform. Due to the limitations of surgical tools,
surgery is a delicate balancing act between minimising patient trauma and max-
imising the effectiveness of the procedure. Open surgery approaches provide the
most direct means of reaching the operating site, but do so at the cost of substan-
tial patient trauma. This trade-off can result in procedures being postponed or can-
celled as the risks to the patient outweigh the expected improvements in quality of
life. The advent of minimally invasive surgery (MIS) has significantly improved
this trade-off, allowing surgeons to perform what were previously highly invasive
open surgery procedures using only a few small incision points. This progress
was enabled by the development of MIS instruments such as laparoscopic forceps
and cameras capable of being used through surgical trocars, allowing the surgeon
to operate inside the human anatomy without having a direct line of sight to the
operating site. However, current MIS instruments suffer from severe limitations
in terms of dexterity. Constrained by the trocar position, laparoscopic instruments
typically consist of a long rigid shaft where the only additional degree of freedom
available is a mechanically transmitted rotation along the instrument shaft. Com-
bined with other ergonomic limitations such as the need for a surgical assistant to
operate the camera, these constraints significantly limit the scope of procedures
that can benefit from MIS approaches. In particular, surgery in long and narrow
anatomical pathways such as in the throat or the colon, or where the operative
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workspace is highly restricted such as in keyhole neurosurgery, can all be partic-
ularly challenging to perform using MIS instruments.

To tackle these challenges, technological efforts in the last decades have fo-
cussed on the development of robotic systems for surgery. These systems allow
for the design of highly dexterous surgical instruments possessing a large number
of degrees of freedom in a small form factor. Wristed instruments mounted on
robotic arms, for example, allow surgeons to recover a substantial part of their
natural dexterity while performing minimally invasive approaches. Other systems
such as robotic endoscopes or snake-like robots allow surgeons to navigate deep
inside the patient anatomy through natural orifices. Additionally, these robotic
systems provide a natural platform for the aggregation and display of all the in-
formation available in the operating room, such as camera feed, image guidance,
system and patient status, or force feedback.

While surgical robots provide enhanced capabilities to the surgeon, their addi-
tional complexity also introduces new requirements in terms of usability. Unlike
traditional surgical tools or MIS instruments, robotic systems typically require
dedicated interfaces to control their different components. Highly articulated in-
struments composed of multiple joints, for example, cannot be expected to mean-
ingfully improve surgical performance if the surgeon is required to control each
joint individually. Likewise, a robotic assistant can be counter-productive if it is
more difficult for the surgeon to communicate their commands to the robot than to
a human assistant. It is entire possible to design robotic systems that possess ex-
tremely valuable properties for surgery, while at the same time being completely
unusable in practice.

Humans are physically limited in how they can interact with, and operate a
robotic system. In addition to those physical limitations, only a finite amount of
information can be relayed simultaneously to the surgeon before they saturate.
Robotic systems on the other hand, are only limited in their complexity and ca-
pabilities by the technology available at the time of their design. To bridge this
gap, the complexity of the robotic system must be concealed by the human-robot
interface. The more complex the system, the greater the role of the interface.
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1.1 Research Objectives

While surgical robot systems have been the focus of substantial research over the
last decades, their corresponding human-robot interfaces have not witnessed as
much attention. Recent systems as varied as multi-arm laparoscopic robots or
concentric tube systems all mainly use master-slave interfaces. For the most part,
these interfaces operate similarly to those used in master-slave surgical robots de-
veloped in the 1990s, and suffer from the same underlying limitations such as
workspace constraints resulting in the need for clutching. Similarly, surgical nav-
igation information is still mainly visualised through separate external displays.
Better-integrated display solutions such as augmented reality have been investi-
gated, but also suffer from limitations such as obstruction of the visual field.

A common issue with the aforementioned robot control and visualisation in-
terfaces is their lack of ability to adapt to the current context, instead using a “one
size fits all” approach. Master-slave interfaces with a static motion scaling coeffi-
cient, for example, need to compromise between the ability to perform high pre-
cision motions or to cross the surgical workspace quickly. Likewise, augmented
reality interfaces controlled with an on/off switch either substantially obstruct the
surgical view, or do not provide image guidance.

In order to alleviate these issues, new methods for human-robot interfacing
can be developed making use of scene context to adapt system behaviour. This
thesis explores the design of such context-aware interfaces for robot control and
surgical navigation. By exploiting natural human behaviour through gaze track-
ing, and using scene information such as instrument and anatomy tracking, the
desired system behaviour can be inferred and the system adapted accordingly. A
note should be made here regarding the scope of two terms used throughout this
thesis: the surgical context, and the user intention. In this work, the surgical con-
text considered is limited to the surgical scene, i.e. the state and position of the
anatomy and of the surgical instruments during the procedure. Furthermore, the
user intention considered is limited to the direct motion or surgical subtask the
surgeon is trying to execute with the instruments at any given moment (e.g. reach-
ing motions, grasping). However, the surgical context could be broadly defined
to include any factor that has an impact on the outcome of procedure. This could
include factors directly related to the procedure, such as the current surgical phase
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or pre-operative plan, but could also include indirectly related information. The
patient’s medical records, the surgeon’s level of fatigue, or the level of expertise
of the surgical staff all play a significant role in the outcome of the operation.
Likewise, the user intention can encompass higher-order concepts than direct sur-
gical subtasks, such as completing particular surgical steps or phases. While these
factors can directly impact the surgeon’s behaviour during the operation, such as
the impact of fatigue on eye tracking behaviour, it is necessary to limit the scope
of these considerations for the purpose of this work. Accordingly, the methods
presented in this work aim to fit generic surgical contexts in which “standard”
conditions could be observed (e.g. no extreme fatigue or unusual operating cir-
cumstances). The aims of this thesis are to address the following challenges:

• Implicit Interfaces: Develop methods for human-robot interfaces that work
implicitly, where the system behaviour is adapted automatically from scene
context without requiring explicit input from the surgeon.

• Robot Control: Propose implicit control interfaces for the surgical camera
and robotic instruments, allowing improved control without relying on an
assistant or explicit commands. In particular, this thesis aims to reduce the
control issues caused by workspace limitations of master devices, a long-
standing problem in surgical robotics.

• Surgical Navigation: Propose implicit augmented reality display methods
able to maximise the usefulness of the image guidance information, while
minimising the visual obstruction to the surgical view.

The thesis is structured as follows:

Chapter 2 presents a review of existing human-robot interfaces. Control inter-
faces are reviewed first, including a review of master devices and their limitations
as well as gesture-based and voice-controlled approaches. This is followed by a
dedicated review of gaze-contingent approaches for robotic control in surgery. A
case-study application for the gaze-control of a laparoscope is presented, high-
lighting the usefulness of gaze data for inferring user intention. Finally, a review
of augmented reality interfaces for surgical navigation is presented.
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Chapter 3 introduces a framework for the implicit control of the surgical cam-
era and a focussed energy delivery system. A noise-resistant interaction detection
scheme is presented, allowing activation and control of the system through natu-
ral gaze behaviour. Smooth velocity profiles generated from the surgeon’s gaze
are used to direct the robotic camera in a safe and intuitive manner. By further
using gaze tracking to target localised stereo reconstruction, the system is able to
accurately determine the user’s gaze point coordinates in 3D space. This is used
to perform automatic targeting of the focussed energy delivery system, as well
as automatic zooming of the surgical camera so that the optimal camera-to-tissue
viewing distance is always maintained. The calibration methodology used to ob-
tain millimetre precision for the laser targeting without the aid of visual servoing
is described. Finally, a user study validating the system is presented, showing
clear improvement with median task completion times under half of those of a
manually controlled robotic system.

Chapter 4 presents a bi-manual system using novel self-triangulating 6-degrees-
of-freedom (DoF) tools through a flexible elbow, which are mounted on robotic
arms. The control scheme for the resulting 9-DoF system is detailed, with partic-
ular emphasis placed on retaining maximum dexterity close to joint limits. Most
significantly, this chapter introduces the novel concept of gaze-assisted adaptive
motion scaling. By combining eye tracking with hand motion and instrument
information, the system is capable of inferring the user’s destination and modify-
ing the motion scaling accordingly. This safe, novel approach allows the user to
quickly reach distant locations while retaining full precision for delicate manoeu-
vres. The performance and usability of this adaptive motion scaling is evaluated
in user studies, showing a clear improvement in task completion speed and in the
reduction of the need for clutching.

The adaptive motion scaling presented in chapter 4 possesses a number of core pa-
rameters controlling the robot behaviour that are manually tuned. As the adaptive
motion scaling dynamically impacts the user’s control of the system, it is impor-
tant that these parameters be selected appropriately to keep the system behaviour
as intuitive as possible. Chapter 5 presents a Bayesian approach to the problem of
optimising the adaptive motion scaling in a user-specific manner. Two Bayesian
optimisation methods are studied: one in which users are asked to grade robot
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behaviour for a given set of parameters, and one where only preference relative
to other parameter sets is expressed. The performance of these optimisations is
evaluated in blind, randomised user studies, demonstrating that the optimised pa-
rameters result in more intuitive system behaviour and better performance relative
to the manually tuned ones.

Expanding on the gaze-contingent methods for intention recognition developed
in the previous chapters, Chapter 6 presents a novel approach to automatically
adapt the augmented reality display mode based on the context of the surgical
scene. Using gaze tracking in conjunction with information from the surgical in-
struments and the registered anatomy, a multi Gaussian process model is designed
to infer the desired augmented reality display mode at any point during the pro-
cedure. Additionally, a new augmented reality display mode is introduced in this
model, taking advantage of the context information to only display a partial view
of the augmented reality when relevant. To validate the presented approach, a
detailed simulation of a neurosurgical tumour contour marking task is designed.
User studies are conducted to demonstrate the usefulness of the proposed ap-
proach compared to manually controlled augmented reality, showing significant
improvements in the ability to detect bleeding as well as in task completion time.

Exploring the future of miniaturised robots in surgery, Chapter 7 studies how the
previously discussed context-based augmented reality approaches can be adapted
to hand-held robotic instruments. Using a microsurgical blunt dissector equipped
with force-sensing capabilities, a novel method simultaneously combining visual
force-feedback and image guidance information is presented. Visual force feed-
back is displayed by modulating an augmented reality overlay. Additionally, crit-
ical anatomy beyond the exposed tissue surface is revealed using the augmented
reality overlay when the user is exerting large forces within their proximity. The
force information is further used to improve the depth perception of the augmented
reality by displacing the virtual elements based on the forces exerted. Detailed
user studies are performed to assess the efficacy of the proposed method, demon-
strating its usefulness for visual force feedback and the importance of motion cues
for improved depth perception.

Finally, Chapter 8 concludes by summarising the key results and findings of this
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thesis, and discussing current limitations and future research opportunities.

1.2 Original Contributions

The key contributions of this work include:

• The development of an implicit interaction detection scheme to control a
surgical camera, exploiting the synergy between eye tracking and stereo
reconstruction to perform high-accuracy 3D gaze tracking, and enabling
automatic zooming and laser targeting.

• The design of a highly dexterous robotic system combining the dexterity of
single-port instruments with the advantages of external robotic arms.

• The development of a novel gaze-assisted adaptive motion scaling scheme,
reducing workspace limitations and the need for clutching of master de-
vices.

• The demonstration of the usefulness of Bayesian optimisation techniques to
tune human-robot interfaces, comparing graded and preference-based ap-
proaches, and highlighting the pitfalls of relying on manual optimisation.

• The development of a low-latency real-time rendering pipeline for stereo
augmented reality.

• The design of a novel gaze-assisted approach to automatically select the
optimal augmented reality display mode based on scene context, and the
development of a detailed surgical simulator to assess the efficacy of this
approach.

• The development of a novel approach combining visual force feedback
and image guidance for hand-held microsurgical instruments equipped with
force sensing.

• The development of force-based displacement modelling for augmented re-
ality to improve depth perception via motion cues.
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2

Control and Visualisation Interfaces
in Robotic Surgery

2.1 Introduction

Human-robot interfaces are a crucial component of surgical robots. These inter-
faces can be as simple as a few buttons or a monitor, to as complex as entire
robots of their own right, and are essential for the surgeon to be able to interact
with the robotic system. Two categories of human-robot interfaces are studied in
this thesis: interfaces related to the control of the surgical robot, and visualisation
interfaces related to surgical navigation. The quality and design choices involved
in the making of these interfaces play a key role in the final performance of the
entire system. Robot control interfaces are responsible for i) accurately relaying
the surgeon’s intended commands to the robot, and ii) permitting seamless co-
operation between the operator and the robot. Similarly, visualisation interfaces
are responsible for presenting information from the system and the surgical scene
to the surgeon such that they are accurately understood, and minimizing the dis-
traction caused while doing so. Poorly designed control interfaces can result in
robotic systems that are challenging and potentially dangerous to use, even if the
surgical robot itself has advanced capabilities. Likewise, poor visualisation inter-
faces create clutter and can even mislead the surgeon, as well as reducing surgical
performance through occlusion of the visual field or causing interruptions of the
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surgical workflow.
To take full advantage of modern robotic systems, effective human-robot in-

terfaces must also be designed. As such, the advent of robotics in the operating
theatre has also prompted the development of new interfacing techniques. This
chapter presents an overview of existing human-robot interfaces in the context of
surgery. Robot control interfaces are reviewed first, from the widely-used master
consoles to more recent solutions such as gamepads and data gloves. The second
section is dedicated to a separate review of gaze-contingent control interfaces in
surgery, a technology utilized substantially throughout this thesis for its capacity
to help infer user intention. Finally, the third section reviews interfaces related
to the visualisation of image guidance information, with a strong focus on aug-
mented reality.

2.2 Human-Robot Control Interfaces in Robotic
Surgery

The control interface of a surgical robot consists of a set of components and meth-
ods used by the surgeon to control the robot. The function of a robot control
interface can be segmented into two processes. An acquisition process, responsi-
ble for physically interacting and acquiring information from the surgeon; and a
transformation process, responsible for transforming the information obtained by
the acquisition process into commands compatible with the surgical robot.

By definition, some hardware components are necessary for the system to be
able to interact with a user. The components of the acquisition process will typi-
cally present themselves in the form of a device, or a set of devices, without which
the system cannot be used. Conversely, the transformation process describes the
logic used to control the robot, and can sometimes be performed entirely in soft-
ware. Both of these components play a fundamental role in how to interact with
the robotic system. To provide the reader with a broad overview of human-robot
control interfaces in surgery, Tables 2.1 and 2.2 list a number of surgical robots
and their respective interface types. Note that the purpose of this list is not to
provide an exhaustive catalogue of the different existing surgical robots. Instead,
these tables display a selected set of surgical robot systems to provide a compre-
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hensive overview of the different human-robot control interfaces that can be found
in commercial and research-prototype surgical robots. For reviews focused on a
more exhaustive list of existing surgical robot systems, the interested reader is
referred to [1, 2, 3, 4].

2.2.1 Grounded Robotic Haptic Master Interfaces

One of the most widely used control paradigms for surgical robots is the master-
slave paradigm. Under this paradigm, surgical robot systems are composed of
two main subsystems: a master subsystem which the surgeon uses to issue their
commands, and a slave subsystem which physically interacts with the patient fol-
lowing the surgeon’s commands. This system architecture presents several key
advantages for surgical robots. In such a configuration the slave typically only
acts when directly commanded to by the surgeon, allowing the surgeon to always
remain in control of the procedure while still benefiting from robotic advantages
such as tremor reduction and motion scaling. While it is possible to blur the line
between direct master-slave control and semi-automation depending on the type
of interface, in this thesis semi-automation is defined as starting from the mo-
ment where surgical subtasks more complex than brief motions are automated
[5]. The physical separation between the master and slave subsystems also al-
lows for larger and more elaborate human-robot interfaces, whereas otherwise the
footprint of those interfaces might prevent their use at the operating table. Addi-
tionally, the separation between slave and master can be advantageous to perform
long distance teleoperated surgery.

A particular type of master interface that has emerged as highly successful
over the last decades are grounded haptic master interfaces. In these systems, the
master subsystem is itself a robotic device that the surgeon holds with their hands.
These haptic master devices allow a highly accurate capture of the surgeon’s hand
motions, while also providing the possibility for haptic feedback. The grounded
aspect of these systems comes from the design choice of the master interface to
be part of a master workstation, or master console, in part due to the size and
connectivity requirements of the haptic devices. The highly successful Da Vinci
system from Intuitive Surgical, illustrated in Figure 2.1, is an example of such a
system. The use of such consoles allows advanced functionality to be integrated
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System Name Institute Company Country Interface Refs.

NeuroArm
University of

Calgary
Canada Haptic master interface. Cartesian-space commands. [6] [7]

Da Vinci Intuitive Surgical USA Haptic master interface. Cartesian-space commands. [8]
Raven Applied Dexterity USA Haptic master interface. Cartesian-space commands. [9] [10]

Senhance Transeterix USA
Haptic master interface, Cartesian-space commands. Force feedback

with force sensing at tool base. Eye tracking for camera control.
[11] [12]

ZEUS/AESOP Intuitive Surgical USA
Haptic master interface, Cartesian-space commands. Voice controlled

camera-holder.
[13]

Monarch Auris Health USA
Haptic master interface using a gamepad controller. Commands

presumably in Cartesian-space.
[14]

Sensei X Hansen Medical USA
Haptic master interface, Cartesian-space commands. Includes force

feedback.
[15]

MMS-II T.U. Munich Germany
Haptic master interface using a joystick controller. Cartesian-space

commands.
[16]

FLEXMIN T.U. Darmstadt Germany Haptic master interface, joint-space commands. [17]

Micro-IGES
Imperial College

London
UK Haptic master interface, joint-space commands. [18]

Niobe Stereotaxis USA Mouse and keypad master interface. [19]

Steady hand
Johns Hopkins

University
USA Hands-on robot. [20] [21]

Preceyes Surgical
System

Preceyes B.V. Netherlands
Haptic master interface with kinematic matching between master and

slave devices.
[22]

Table 2.1: Surgical robot control interfaces by system, part 1.



System Name Institute Company Country Interface Refs.

Acrobot Stryker USA Hands-on robot. [23]

Robodoc
Integrated Surgical

Systems
USA Automated: pre-operative computer interface. [24] [25]

Cyberknife
Accuray

Incorporated
USA Automated: pre-operative computer interface. [26] [27]

MicroHand A Tianjin University China
Electromagnetically-tracked master interface. Cartesian-space

commands.
[28]

i2Snake
Imperial College

London
UK

Electromagnetically-tracked master interface. Cartesian-space
commands.

[29] [30]

Unnamed G.I
robot

Nanyang
Technological

University
Singapore Exoskeleton master interface. Joint-space commands. [31]

Unnamed
endonasal robot

Vanderbilt
University

USA Master interface based on hand tracking. [32]

Unnamed
radiofrequency
ablation robot

National University
of Singapore

Singapore Master interface based on hand tracking and hand gestures. [33]

Robotic Scrub
Nurse

Purdue University USA Semi-automated control interface based on hand gestures. [34]

Unnamed MIS
robot

Osaka Institute of
Technology

Japan Master interface based on foot gestures. [35]

ViKY INSERM France Master interface based on voice control. [36]

Table 2.2: Surgical robot control interfaces by system, part 2.



Figure 2.1: From left to right: Da Vinci X®, Da Vinci SP®, Da Vinci XI®, and
surgeon console. ©Intuitive Surgical.

in the master interface, such as an immersive stereo vision and additional control
options via pedals and buttons.

Several key design choices regarding the master haptic device impact how the
surgeon controls the slave robot. While these can depend strongly on the type
of master interface and slave robot, three main categories can be distinguished:
position-controlled haptic interfaces, joint-controlled haptic interfaces, and hybrid
position-velocity controlled haptic interfaces.

Position-Controlled Haptic Interfaces

Haptic devices in master-slave systems are used to control the surgical robot. In a
large number of systems [13, 8, 6, 12, 10], the robotic instruments are controlled
in Cartesian space, by specifying a desired position and orientation for the end-
effector of each surgical instrument. A main advantage of this approach is that the
master haptic device can have any architecture as long as it is able to output an
end-effector pose. This means that the master haptic device can be designed to be
ergonomically friendly, independently of the robotic instruments. Additionally,
this makes it possible for different master haptic devices to be used interchange-
ably with the same slave system. Figure 2.2 shows three widely used haptic master
devices that output commands in Cartesian space.

The Touch Haptic Device consists of a pen-like end effector that can be grasped
by the user. Two buttons allow the user to relay additional commands to the slave
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(a) (b) (c)

Figure 2.2: Illustrations of three haptic master devices. (a) TouchTM Haptic De-
vice, ©3D Systems. Formerly Phantom Omni®, ©SenAble. (b) Omega.7®and (c)
Sigma.7®, courtesy of Force Dimension, Switzerland.

system. The Omega.7 and Sigma.7 both possess a gripper-like end effector, more
similar to surgical grippers. The Omega.7 allows for force feedback on all trans-
lational degrees of freedom, while the Sigma.7 allows for force feedback on all
degrees of freedom, including the rotation.

Joint-Controlled Haptic Interfaces

While position-controlled haptic interfaces are highly versatile and ergonomic,
they suffer from some limitations. A key limitation of these interfaces stems from
the generic nature of the commands they issue. Cartesian end-effector commands
are useful for fully describing the desired pose of the surgical instruments’ end-
effectors, however they cannot be used to specify additional information regarding
the desired robot configuration. This can be disadvantageous in redundant robotic
systems, where the additional degrees of freedom cannot be controlled directly
by the user. Instead, the user must rely entirely on the programmed kinematic be-
haviour to select the appropriate joint positions. Additionally, while haptic devices
such as the Omega.7 are able to relay haptic feedback to the user, that haptic feed-
back is also constrained to be generic, such as forces applied on the end-effector.

A solution to these issues is to design a master haptic interface that sends
commands in joint space. This approach imposes strict limitations on the struc-
tural design of the master interface, as it must sufficiently match the structure of
the controlled instruments to be intuitively usable. Figure 2.3 shows two such in-
terfaces, used to control redundant surgical instruments for natural orifice surgery.

17



(a) (b)

Figure 2.3: Examples of haptic master devices that generate commands in joint-
space. (a) Master device using a serial-link structure matching the kinematic struc-
ture of the controlled instruments [18], ©2017 IEEE. (b) Master device with a
parallel structure [17], ©2016 IEEE.

These devices allow the robotic instruments to be controlled without requiring an
inverse kinematic solver, as the joint values of the master device are mapped to
the joint values of the instruments. This makes it possible for the user to more
easily understand the kinematic configuration of the robotic instruments. Addi-
tionally, joint-specific force feedback can be used to convey the joint limits of the
robotic instrument to the user, a valuable property for highly dexterous minimally
invasive robots working in tight spaces.

The main limitation of these interfaces is that their ergonomics are mainly
dictated by the kinematic structure of the robotic instruments, making them im-
practical to use in a number of cases. Additionally, all instruments used during a
procedure must have a similar kinematic structure, as otherwise the master device
will not be able to control the robot properly after instrument-swapping.

Hybrid Position-Velocity Haptic Controlled Interfaces

A final key limitation of position-controlled haptic interfaces is linked to their
restrictive workspace. Due to their rigid design, haptic interfaces have a well de-
fined, and often quite limited, workspace. This workspace dictates how far the
user can move their hands while grasping the master device before reaching the
limits of how far the device can go. Due to motion scaling, it is entirely possi-
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ble for the user to reach the end of the master device workspace before finishing
their desired motion. Note that this problem arises in nearly all master-slave hap-
tic devices. Grounded haptic interfaces, however, typically suffer from smaller
workspaces than other master-slave interfaces, accentuating this issue.

The most widespread method to address this problem is to use a footpedal,
which when pressed allows the user to re-centre the master device in a process
called “clutching”, similarly to re-centring a computer mouse on a mousepad.
However, this process can be highly disruptive, particularly in systems with a large
workspace but where really low motion scaling factors are desired. A solution to
this problem for position-controlled haptic interfaces consists in defining velocity
zones in the master device workspace [37, 38, 39]. When the end-effector of the
master device is brought into these velocity zones, the system adds a velocity
component to the motion commanded by the master device. As long as the end-
effector remains in this zone, even if immobile, the commanded robotic instrument
will keep translating in the direction specified by the velocity.

To retain intuitive control of the slave robot, a hybrid position-velocity control
with variable stiffness is used for the master device. In the “Bubble” Technique
[38], the standard position-controlled mode is used within a large spherical space
centred on the master device origin. The space outside of this sphere is a veloc-
ity zone, where the velocity is a function of the distance from the sphere edge.
The velocity component drops down to zero once the master device end-effector
leaves the velocity zone. Additionally, the haptic device exerts a force on the
user’s hand when inside the velocity zone, pulling them back to the position-
controlled workspace with a force direction opposite to the velocity vector. This
allows the velocity zones to be perceptible to the user, significantly improving the
ergonomics of the interface [37].

The main drawback of this approach, however, is the loss of precision incurred
in the velocity zones. Even with smoothly evolving velocity zones and hysteresis
around the boundary, it can be challenging for a user to achieve high precision
using a hybrid position-velocity haptic interface when working at the edge of the
master device workspace, thus not truly resolving the clutching issue. Finally,
the “automatic” motion of the system when the master device is immobile in a
velocity zone is a break from the master-slave paradigm, introducing an additional
risk factor.
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2.2.2 Ungrounded Haptic Master Interfaces

System
Name

Institute
Company Country Description Refs.

Carbon
Nanotube
Glove

National Institute
of Advanced

Industrial
Science and
Technology

Japan Master interface based on hand
tracking and hand gestures. [40]

CyberGlove
CyberTouch
CyberGrasp
CyberForce

CyberGlove
Systems LLC USA

Gloves for hand motion
tracking. CyberTouch includes
tactile feedback. Cybergrasp is

an exoskeleton glove with
grasping haptic feedback.

CyberForce is an exoskeleton
glove with grasping and

full-hand haptic feedback.

[41]
[42]

HaptX VR
Glove HaptX USA

Glove for hand motion
tracking. Includes haptic and

tactile feedback.
[43]

Manus VR
Glove Manus VR Netherlands Glove for hand motion tracking.

Includes vibration feedback. [44]

SteamVR HTC Taiwan
Untethered hand-held

controller used in the HTC Vive
virtual reality system.

[45]

Oculus Rift
Controller Oculus VR USA

Untethered hand-held
controller used in the Oculus

Rift virtual reality system
[46]

Table 2.3: Recent data glove and virtual reality system interfaces with potential
for surgical applications.

While the grounded robotic master interfaces presented in section 2.2.1 have
enjoyed widespread popularity for master-slave surgical robots, more recent hap-
tic technologies have emerged as strong alternatives. This includes technologies
applied to existing surgical robot systems, such as gamepads, and are also listed in
tables 2.1 and 2.2. Other technologies, summarized in table 2.3, present attractive
features for use in robotic surgery, but to our knowledge have not yet been tested
in non-simulation based surgical applications. These alternative haptic interfaces
are reviewed below.
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Joysticks and Gamepads

Joysticks and gamepads provide more lightweight, mobile alternatives to tradi-
tional grounded haptic interfaces. These haptic interfaces have a much smaller
footprint than grounded haptic interfaces, and can be moved around the operat-
ing theatre if necessary thanks to unobtrusive tethering or wireless capabilities.
While they can provide haptic feedback to the user, this feedback will typically
come in the form of vibrations as opposed to targeted forces. The Monarch Plat-
form from Auris Health, Inc. uses a gaming console-like controller illustrated
in Figure 2.4(a) to navigate its endoscopy system, while the MMS-II shown in
Figure 2.4(b) uses a dual-joystick system assembled from Megatron components
(Megatron Elektronik GmbH, Germany).

Due to their design, joysticks and gamepads typically use a velocity-based
control to generate commands for the robot. While this means they avoid clutch-
ing issues, it also does mean high positional precision can be harder to achieve
relative to robotic haptic devices. Due to decades of product-testing in the con-
sumer market, however, the ergonomics of these devices are well understood and
compensated for. The key drawback of these interfaces is that both hands are
usually required to operate a single joystick/controller, itself designed to control
a single device (e.g. left thumb controls the position while right thumb controls
the orientation). This prevents such interfaces from being used with systems that
require two or more instruments to be controlled simultaneously.

(a) (b)

Figure 2.4: Example joystick/gamepad controllers used in surgical robot systems.
(a) Monarch®, ©Auris Health Inc. (b) MMS-II ©2010 IEEE [16].
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Inertial and Vision-Based Haptic Interfaces

The emergence of virtual reality as a consumer product has precipitated the devel-
opment of haptic interfaces used to interact with those systems. Systems such as
the Oculus Rift and HTC Vive, illustrated in Figure 2.5, combine infrared tracking
with inertial sensors to provide accurate, drift-free tracking of haptic devices.

(a) (b)

Figure 2.5: Hand-held controllers tracked using inertial sensors and infrared cam-
eras. (a) Oculus Rift®system , ©Facebook Inc. (b) HTC Vive®, ©HTC.

While not as precise as robotic master devices, these devices offer a large
workspace and substantial freedom of movement to the surgeon. Their main draw-
backs are the requirement for a line of sight to the tracking cameras, and the lack
of capability for force feedback other than vibrations. Additionally, prolonged
surgeries would require an arm-rest support to prevent exhaustion.

Electromagnetic Haptic Interfaces

Unlike vision-based interfaces, electromagnetic (EM) trackers do not require line-
of-sight to their markers. EM markers are lightweight and their small dimensions
make them easy to integrate in hand-held devices, as illustrated in Figure 2.6. This
makes them an attractive alternative to vision-based haptic interfaces in crowded
operating theatres, where maintaining line of sights to visual trackers would be
challenging.

Like vision-based and inertial interfaces, EM haptic interfaces do not by de-
fault support the possibility for force feedback other than vibrations, and require
an arm-rest support for long procedures. Unlike vision-based and inertial inter-
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(a) (b) (c)

Figure 2.6: Example of an electromagnetically-tracked master device in the shape
of a hand-held gripper, using the Ascension trakStarTM system. (a) and (b): ren-
dering of the master device as used in [29] and [30]. (c): Master device used to
control a 6 DoF surgical instrument [47].

faces, however, EM interfaces typically have shorter workspaces and suffer from
distortions due to nearby metallic objects.

Data Gloves and Exoskeletons

Data gloves are not new, with models such as the CyberGlove (CyberGlove Sys-
tems LLC) having existed since the 1990s. However, they have experienced a
recent surge thanks to the growing popularity of virtual reality systems. Current
generations of data gloves are capable of precise finger tracking [40] and force
feedback [48], as well as tactile feedback for models such as the CyberTouch and
HaptX GloveTM. Figure 2.7 illustrates different data gloves and exoskeletons.

While exoskeleton interfaces such as the CyberGrasp may seem closer to
grounded robotic haptic interfaces than to wireless game controllers, they are clas-
sified here as ungrounded due to their wearable nature. In addition to the multiple
types of feedback available through these interfaces, one of their main advantages
is the capability to track individual fingers, allowing for more advanced modes of
interaction with the robotic system. A limitation of such systems is that the setup
time for the gloves can be non-negligible. Older models could require substantial
calibration procedures, prohibitive for use in surgery. However newer models and
the advent of consumer-ready products should improve this, as has been the case
for vision-based systems.
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(a) (b) (c)

Figure 2.7: Example of data gloves as control interfaces. (a) CyberGlove®used
to assess ergonomics in laparoscopic surgery, ©2010 IEEE [42]. (b)
CyberGrasp®tested haptic rendering in teleoperation applications, ©2013 IEEE
[48]. (c) CyberForce®used for measuring improvement in post-stroke rehabilita-
tion patients, ©2007 IEEE [49].

2.2.3 Gesture and Voice Controlled Interfaces

The precision and safety requirements of surgery make haptic master interfaces
particularly well suited to control robotic instruments. Current non-haptic inter-
faces rely purely on gaze tracking, visual tracking, voice recognition, or other
gesture recognition. Eye tracking techniques can be leveraged to great effect in
robotic surgery and are discussed separately in section 2.3.

Purely vision-based control interfaces offer similar advantages as hybrid inertial-
vision-based haptic interfaces presented in section 2.2.2, while allowing the user’s
hands to be free if the tracking allows it. In [32], a concentric tube system for en-
donasal surgery is controlled using a Leap Motion tracker. In [33], hand gestures
detected using a Microsoft Kinect are used to control both a robot and an aug-
mented reality display for percutaneous needle insertion. In [34], hand gestures
detected by a Microsoft Kinect, illustrated in Figure 2.8, are used to control a
robotic nurse.

The key limitation of pure vision-based master interfaces is accuracy. Unlike
in hybrid inertial/vision-based haptic interfaces where inertial sensors readings are
combined with visual tracking to provide precise position and orientation mea-
surements, any limitation in the visual tracking algorithm or obstruction of the
visual field will result in poor interface accuracy. A study conducted in [50] sim-
ulated a surgical positioning task comparing the Leap Motion and the Microsoft
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Figure 2.8: Hand gestures used to request surgical tools from a robotic assistant,
©IEEE 2013 [34].

Kinect. The reported conclusion is that, with an average accuracy of 6.2mm, nei-
ther system was sufficiently precise or robust over a workspace that would justify
their use over a robotic haptic master device. Note that systems relying purely
on detected gestures, such as [34], are more concerned with the gesture recog-
nition accuracy than with the tracking precision accuracy. While gesture-based
approaches are ideal for numerous high-level commands, they are ill-suited for
the real-time positional control of a surgical instrument due to their discrete na-
ture and the need for each gesture to be clearly, individually identified.

Other options include voice-controlled interfaces, such as for camera control
in the AESOP [13] and ViKY [36] systems. As with gesture-based approaches,
the key limitation of these interfaces is their limited capability for real-time in-
strument control. While suitable for occasional adjustments of the camera posi-
tion or angle, these methods are not adapted to the real-time control of a surgical
instrument, or fluid camera tracking. As shown in [51], this causes the surgeon
to experience a definite loss of comfort and time when relying on these voice-
controlled interfaces. Finally, a gesture-based interface using foot motions was
developed in [35] to provide continuous traction with a third arm equipped with
surgical forceps. While interesting, this approach suffers from the same limita-
tions as mentioned previously, as well as the fact that footpedals are already used
extensively in robotic systems.
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2.2.4 Hands-On Robots, Automated, and Semi-Automated
Interfaces

While master-slave systems make up a large portion of existing surgical robots,
numerous other systems exist that do not follow that paradigm. These can be
roughly classified between hands-on system, and automated or semi-automated
systems. Hands-on robots such as the Steady Hand [20] (Figure 2.9(a)) pro-
vide the user with a collaborative robotic interface that assists the motion. The
Acrobot surgical system [54] similarly allows a hands-on collaborative interface
through the use of virtual fixtures. These systems provide highly useful func-
tionality through collaborative interfaces. The main drawback of these hands-on
interfaces is that they are primarily aimed at open surgery procedures, offering
limited usefulness for laparoscopic approaches compared to master-slave systems
with articulated robotic instruments.

Automated and semi-automated systems such as the ROBODOC surgical sys-
tem [24] (Figure 2.9(b)) or the Cyberknife [26] also offer useful functionality, for
bone drilling and non-invasive radiation therapy respectively. While these systems
are highly interesting from a robotic point of view, their human-robot interfaces
mainly reduces to the software used to control their automated functionality. Even
though these types of interfaces are interesting in their own right, they are consid-
ered outside the scope of this work and thus not reviewed.

(a) (b)

Figure 2.9: (a) Steady-hand robot, ©2007 IEEE [52]. (b) ROBODOC surgical
system, ©2007 IEEE [53].
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2.2.5 Summary

Table 2.4 presents a qualitative summary of advantages and drawbacks of the prin-
cipal master-slave robot control interfaces reviewed.

Interface
Type Workspace Movement

in the OR Accuracy Expressiveness Force
Feedback Footprint

Haptic
Position - - 7 + + - 3 - -

Haptic
Joint + 7 + + + + + 3 - -

Haptic
Velocity + 7 + - 3 - -

EM
Tracking + + + + + 7 +

Visual
Tracking + + + + - - - 7 + +

Inertial &
Visual
Tracking

+ + + + + - 7 + +

Gestures + + - - - 7 +
Glove + + + + + 3* +
Exoskeleton - - - + + + + 3 - -
Joystick - - + + 3* +

Table 2.4: Summary of advantages and drawbacks of different master-slave con-
trol interfaces. The Gesture category summarizes visual and haptic gestures, as
well as verbal commands. *: limited force feedback capabilities.

2.3 Gaze-Contingent Interfaces in Surgery

The precision required to perform surgery makes haptic interfaces particularly
well suited for the control of robotic instruments. However, as discussed previ-
ously in section 2.2, haptic interfaces present ergonomic limitations, such as the
need to clutch due to workspace issues or to control the surgical camera. While
some solutions presented previously in section 2.2 have been brought forward to
alleviate these issues, such as velocity zones or voice control, these have shown
limited effectiveness in practice [51].

An alternative approach consists in tracking the user’s gaze to provide new
control solutions. Haptic or voice-based interfaces require purposeful, dedicated

27



(a) (b) (c)

Figure 2.10: (a) Tx300 monitor-mounted eye tracker, ©Tobii Technology. (b)
SMI Eye Tracking Glasses ©SensoMotoric Instruments (SMI). (c) Retro-fitted
eye tracker for the Da Vinci robot, ©IEEE 2015 [59].

actions to be taken by the user, such as hand motions or uttering vocal commands.
Interfaces using information extracted from natural eye behaviour, however, do
not require any explicit actions from the user. Natural gaze behaviour constantly
explores the visual field and focuses on areas of interest [55, 56]. This allows gaze-
contingent human-robot interfaces to infer useful information about the user’s in-
tention, and take advantage of that knowledge to direct the robotic system.

While intrusive eye tracking technology exists, such as using lenses [57], most
eye tracking systems used in practice rely on vision-based trackers. A typical ap-
proach consists in using infrared light to illuminate the eyes, generating reflections
on the boundaries of the lens and cornea. Images captured from this process, re-
ferred to as Purkinje images, can be processed to detect both the centre of the
pupil and the resulting glint. The corresponding vector can then be mapped to a
unique gaze direction [58, 59].

To obtain a high accuracy measurement of the user’s 2D gaze point on a spe-
cific surface, the eye tracking device must be calibrated to that surface. As such,
eye tracking systems in which the camera has a static and well calibrated posi-
tion relative to the display surface are able to yield much higher accuracy than
systems where these positions can change between uses. Example eye tracking
devices are shown in Figure 2.10. A common configuration is to rigidly mount
an eye tracker on a monitor, such as in Figure 2.10(a). The key advantage of this
configuration is the reliable calibration of the system, as well as the relative ease
of use of this medium in the operating room (OR). Additionally, comparatively
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larger eye trackers can be mounted under the monitor, allowing high framerate
and a large detection field for the surgeon’s eyes. Alternatively, miniaturised eye
trackers fitted inside glasses can be used, as illustrated in Figure 2.10(b). This ap-
proach allows eye tracking to be used in a completely portable fashion, removing
any restrictions on the users’ freedom of movement. However, the trade-off for
this portability is that the recovered 2D gaze point coordinates are with reference
to the image seen on the surface of the glasses. Since images cannot typically be
displayed on the surface of the glasses, this approach makes it much more chal-
lenging to get high-accuracy gaze information from an interactive display. As
a result, this approach is more suitable for applications such as assistive robots
[60, 61], where the user is expected to be mobile and eye tracking is used for pas-
sive information gathering. Lastly, eye trackers may be directly integrated within
the console of a robotic system. This approach has been presented with the Da
Vinci console, such as in [58] and [59] (illustrated in Figure 2.10(c)).

In medical applications outside of the operating theatre, assistive robots have
been substantially studied for both general patient-care applications [62, 63, 64]
and rehabilitation applications [65, 66, 67]. Additionally, with the popularisa-
tion of robotics over the last decade, assistive robot applications for domestic
tasks have also gained momentum. In these applications, eye tracking can pro-
vide valuable insights to improve the quality of the robotic assistance. This can
be achieved by factoring the user’s intention into the decision process, or by us-
ing gaze fixation to trigger assistance. In [60], a framework using eye tracking
to improve human-robot interaction in activities of daily living through assistive
robots is presented. When using stereo eye tracking, i.e. the tracking of both eyes
with two separate images, it is possible to find the 3D position of the focused ob-
ject by estimating the convergence point of both eyes. Often times an additional
non-linear calibration step is required to improve the accuracy of the mapping. In
[68], 3D gaze tracking with a neural network calibration is used to train assistive
robots by mimicking human visuomotor function for grasping tasks. The Free-
View system presented in [61] also uses 3D gaze tracking with a neural network
calibration, this time to trigger pre-trained pick and place tasks automatically, or
to directly control the robot’s end-effector.

Assistive robots for the operating room have also been studied. Preliminary
work for two gaze-contingent robotic assistant frameworks capable of identifying
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Figure 2.11: Smart operating room using eye tracking glasses and a Kinect sen-
sor to map the user’s gaze to 3D coordinates. A robot-mounted laser is used to
highlight the fixated spots. Reproduced from Springer open access [69].

surgeon interaction with elements of the operating room are presented in [70] and
[71]. A system presented in [69] introduces a novel way for the surgeon to inter-
act with the surgical staff. A laser-pointer mounted on a robotic arm is used to
project the surgeon’s gaze fixation point in 3D space, allowing the surgical staff
to visualise what the surgeon is interested in. The system, shown in Figure 2.11,
uses a Kinect sensor to co-register the scene with the SLAM-based 3D recon-
struction obtained using the camera mounted on the eye tracking glasses. While
these approaches all show interesting concepts, current work on gaze-contingent
assistive robots is still in large part in a preliminary stage, particularly regarding
applications in the operating room.

The following section offers a review of gaze-contingent methods specifically
applied to robotic surgery. Lastly, a case study of gaze-contingent laparoscopic
control from a co-authored publication is presented, to introduce important con-
cepts and motivations for the work presented in this thesis.

2.3.1 Gaze-Contingent Robot Control in Surgery

One of the most widely reported applications of gaze-contingent control in surgery
is for the control of the surgical camera. Laparoscopic cameras typically have a
limited field of view, and so must be frequently repositioned to allow for good vi-
sual coverage of the surgical scene. As such, it is difficult for a surgeon to perform
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a bimanual task without external assistance to move the camera. This task is usu-
ally performed by a surgical assistant via verbal communication. However studies
have shown that communication failures between the surgeon and the assistant
can be cognitively taxing as well as dangerous to the patient [72, 73].

Different means of active robotic camera control have been explored, such as
head-mounted tracking [74], verbal control [51], and manual control [75]. While
these systems allow the surgeon to keep both hands free they present a relatively
large footprint in an already crowded operating theatre, and require direct surgeon
control to function.

An attractive alternative is to use eye tracking data to control the movement of
the camera, typically by re-centring the camera around areas of interest. In [76]
an articulated mechatronic laparoscope is controlled using a joint-controlled gaze-
contingent method. This technique uses an eye-position based proportional con-
troller to move one robot joint at a time, as illustrated in Figure 2.12(a). However
this system does not provide task space control of the robot, and an approximate
joint mapping is used instead. An intention recognition scheme using a Support
Vector Machine (SVM) classifier to detect gaze commands from pupil tracking is
presented in [77]. This intention recognition scheme is then used along a prob-
abilistic neural network to control a robotic laparoscope [78, 79]. The approach
presented in [77] is interesting because it tries to classify gestures as intentional
or not by using a classifier directly from raw pupil tracking motion. However the
laparoscope control presented in [78], shown in Figure 2.12(b), is only capable of
motions between pre-defined points of interest. Similarly to [76], an approximate
joint mapping is used to translate the 2D gaze into motion commands. Addition-
ally, neither approach supports zooming functionality, i.e. the translation of the
camera along its optical axis, a crucial feature for surgery as noted in [78]. Fi-
nally, note that in [78] the entire robot sheath moves with the camera, including
the instruments. This would make it challenging to use in practice, as the instru-
ments would need to be clear from any anatomy before each motion.

An alternative approach for differentiating intentional gaze gestures is through
the detection of gaze fixations. A widespread approach to identify these fixations
is presented in [80], through a threshold dispersion technique. Methods to se-
lect the optimal threshold value are discussed in [81]. Another approach with
similar reported performance is reported in [82], instead using a two-step spa-
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Figure 2.12: Gaze-controlled surgical cameras: (a) Using joint control through
fixation-activated buttons, ©IEEE 2010 [76]. (b) Using joint control mapped from
2D fixations, reproduced from Springer open access [78].

tial dispersion threshold. Yet another approach is presented in a gaze-contingent
laparoscope control system using the CoBRASurge robot [83], illustrated in Fig-
ure 2.13(a). In the approach presented in [83], a fuzzy-logic inference engine is
used to infer the user’s intended destination. In an earlier approach, a dwell-time
gaze fixation method from [80] had been implemented with the same system [84].
While the authors reported improvements using their fuzzy-logic inference en-
gine, it should be noted that both iterations of their system controlled the robot
using whole trajectories sequentially, moving from gaze fixation to gaze fixation.
The discrete nature of these motions meant that the system relied on precise ar-
eas of interest to be detected, and relatively lengthy gaze fixation detection times
were used (median times of 1.367s with their fuzzy logic). These slow response
times and discrete motions tend to make for a frustrating system behaviour, par-
ticularly when undesired scope motions can be generated inadvertently if the user
temporarily focuses on a different area of the surgical scene.

The last laparoscope gaze-contingent control approach reviewed here is the
ARAMIS system, presented in [85]. This system uses custom eye tracking glasses
in conjunction with a custom stereo display equipped with infrared light emitting
diodes. The system, shown in Figure 2.13(b), uses a ceiling-mounted robot to
control the camera. A wide-angle scene camera facing towards the display is used
to track the user’s head position, and markers are used to register the display with
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Figure 2.13: (a) The CoBRASurge robotic laparoscope controlled using an S2 eye
tracker (Mirametrix Inc.), ©IEEE 2013 [84]. (b) The ARAMIS gaze-contingent
camera control system using eye tracking glasses, ©IEEE 2012 [85].

the camera. A velocity-based Cartesian control mode is used, which should result
in smoother and more intuitive robot motions than the other methods reviewed.
However the system makes no mention of any intention recognition scheme other
than for the identification of dwell-time gaze fixations, an important limitation in
the usability of the system. Additionally, as with all the other methods reviewed,
no zooming functionality is available.

While a large part of the literature on gaze-contingent applications in surgery
is focused on camera control, other applications have also shown promising re-
sults. In [88], a novel eye tracker calibration compensating for head motions is
introduced, and used to perform gaze-control of an ultrasound interface. In [58],
a custom-made binocular eye tracker is integrated inside a surgical console. The
3D gaze fixation points recovered allow for accurate depth reconstruction, and
subsequent motion stabilisation of the robotic system. In [86], a similar approach
is used to generate commands in 3D space from the user’s gaze fixations. These
commands are then used to direct a 4DoF robotic probe to target locations, as
shown in Figure 2.14(a). The same approach of generating 3D commands from
the users’ gaze fixations is used in [87] to generate virtual constraints. As illus-
trated in Figure 2.14(b), 3D gaze fixations are used to generate zones of active
constraints, preventing the surgical instruments to reach into these areas. Lastly,
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Figure 2.14: (a) Gaze-contingent control of a robotic probe using fixations as
3D setpoints, ©IEEE 2008 [86]. (b) Active constraints generated by the surgeon
through gaze fixations, reproduced with permission from Springer [87].

haptic guidance from 3D gaze fixations are also presented in [59], guiding the user
towards fixated targets.

2.3.2 Case Study: Gaze Gestures for Human Robot
Interaction in Laparoscopic Surgery

As described previously in section 2.3.1, existing gaze contingent camera sys-
tems only have a panning control of the laparoscope. The lack of zoom and tilt
control complicates effective navigation during surgery. The system proposed by
Noonan [76], for example, requires a foot-pedal which the user needs to press to
activate. The need to introduce additional hardware such as foot-pedals can lead
to instrument clutter in an already complex environment. Furthermore, existing
eye-controlled platforms often use dwell time on fixed regions to indicate a user’s
intention, which can be difficult to use in practice.

In order to overcome these problems, an alternative gaze contingent robotic
camera control system was initially proposed by Fujii in [89], where the camera
is activated via real-time gaze gestures rather than an external switch. Through
the use of multiple gestures, which are statistically learned and can map to spe-
cific camera control commands, the system is capable of different camera control
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modes such as panning, zooming, and tilting. The system also incorporates a
novel online calibration algorithm for the gaze tracker overcoming the need of an
explicit offline calibration procedure. The gaze gesture based human-computer in-
teraction method differs from previous gaze based interaction methods such as the
eye mouse [90], which uses dwell time to convey user intention of mouse click-
ing, or the Manual And Gaze Input Cascaded (MAGIC) pointing method [91],
which moves the cursor position in close proximity to the target location, but re-
lies on the user to convey their intention with a small manual cursor movement
and mouse click. The work presented here builds on the “Perceptual Docking”
paradigm introduced by [92], and extends initial work presented in [89]. The key
novelties of that work presented in this review are: i) the capability to pan, zoom,
and tilt the camera (rotation around the laparoscope’s longitudinal axis); and ii)
the ability to seamlessly switch between panning and zooming control by using
the distance from the user’s face to convey the intention to zoom in or out.

While this work is described in detail in [93], and as part of co-authored work
in [94], it provided strong insights motivating part of the work that follows in this
thesis. As such, and as a means of introducing key techniques related to gaze-
contingent control, the methods and limitations of that work are briefly reviewed
below.

Gaze Gesture Detection

Gaze gestures are based on fast eye movements, i.e. saccadic movements rather
than gaze fixations. They consist of a predefined sequence of eye movements.
Gaze gestures can be single-stroke [95, 96] or multi-stroke [97]. When the user
performs the intended unique sequence of saccadic eye movements, a specific
command is activated. Gaze gestures have previously been used in applications
such as eye typing [98], Human-Computer Interaction, mobile phone interaction
[99] and gaming [100].

The human eye is normally used for information gathering [55] rather than to
convey intention to control external devices. As such, the main challenge of using
gaze gestures is distinguishing natural gaze patterns from intentional gaze gestures
with high accuracy and precision. To this end, pattern recognition methods are
necessary to learn these gaze gestures. The system uses gaze gesture recognition
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(a) (b)

Figure 2.15: Illustration of the gaze gestures used to enable the (a) activate camera
mode; and (b) tilt camera mode. Picture from the co-authored publication [94].

based on Hidden Markov Model (HMM) to learn multiple input commands from
a surgeon in order to convey the desired camera control mode.

Two possible gaze gestures are introduced to control the camera: activate cam-
era (for pan and zoom) and tilt camera (for rotation). The activate camera gaze
gesture is illustrated in Figure 2.15(a). It is defined by the following three-stroke
sequence of eye movements: gaze at the centre of the screen, then to the bottom
right corner, then back to the centre, and finally back to the bottom right corner.
The tilt camera gaze gesture is similar to the activate camera gaze gesture but the
user is instead required to look at the bottom left corner of the screen, as shown
in Figure 2.15(b). Gaze gestures oriented towards the corner of the screen are
chosen to prevent obstruction of the camera view, minimise the amount of screen
space necessary, and reduce detection of involuntary gaze gestures. Text labels
were placed at the bottom left and right corners of the screen to indicate the mode
to be activated by performing a gaze gesture in that direction.

Once a gaze gesture is identified, the robotic arm is activated and the user is
able to control the laparoscope with his gaze. The user can also deactivate the gaze
contingent laparoscopic control via gaze gesture. It is composed of two processes:
a gaze gesture recognition process and a robot control process. The gaze gesture
recognition process analyses inbound gaze data and identifies whether a gesture
has been performed. The robot control process uses gaze data, i.e. where the user
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is looking at, to generate the robot trajectory. Finally, the user can stop the robotic
camera control by fixating the stop camera text present at the bottom left corner
of the screen during robotic control.

The gaze data generated by the eye tracker is first passed through a median
filter with a 150ms time window to reduce the noise inherent to eye data. The
filtered data is then used in a gesture segmentation algorithm. Since the proposed
gaze gestures consist of three fast eye movements, i.e., saccades, the gesture seg-
mentation algorithm was designed to detect three such sequential saccades. These
saccades are detected by searching for two sequential gaze data samples which
exceed a 300◦s−1 velocity threshold. In this context, the term “stroke” is also
used to describe a saccade. A velocity threshold saccade detection technique [80]
was implemented. Additional temporal constraints were added to ensure that the
gaze gestures were not excessively long (each gaze stroke was required to be less
than 750ms), allowing segmentation of continuous and user-intended gaze ges-
tures. This segmentation process outputs a stream of strokes which is analysed by
the gesture recognizer in a sliding window fashion.

The xy coordinates from the segmented trajectories of a potential gaze gesture
are then clustered using a pre-trained k-means algorithm. Each cluster’s symbol
number, centroid coordinates, and radius are used collectively to create a discrete
codebook that captures the relevant features of the gaze gestures, i.e. the xy co-
ordinates. Each potential gaze gesture sequence is encoded using the codebook,
where symbol numbers are assigned to each observation (xy coordinate) by using
the distance between the observation and the centroid of each cluster, provided
that it is within the defined radius. In order to recognise the segmented potential
gaze gestures, two left-to-right HMMs were used for each camera control acti-
vation mode. Unlike in [96], gaze patterns are not analysed just to identify the
nature of the gaze data, i.e. whether it constitutes a continuous motion, fixation
or a stroke, but to classify which kind of gesture is being performed. The acti-
vate camera gaze gesture is modelled by a first HMM and enables panning and
zooming control of the laparoscope. The tilt camera gaze gesture is modelled by
a second HMM and enables rotation around the laparoscope’s longitudinal axis.
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Interface Design

The camera is initially stationary while the system waits for a gaze gesture input
from the user. The user has the option to control the camera via activate camera or
tilt camera modes. The activate camera mode enables panning or zooming, and is
activated by a gaze gesture. Switching between panning and zooming is enabled
with a movement of the head forward or backward, as illustrated in Figure 2.16.
In the tilt camera mode, which is activated by a different gaze gesture, the system
allows the camera to rotate the view around the laparoscope’s longitudinal axis.

Figure 2.16: Illustration of the different types of control motions for the gaze-
gesture robotic laparoscope system. (a) Panning motion. (b) Zoom-in motion. (c)
Zoom-out motion. (d) Tilting motion. (e) Stopping motion by fixation of the left
hand corner for 750ms. Picture from the co-authored publication [94].

Upon activation of the activate camera mode, the distance of the user’s head
relative to the screen is saved as the original distance. The panning motion is
available in the activate camera mode as long as the distance from the user’s head
to the screen is within 5cm of the original distance. During this panning mode, the
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camera will pan following the vector direction from the screen center to the gaze
point. This vector is used to generate a target velocity for the robot, depending on
distant from the screen centre the gaze point is. The screen area is separated into
three radial speed regions as shown in Figure 2.16(a). Gazing within each region
moves the camera at a different velocity accordingly. If the surgeon’s gaze point
is within the central screen region, the camera remains stationary allowing for a
stable view whilst performing tasks. Otherwise, the camera moves at a velocity
of 16.9mms−1 and 23.3mms−1 respectively for the regions of medium and fast
velocities.

The zoom functionality is enabled during the activate camera mode when the
user moves their head by a distance greater than 5cm from the original distance.
The system will continuously zoom in if the user moved their head closer to the
screen, or continuously zoom out if the user moved their head away from the
screen, as illustrated in Figure 2.16(b) and 2.16(c) respectively. The zooming
motion continues until the user’s head comes back within 5cm of the original
distance. For reasons of safety and accuracy, simultaneous panning motions are
only allowed while zooming in, not when zooming out.

Upon activation of the tilt camera gaze gesture, the initial left and right eye
positions are recorded and the horizon going through the left and right eye is
calculated and stored as the base line. The horizon is continuously tracked by
updating the position of the left and right eye. The angle formed by the current
horizon and the base line is used to control the camera tilt. The camera can then
be tilted left or right by the user respectively tilting their head left or right by more
than ±15◦. Like in the zooming mode, the robot will continuously tilt the camera
in the direction indicated by the user’s head until the angle formed by the current
horizon and the base line becomes less than ±15◦.

Guidance text is overlaid onto the camera view, and the camera can also be
stopped by fixating the stop camera text at the bottom left hand corner of the
screen (Figure 2.16(e)). The stop camera command is identified by detecting
dwell-time gaze fixations of at least 750ms in that region of the screen. In order to
address the potential uncertainties when the eye tracker loses tracking of the user’s
eyes, a safety mechanism is introduced where the robotic system immediately
stops under lost gaze tracking circumstances. On re-detection of the user’s gaze,
the robotic laparoscope resumes with the same control mode as before the tracking

39



Figure 2.17: Operative workflow using the gaze-assisted robotic control. Picture
from the co-authored publication [94].

was lost. The operative workflow is illustrated in Figure 2.17, where a surgical
resident performs a lesion removal task on an upper gastrointestinal phantom.

Discussion

Validation of the system showed that HMMs are effective in recognising gaze ges-
tures and that user intention can be separated from unintentional eye movements,
providing a means to communicate with the robotic laparoscope. Additionally,
a comprehensive usability study demonstrated that once the group of surgeons
learnt how to use the system, they were able to perform a surgical navigation task
quicker, with a superior camera and instrument efficiency when compared to in-
structing a camera assistant or when using a pedal activated control scheme. Over-
all, this work demonstrated the potential of gaze contingent laparoscopic control
to allow the surgeon to rapidly execute a bimanual task without requiring a camera
assistant.

However, a number of important limitations can also be noted. The results
presented in [94] show that the Cartesian-space velocity-based control of the la-
paroscope was a substantial improvement over previous joint-space solutions such
as in [76]. Nonetheless, user feedback suggested that the discrete velocity zones
of the panning mode could feel unintuitive, generating rapid variations in robot
behaviour. Surgical feedback also included the desire to be able to manually tune
the speed of the robot, in order to achieve a pace they are comfortable with. As
such, providing a means to achieve different velocities in a safe manner could pos-
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itively impact the performance of a gaze-contingent laparoscope control scheme.
Additionally, the very nature of gaze gestures lends itself to criticism. Normal

human eye behaviour consists of using sight as an input, to explore and inves-
tigate the surrounding world. However, gaze gestures require the user’s eyes to
actively perform a combination of predefined movements, which can feel unnat-
ural and tiring. Gaze gestures require the surgeon to use their eyes as outputs,
similarly to pressing a button with a finger of their hand. This means that while
gaze gestures are successful at effectively creating a third hand, actioned with the
eyes and thus allowing the user to perform bimanual tasks, they come at the cost
of unnatural eye behaviour. A related issue is that using gaze gestures still creates
an interruption of the workflow since the user has to temporarily take their atten-
tion away from what they are doing to perform the desired gesture. Furthermore,
activating a gaze gesture while in a camera control mode can make the system
move in undesired ways. These factors are key in motivating an implicit approach
for gaze-contingent control, making use of the scene context where possible to
provide a seamless interface.

2.4 Visualisation Interfaces in Robotic Surgery

Visualisation interfaces play a crucial role in robotic surgery, relaying critical in-
formation about the surgical scene and information about each of the systems
used for the procedure. Similarly to robot control interfaces, visualisation inter-
faces cover a broad range of systems and methods. As the visualisation interfaces
developed in this thesis focus on context-aware augmented reality behaviour for
surgical navigation, we limit the scope of the following review to visualisation in-
terfaces related to intra-operative image guidance, particularly augmented reality.

2.4.1 Surgical Navigation Interfaces

Image-guided procedures are surgical procedures in which pre-operative and/or
intra-operative images are used to guide the surgeon as they move their instru-
ments through the patient anatomy. Similarly to using a Global Positioning Sys-
tem (GPS) while driving, image guidance can assist the surgeon by providing
both a roadmap for the procedure, and real-time guidance during the operation.
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This can be especially useful in surgical procedures with limited visibility such as
laparoscopy or endoscopy [101], or when dealing with highly delicate anatomy
[102]. In neurosurgery, image guidance allows surgeons to limit collateral dam-
age to brain tissue during the operation by guiding them efficiently to the operating
site. When performing tumour resection, surgical navigation can help the surgeon
observe small positive margins around the tumour, limiting unnecessary cutting
while still removing the entirety of the tumour.

Perhaps the most common way to visualise surgical navigation information is
through the use of tri-planar displays [104, 102, 103]. This technique, illustrated
in Figure 2.18, consists in showing where the end-effector of the tracked surgical
instrument is located relative to the imaging information available. Tri-planar dis-
plays are a natural evolution of medical image visualisation, as pre-operative im-

Figure 2.18: Intra-operative image guidance of a tracked instrument using a tri-
planar display. Reproduced with permission from Springer [103].

42



ages from Computed Tomography (CT) and Magnetic Resonance Imaging (MRI)
scans are typically visualised using 2D slices. Surgeons are thus well trained
to understand these displays, making them easy to integrate within the surgical
workflow. Figure 2.18(top left) shows the end effector of the tracked surgical in-
strument. The tri-planar display (Figure 2.18(top right, bottom left, bottom right))
shows the position of this instrument from three different orthogonal views.

The three-way-split 2D nature of the tri-planar displays presents some disad-
vantages as a visualisation interface. While surgeons are trained to understand the
2D views used in CT and MRI scans, this interface is not optimal for the display
of real-time 3D information. When viewing scans pre-operatively, surgeons will
scroll back and forth between the different parallel images of the scan along the
scanning direction, granting them a strong spatial understanding of the anatomy.
However, relying on a single set of three orthogonal planes is much less effective
to represent a 3D volume, leaving a large portion of the space effectively invisi-
ble. While it is possible for the surgeon to scroll through the pre-operative images
during the procedure, this further increases the disruption to the operation caused
by needing to look away from the operating site and check the three different
displays.

An alternative to tri-planar displays is to use interfaces that allow the surgeon
to directly visualise the 3D volume. Two main methods are used in surgery: vol-
ume rendering, and surface rendering. Volume rendering uses the CT or MRI
scans directly to create a 3D projection of the entire volume, using techniques
such as ray-tracing [105]. Transfer functions are used to specify the visualisation
properties of the volume, based on the properties of each voxel [106]. Figure
2.19(a) shows an example of volume rendering obtained from an abdominal scan.
A key advantage of volume rendering is that it allows the whole volume to be vi-
sualised directly from the scans, without requiring pre-processing. However, the
quality of the visualisation depends on the transfer function selected. Automatic
selection of transfer functions is still an active area of research, and so great care
must be taken to design an appropriate transfer function for the particular volume
to visualise [107]. Additionally, volume-rendering methods tend to be compu-
tationally expensive, with a significant trade-off between visualisation resolution
and rendering speed.

Surface rendering does not directly use the scanned dataset. Instead, meshes
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Figure 2.19: Comparison between volume rendering (a), and surface rendering
(b). The patient anatomy has been segmented for the surface rendering. Re-
produced with permission from the Hepatobiliary Surgery and Nutrition journal
[108].

consisting of geometric primitives such as triangles must first be segmented from
the dataset before being rendered. These meshes represent the boundaries be-
tween anatomical structures, such that each structure of interest will have a mesh
delineating its outline. The obvious drawback of this approach is the time re-
quired for the pre-processing step necessary to generate the meshes. However,
once complete, the surface rendering itself is much less computationally intensive
than volume rendering, and can be performed in real-time without compromises
on quality. Additionally, the required segmentation step allows for the clear de-
limitation of anatomical structures, useful to highlight precise tumour margins for
surgical navigation for example. Software methods also exist capable of facilitat-
ing and even partially automating the segmentation process [109]. Figure 2.19(b)
shows the surface rendering corresponding to Figure 2.19(a).

When used individually, such as in [110], both surface rendering and volume
rendering are forms of virtual reality. These techniques provide the surgeon with
a purely virtual environment in which they are able to visualise the 3D volume.
This still requires the surgeon to take their attention away from the surgical scene
to benefit from the image guidance. To overcome this issue, augmented reality
techniques can be used by merging the virtual environment with real-time images
from the surgical scene.
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2.4.2 Augmented Reality Display Interfaces in Surgery

Augmented reality consists in overlaying images from a virtual scene onto live
surgical images. The content of the virtual scene is used to provide surgical nav-
igation information to the surgeon, and can be obtained using surface or volume
rendering as described in section 2.4.1. Unlike in virtual reality, the information
is fully integrated into the current surgical view, effectively enhancing the surgi-
cal images with image guidance. For the virtual elements to be overlaid correctly
onto the surgical image, the position of the anatomy must be known relative to
the display camera point of view. Well-known registration and calibration pro-
cedures exist capable of yielding high accuracy for static environments, however
challenges arise when dealing with heavily deformable environments such as in
laparoscopy. This can be particularly problematic when relying on pre-operative
datasets for image guidance that are not updated throughout the procedure. Solv-
ing these registration issues is still an active field of research, but reliable solutions
such as intra-operative ultrasound or MRI do exist. For more information on reg-
istration techniques the interested reader is referred to [111, 112].

To use augmented reality, a suitable display interface capable of showing the
combination of virtual and real images must be used. These can be broken down
into two categories: opaque interfaces in which the virtual and real images are
merged through processing and displayed on an opaque surface, and transparent
interfaces in which the virtual and real images are optically merged using trans-
parency.

Opaque Interfaces

Like virtual reality, it is possible to display augmented reality on any screen or
monitor. Images acquired from the surgical scene can be merged with the virtual
images in software, and then displayed on a screen. While seemingly simple, this
solution offers several important advantages. Firstly, this method can work with
any system where the images from the surgical scene can be obtained digitally.
This makes it a suitable choice for displaying augmented reality in minimally
invasive surgery. Another advantage of opaque displays is that the software pro-
cessing of the real and virtual scenes can be leveraged to great effect to improve
the realism of the virtual elements shown with the augmented reality, as discussed
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(a) (b)

Figure 2.20: (a) Augmented reality display using a tablet, reproduced with per-
mission from Karger [113]. (b) Augmented reality display using an opaque head-
mounted display, ©IEEE 2009 [115].

in detail later in section 2.4.3.
The opaque nature of the display does not impose that a static screen be used.

Portable opaque displays such as tablets have proven to be an effective and popular
way to display augmented reality in surgery, due to their low-cost and small foot-
print. Although they introduce another source of registration errors, tablets and
smartphones can be used to simulate see-through displays by using augmented
reality with the video feed from their camera. In [113], a tablet-displayed aug-
mented reality system was used for navigation in neurosurgery, using the tablet’s
own camera. The system, shown in Figure 2.20(a), was trialled in both a pre-
clinical and clinical study with positive results. In [114], a visual SLAM approach
was used to provide marker-less augmented reality using a tablet, although the
reported accuracy of 5mm is not suitable for delicate applications such as neuro-
surgery.

Opaque head-mounted displays (HMD) such as displayed in Figure 2.20(b)
can also be used to display augmented reality. The recent introduction of HMDs
to the consumer market with gaming systems such as the HTC Vive and the Ocu-
lus Rift make them attractive options for surgery. Opaque HMDs can be used in
surgery with a head-mounted camera, such as in [115] and [116], or with a video
stream from another source such as a laparoscope. However, due to their head-
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Figure 2.21: Augmented reality interface using a projector to display the image
guidance information directly onto the patient. Reproduced with permission from
the Wiley Online Library [120].

mounted nature, the latter option may cause nausea if the laparoscope’s move-
ments do not match the surgeon’s head motions. Additionally, because opaque
HMDs completely occlude the surgeon’s sight they can feel quite restrictive for
the surgeon.

Transparent Interfaces

The overlay-driven nature of augmented reality lends itself well to display inter-
faces naturally able to exploit transparency. A first example of this is the injection
of virtual images through the optical eyepiece of a surgical microscope. This ap-
proach is particularly attractive in neurosurgery such as in [117, 118, 119], where
surgical microscopes are commonly used. Using a stereotactic frame to maintain
the patient’s head still, this approach makes it possible to achieve high accuracy
surgical navigation while using the same display interface as in non non-guided
procedures.

A very different approach consists in directly projecting the virtual images
onto the patient anatomy [120, 121, 122]. This approach, illustrated in Figure
2.21, allows the surgeon complete freedom of movement around the operating
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(a) (b) (c)

Figure 2.22: See-through head mounted displays. (a) Google GlassTM, reproduced
with permission from Elsevier [123]. (b-c) Microsoft HoloLensTM, reproduced
with permission from Springer [124].

room. Additionally, this approach allows all of the surgical staff to view the
augmented reality. The accurate projection of this augmented reality is highly
challenging, however, given that the display surface is the patient itself. While
normally changes to the anatomy during the procedure can cause a loss of reg-
istration accuracy, in a projection-based approach those changes will also affect
the surface on which the augmented reality is displayed. Accounting for these
changes requires accurate 3D reconstruction, which will introduce a new substan-
tial source of display error in the system. As such, projection approaches are
best suited to the initial stages of the procedure, such as the placement of surgical
trocars.

Similarly to opaque HMDs, transparent HMDs can be used to display aug-
mented reality. However, unlike the former, transparent HMDs do not require an
additional head-mounted camera to be used in the operating room, and do not
obstruct the surgeon’s sight other than for the partially opaque virtual elements
shown. Additionally, the recent development of novel transparent HMDs such
as Google GlassTM and the Microsoft HoloLensTM, have made this technology a
highly interesting candidate for displaying augmented reality in surgery. In [124],
the HoloLensTM was used to provide image guidance for navigation and dissec-
tion of pedunculated flaps during a preliminary reconstructive surgery case study,
as shown in Figure 2.22(b) and 2.22(c). In [125], the HoloLensTM was used to
provide guidance during endovascular phantom studies, showing the potential of
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Interface
Type

Display
Accuracy

Freedom of
Movement in

the OR

View
Obstruction

Suitability
for MIS

Requires
Tracking

Static Screen + + - + + + 7
Tablet - + + + + - 3
Opaque
HMD + + + + - - + + 2

Microscope
injection + - - - 7 7

Projection - - + + + + + 7 3
Transparent
HMD - + + + + - - 1 3

Table 2.5: Summary of advantages and drawbacks of different augmented reality
display interfaces. 1: can be used with an external MIS camera feed, but the
transparency is then only a drawback. 2: depends if used with a head-mounted
camera video-stream or not.

augmented reality to improve surgical workflow. The HoloLensTM was also used
in [126] as an alternative to expensive near infrared fluorescence augmented re-
ality systems. While Google GlassTM, shown in Figure 2.22(a), also presents a
transparent display for augmented reality, the location of that display in the top
right corner makes it difficult to use for surgical navigation. It is instead more
useful as a heads up display to show patient vitals or telementoring during surgery
[127, 123]. However, due to their transparent nature, HMDs are even less suited to
displaying augmented reality for minimally invasive surgery, as the natural trans-
parency of these interfaces is instead purely distracting.

Table 2.5 presents a qualitative summary of the advantages and drawbacks of
the opaque and transparent interfaces reviewed above.

Virtual Interfaces

The opaque and transparent interfaces mentioned previously categorize physical
interfaces used to display augmented reality. However, it is entirely possible to
simulate other display interfaces virtually. These virtual interfaces are not true
display interfaces, and still require the use of one of the interfaces mentioned pre-
viously, but can be used to generate useful effects. An example of this is display
of a virtual mirror in [115], illustrated in Figure 2.23(a). The system simulates a
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(a) (b)

Figure 2.23: (a) Virtual mirror used to provide additional viewing angles and
improve scene perception. ©IEEE 2009 [115]. (b) Augmented reality overlaying
2D ultrasound information, reproduced with permission from Springer [128].

virtual mirror attached to the extremity of a tracked rigid instrument, able to dis-
play the virtual anatomy from different angles. Another virtual interface is used
in [128] to display the 2D image from an ultrasound probe. As shown in Fig-
ure 2.23(b), the 2D image is displayed at the correct position under the tracked
probe, allowing the intra-operative image guidance from the ultrasound probe to
be displayed meaningfully in the surgical image.

2.4.3 Augmented Reality Perception Issues and Display
Choices in Surgery

The display interfaces presented previously in section 2.4.2 dictate the physical
manner in which the augmented reality can be displayed. However, even after
choosing a display interface and virtual elements to show, crucial design choices
still need to be made regarding how and when to display those elements. For a
large number of augmented reality systems in the literature, the virtual elements
are simply shown as a semi-transparent overlay on top of the surgical image. Fig-
ure 2.24 illustrates the resulting augmented reality obtained using this approach,
for two often cited systems found in the literature [129, 118].

While the virtual elements may in fact be positioned correctly on the surgical
image, it is immediately obvious that the virtual elements shown in Figure 2.24(a)
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Figure 2.24: Augmented reality overlays using only transparency to merge with
the scene. (a-b) DEX-Ray system, reproduced with permission from Neuro-
surgery [129]. (c) Augmented reality system for the treatment of cerebral arte-
riovenous malformations, reproduced with permission from Springer [118].

and (b) do not seem to belong to this surgical scene. One could argue that this is
due to the fact that the virtual elements use unrealistic colours, or are too opaque,
or even that the corresponding anatomy is not yet visible. However the fundamen-
tal issue with this visualisation is the lack of any visual cues allowing the user to
perceive the relative depth of elements in the scene. Augmented reality is sup-
posed to generate the illusion of see-through vision, and in this case the virtual
elements simply look like they were placed on top of the surgical image.

The augmented reality shown in Figure 2.24(c) appears much more convincing
around the main vein, the yellow texture reminiscent of fluoroscopy. However the
same visualisation problem occurs in the left side of the image. Interestingly,
while the authors report in [118] a well-functioning system, they conclude that
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the guidance from the augmented reality displayed for the feeder vessels was not
able to provide significant improvements.

In both of these cases the lack of visual cues regarding depth undermine the
guidance provided by the virtual overlays. The human brain is highly sensitive to
visual cues, capable of feats such as making windows with substantial glare appear
transparent. When faced with contradicting cues, however, the resulting view is
rejected, giving the impression of a “fake” image. Studies have shown that poor
depth perception in augmented reality results in poor performance of the image
guidance [130, 131], and as such finding appropriate methods for displaying depth
is paramount to successful augmented reality [132, 133]. In particular, some of
the most useful depth cues include occlusion, motion parallax, and shadows [134].

Figure 2.25 shows examples of augmented reality overlays making use of
depth cues to enhance the realism of the scene. Shadows are used in Figures
2.25(b) and (c) to give the illusion of the laparoscopic instrument interacting with
the virtual scene. Note how the trocar point in Figure 2.25(c) is rendered opaque
to obstruct the virtual scene. Another important element to assist with the realism
of the scene is the erasing of the real image to give way to the virtual scene. All
images from Figure 2.25 contain areas where the real image is almost completely
faded, showing instead the virtual scene. In Figures 2.25(a,b,c), smooth transition
zones are used, outlined with a red boundary in Figures 2.25(b) and (c). Likewise,
the faintly visible markers are made more opaque around the edges of the virtual
scene to highlight the transition around the see-through zone. In Figure 2.25(d),
the red boundary gives a sharp transition, emphasizing a “cutting” see-through
visualisation.

The fading of the real image in favour of the virtual scene highlights an im-
portant trade-off in augmented reality for surgery. Fading the real image is useful
to prevent a clash of depth cues between the real image and the virtual scene, and
allowing the user to better perceive the virtual elements. However, fading the real
image effectively hides part of the surgical scene from the surgeon, potentially
masking critical information such as uncontrolled bleeding.

A solution to lessen the strong trade-off made in favour of the virtual scene
in Figure 2.25 is to retain some of the features of the real image. A technique
proposed by [137] exploiting this concept is shown in Figure 2.26. In this inverse
realism, salient features from the real image are retained and displayed over the
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(a) (b)

(c) (d)

Figure 2.25: Augmented reality using depth clues such as occlusion, shadows,
and boundary highlighting. (a,b,c) Anatomic mimesis, ©IEEE 2007 [135]. (d)
Augmented reality system using volume rendering, reproduced with permission
from Annual Reviews [136].

virtual overlay. To fade the real image while highlighting the retained features,
the affected area is coloured. This approach allows the surgeon to keep track of
any changes in the tissue surface, while still benefiting from the image guidance.
Note that this colouring itself constitutes a new trade-off, preventing the surgeon
from differentiating colours underneath the augmented reality overlay.

Finally, the last key design consideration in augmented reality is the choice of
when to display it. The vast majority of existing systems in the literature do not
discuss this point, and the augmented reality is simply controlled with an on/off
switch. However, as highlighted previously, all augmented reality overlays neces-
sarily present some trade-off between image guidance and an unobstructed view
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(a) (b)

Figure 2.26: Augmented reality using distinct filtering and occlusion effects to
enhance depth perception. (a) The Inverse Realism non-photorealistic rendering,
reproduced with permission from Springer [137]. (b) Application in robotic par-
tial nephrectomy, reproduced with permission from Springer [138].

of the surgical scene. Studies conducted in [139] show that augmented reality
can have a blinding effect on users, highlighting the importance of not relying
entirely on manual toggling of the augmented reality. However, while context-
aware augmented reality has generated interest [140], relatively little work has
been conducted in that direction. A notable example is [141], where context-
aware augmented reality is achieved by detecting the current surgical phase.

The work related to visualisation interfaces presented in this thesis explores
context-based augmented reality behaviour, using gaze-contingent methods and
other context cues to infer user intention.

2.5 Conclusion

Surgical robots have improved drastically over the last decades, their growing
capabilities facilitating more precise and less invasive procedures. To relay the
capabilities of these systems to the user, appropriate human-robot interfaces are
required. Control interfaces such as master haptic devices boasting high accuracy
have been developed, allowing surgeons to benefit from robotic advantages while
retaining complete control of the surgery. Similarly, improvements in augmented
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reality have resulted in the development of realistic rendering methods and strong
perceptual insights.

However, for the most part advances in the development of human-robot inter-
faces have been slower than those made on the surgical robots themselves. While
new robotic systems push the boundaries of minimally invasive surgery, such as
the recently unveiled Da Vinci SP system, haptic master interfaces suffering from
similar limitations as those used two decades ago are still used. These include
workspace and ergonomic limitations resulting in the need for clutching, and the
lack of integrated solutions for the simultaneous control of more than two instru-
ments. Likewise, while augmented reality approaches are now better able to relay
depth, the same manual on/off display approaches are used, with demonstrated
risks of inattentional blindness.

Gaze-contingent approaches provide a set of potential solutions to alleviate
these issues. By tracking the user’s gaze, methods have been developed to provide
hands-free control of the laparoscope or generate haptic guidance of the surgical
instruments. However, most existing methods provide either incomplete solutions
for practical use, or rely on active gaze gestures in a way that does not constitute
natural gaze behaviour.

The work presented in this thesis takes advantage of eye tracking and other
scene context to develop implicit robot control and visualisation interfaces, capa-
ble of adapting their behaviour to match the situation. Implicit robot interfaces
are developed to provide seamless control of the surgical camera and additional
instruments. Master device workspace restrictions are also reduced by detecting
user intention during reaching motions and adapting system behaviour accord-
ingly, limiting the need for clutching. Lastly, new augmented reality methods
are developed for surgical navigation, implicitly adapting the augmented reality
display based on the scene context to provide improved image guidance, without
obstructing the surgical view.
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3

Gaze-Contingent Control for
Focussed Energy Delivery

3.1 Introduction

The advent of technology in the operating theatre over the last decades has en-
abled surgeons to perform increasingly dexterous and delicate operations. A clear
example of this is in laparoscopic surgery, where minimally invasive approaches
have replaced traditional open approaches as the gold standard for a number of
procedures, and have been shown to result in shorter recovery times and reduced
risks of infection [142]. However, these approaches are more technically challeng-
ing than traditional open surgery, due to the complexity involved in manipulating
tissue inside the body through trocar points. A key difficulty is the lack of direct
line of sight to the anatomy, requiring the surgeon to use a laparoscope. As nu-
merous laparoscopic tasks are bi-manual, i.e. they require the surgeon to use two
surgical instruments at the same time, the laparoscope must be handled by an as-
sistant. As a consequence of this, the quality of the laparoscopic vision provided
by the assistant is dependent on their communication with the surgeon. Since only
the surgeon knows precisely what they want to see at any given time, it is up to

Content from this chapter was published and is reproduced with permission from,
Intention recognition for gaze controlled robotic minimally invasive laser ablation. Gras

G., Yang, G-Z. In IEEE/RJS International Conference on Intelligent Robots and Systems 2016.
©2016 IEEE.
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them to relay those instructions to the assistant. The assistant may also use their
knowledge and understanding of the scene to predict what the surgeon wants to
visualise, but such predictions can be highly disruptive when they are incorrect
[143, 73].

Eye tracking technology has shown promising results for allowing hands-free
control of robotically-mounted cameras and tools. However, as discussed in sec-
tion 2.3, existing systems present only limited capabilities in allowing the full
range of camera motions in a safe, intuitive manner. These solutions typically
either have limited associated robotic control capabilities [76, 77], or lack an
interface capable of identifying desired interaction [85]. Importantly, the large
majority of existing interfaces do not support zooming of the camera along its
viewing axis, an essential requirement during surgery. An approach using gaze
gestures presented previously in section 2.3.2 ([94]) allows zooming capabilities.
However, while the control modes presented in section 2.3.2 exploit natural gaze
behaviour, the activation of the gaze gestures themselves requires the user to per-
form specific motion patterns with their gaze. As discussed in section 2.3.2, this
constitutes unnatural gaze behaviour and can feel both unintuitive and tiring. Ad-
ditionally, existing approaches for gaze-assisted control of surgical tools are prin-
cipally limited to haptic guidance using virtual constraints [87, 59].

This chapter presents a framework for the gaze-contingent control of both a
surgical camera and a focussed energy delivery system, in this case a laser. An
approach for implicit interaction between the surgeon and the gaze-controlled sys-
tem is developed, allowing activation, panning, and zooming of the camera, as
well as automatic targeting of the focussed energy delivery system. Only natural
gaze behaviour is utilized, without the need for artificial gestures. The proposed
framework is resistant to noise such as blinking, and safely allows the surgeon
to look away to talk to an assistant before resuming control of the system at any
point. Smooth velocity profiles and acceleration constraints are used to generate
an intuitive motion in Cartesian-space. Zooming of the camera and automatic
targeting of the surgical laser is performed implicitly by recovering scene depth
around areas of interest fixated by the surgeon. This is achieved by exploiting the
synergy between eye tracking and stereo reconstruction to allow accurate depth
estimation in a targeted manner around the areas of an interest. This is in contrast
to [58] and [86] in which 3D coordinates are obtained by assuming that the left
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and right eye pixel coordinates from binocular eye tracking represent valid feature
pairs. The proposed system uses this synergy to control the zoom of the camera
so that optimal camera-to-tissue viewing distance is maintained. Additionally,
this enables automatic re-targeting of the surgical laser towards the relevant areas,
speeding up the operative workflow. The calibration methodology developed to
achieve this with millimetre precision, without visual servoing, is also presented.
Finally a user study involving the entire framework is presented, validating the
usability of the system compared to a manually controlled robotic system.

3.2 Gaze-Contingent Laparoscope and Laser
Control

3.2.1 System Overview

Figure 3.1: System overview. (a) Robot 1 holding the stereoscope, (b) Robot 2
holding the laser diode, (c) Tobii X2-60, (d) View of the laser dot on the screen.

The presented system comprises a Tobii Pro X2-60 (Tobii Technology AB)
mounted on a LMD-3251MT medical-grade stereo monitor. This monitor relays
the video feed acquired by a stereoscope. Additionally, two Kuka iiwa (KUKA
Roboter GmbH) 7 degrees of freedom redundant robotic arms are used. The stere-
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oscope is rigidly mounted on the end effector of one of the robotic arms. In or-
der to simulate a surgical laser, a laser diode was placed inside a custom holder,
mounted onto a second Kuka iiwa, and controlled via an Arduino Teensy 3.2. A
picture of the complete system is shown in Figure 3.1. Note that the laser pointer
is kept off by default, as would be the case in a real system. The laser pointer can
be activated to simulate two different scenarios with a real system: 1) verifying
where the laser is going to fire using a low-power mode (or a real laser pointer),
and 2) firing the laser for tissue ablation. This section divides the eye tracking
framework into three parts: the interaction detection interface is presented first,
followed by the velocity planner used to direct the panning motion of the surgical
camera, and finally the use of the localised stereo reconstruction to perform the
automatic zooming motion and laser targeting.

3.2.2 Interaction Detection

The aim of the interaction detection is to understand whether or not the user is
trying to interface with the system, and to provide the safest and least frustrating
experience possible while interfacing with the system. Ideally the system should
feel completely transparent to the user: it should activate as soon as the user wants
to interact with it, disable safely if the user switches their attention away from
the system, and be robust enough to disregard minor natural nuisances such as
blinks or brief glances. While controlling the camera, the system should provide
enough speed to prevent frustration when the surgeon wants to navigate, without
sacrificing stability while performing a static task.

The interaction detection algorithm attempts to evaluate whether the user is
trying to interact with the system, and whether the eye tracking data is reliable
enough for robotic control. This question is processed using a state engine that
updates with every cycle of the eye tracker. A Tobii Pro X2-60 with an update
rate of 60 Hz is used to track the user’s eyes. Every update cycle, the algorithm
analyses multiple past sequences of eye data and settles in one of three possible
states: ON, OFF, and PAUSED. The camera controller is active in the ON state
and disabled in the OFF state. The PAUSED state is triggered when incoming
data is deemed unreliable enough for the system to determine whether the user
is still trying to interact with it or not, or whether the data quality is no longer
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Figure 3.2: Interaction detection state diagram.

sufficient for robotic control. In this state the camera controller is temporarily
suspended, without bringing the camera to a full stop, while the system waits
for more data cycles to choose the subsequent state. The state diagram of the
algorithm is displayed in Figure 3.2.

Circular buffers store all the raw data coming from the eye tracker for the last
three seconds, more than required by the processing. Every transition in the state
diagram requires the analysis of sequences of the stored data, to identify whether
or not specific criteria are met. At the beginning of every update cycle a series
of these checks is run, as shown in Figure 3.2. The results of these checks dic-
tate which state the system achieves at the end of the update cycle. The different
conditions and numerical values for the criteria are shown in Table 3.1. These
values were obtained and fine-tuned using results from over 20 participants, over
multiple iterations of the system. Each criterion possesses a tolerance threshold
and sequence length. In order for a criterion to be met, the samples within the
corresponding time-sequence have to satisfy the criterion’s condition within the
tolerance limit. For example, for the center hold criterion to met, no more than
15% of the samples from the previous 700 milliseconds should be outside a sphere
centred in the middle of the screen with a diameter of 0.2 in normalised coordi-
nates (normalised values range from 0 to 1 from one edge of the screen to the
other).

The system starts in the OFF state and is activated by looking at the centre of
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Center Hold Missing Noisy Out

Success
Condition

Gaze point inside
centred sphere of

normalised radius 0.2

Received samples
match expected

number of samples

Sample has
one or both
eyes visible

Gaze point is
within screen

margins

Threshold
Tolerance 15% 15% 22%

90%,
margins: 5%

Sequence
Length 700 ms 300 ms 300 ms 300 ms

Table 3.1: Criteria for the eye data analysis.

the screen. If the gaze is maintained in the center part of the screen long enough
to validate the center hold criterion, and the data connection is stable, the system
is activated. Once activated, the system verifies the stability of the eye data every
cycle. The first check, named missing, is to ensure that the connection with the eye
tracker is stable, and the received number of data points matches what is expected
based on the update frequency. In practice this check will only come into effect
when the tracking is experiencing critical difficulties. It should not occur even
when the user disengages from the system, and is only meant as a backup safety
to quickly deactivate the system without passing through the PAUSED state in
case something obstructs the eye tracker or the connection is lost. The next check
verifies the level of noise on the eye tracking data. This refers to data obtained
through a stable connection, but where the eyes are not found by the eye tracker.
In this work, the eye data was considered valid if even only one eye was found.
If the signal is considered noisy by failing the noise check, the system proceeds
to the PAUSED state. Finally, the last check analyses whether the user is looking
within the screen boundaries. A 5% hysteresis is allowed to accommodate for
tracking imprecision around the edges of the screen, as well as a large tolerance
limit. If either the noise or out check fails, the system moves to the PAUSED
state. In that state, all three checks missing, noise, and out are performed every
data cycle. If the system passes all checks before a certain time has elapsed, the
system switches back to the ON state. If the missing test is failed, or if the timer
expires, the system switches to the OFF state. The duration of the timer depends
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on the nature of the check that triggered the PAUSED state. If triggered by a failed
noise check, the pause timer is 500 milliseconds. In the case of a failed out check,
the timer is 300 milliseconds. The shorter value of the timer for the failed out
check is due to the high velocities that can be generated from eye data at the edges
of the screen, as explained in the following section.

The values presented here were manually optimised to reflect the intended
capabilities of the system. With a large portion of the screen available to start the
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Figure 3.3: Top: blue and red lines respectively represent whether the left and
right eye are visible (value of 1) or not (value of 0). Background colors represent
the state of the sytem: red = OFF, yellow = PAUSED, green = ON. Center: blue
and red lines represent the normalized X and Y screen coordinates of the average
gaze point (averaged between the left and right eyes, on-screen values are between
0 and 1, with 0.5 being the center of the screen). Background color represent
whether the user is looking inside the screen limits, white: within limits / Out
check succeeded; blue: outside limits / Out check failed. Bottom: blue and red
lines same as center figure. Magenta line shows if either one of the two eyes is
detected (values same as top figure). Background colors same as top figure.
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control, the system is easily activated by looking approximately at the center of the
screen for just over half a second. In the event that the system is unintentionally
activated, the noise and boundary checks will trigger a pause of the system within
a few hundred milliseconds. Examples of the system behaviour in response to eye
tracking signals are shown in Figure 3.3.

3.2.3 Panning Velocity Control

The interaction detection presented above allows the system to evaluate how the
user wants to interact with the system. However, in order for the system to be
functional a strategy needs to be developed to control the motion of the laparo-
scope. A remote centre of motion (RCM) was implemented to force the stereo-
scope to respect the trocar position. The subsequent panning motion around the
RCM was implemented using an angular velocity controller, as illustrated in Fig-
ure 3.4. Practical considerations regarding the implementation of the RCM related
to the panning and zooming functionality are further discussed in section 3.3.2.

When the system is enabled (ON state), the eye data is used to generate two-
dimensional vectors. The centre portion of the image is a zero velocity zone,
any points within this zone will only slow down the camera. Points outside of

(a) (b)

Figure 3.4: Illustration of the RCM constraint. (a) Representation of the RCM
constraint around the trocar (centre). The red dot represents the initial scope posi-
tion. (b) Representation of the range of motion of the scope around a fixed RCM.
The colour gradient indicates the magnitude of the angle of rotation away from
the initial position (illustrated by the red dot).

63



this zone will generate a vector as shown in Figure 3.5. The resulting vector
is normalized according to screen dimensions, and scaled proportionally to the
maximum allowable angular speed as shown in equation 3.1:

V2D =

{
Vamax .

[
1√

2(0.5−R)
.
(
Vt −R. Vt

‖Vt‖

)]α
, if ‖Vt‖ ≥ R

0 , else
, (3.1)

where Vt is the gaze vector expressed in centred normalized screen coordinates
(values ranging from -0.5 to 0.5, where 0 is the centre of the screen), R is the ra-
dius of the zero velocity zone in the same coordinates, and Vamax is the maximum
reachable angular velocity. An additional scaling parameter α = 0.5 is introduced
to more rapidly increase the angular velocity away from the zero velocity zone.
The resulting angular velocity fields are illustrated in Figure 3.6. The end result
is transformed to a rotation vector with non-zero components along the camera
X(pitch) and Y(yaw) axis. This rotation vector is then set as the desired veloc-
ity for an acceleration-constrained 3 degree of freedom velocity planner. Every
control cycle of the robotic arm, the current rotation vector is obtained from the

Figure 3.5: Generation of velocity vectors based on eye data. The blue ellipse
illustrates the boundaries of an example zero velocity zone. The red arrow repre-
sents the two-dimensional vector used to generate desired angular velocities. The
overlaid heatmap shows typical eye motions in this direction.
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(a) (b)

Figure 3.6: Visualisation of the velocity field in (a) standard screen coordinates,
and (b) in normalized screen coordinates.

velocity planner and used to update the robot position and orientation.
This approach presents several advantages compared to [76] and [89]. The

use of task space velocity control offers more intuitive movements than those
of a joint by joint position control based on image quadrants. However, unlike
in [89] no discrete velocity zones are used, allowing for continuous transitions
between desired velocities. The capacity to enforce desired angular accelerations
also further increases the controllability of the system, such as by allowing faster
braking when the system enters the OFF state.

Coupled with the interaction detection presented in section 3.2.2, the velocity
planner offers an intuitive and robust platform for the control of the stereoscope.
Due to the generation of angular velocity and acceleration profiles, unintentional
system activation will typically not result in any perceptible movement before the
system pauses the control.

3.2.4 Gaze-Centric Stereo Reconstruction

In this paper, eye tracking is combined with stereo reconstruction to transform
two-dimensional screen coordinates into corresponding 3 dimensional robot base
coordinates. The proposed system uses the stereo reconstruction described in
[144]. While the running time of this algorithm is typically over five seconds for
high definition images, the input image size can be considerably reduced by con-
sidering only the area surrounding the gaze fixation point. Combined with image
scaling, this allows the system to run the targeted stereo reconstruction algorithm
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at 500 ms per frame. This update rate is largely sufficient for the requirements of
the proposed system, as the robot planning allows for smooth, non-jerky move-
ments.

The information obtained from the stereo reconstruction is used to update a
proportional controller adapting the translation of the scope along its optical axis
(zoom). In the proposed system the controller tried to maintain a tissue-to-camera
viewing distance of 60 millimetres. This distance was chosen based on the focal
length set on the calibrated stereoscope during the studies.

3.2.5 Interface Design

Using the interaction detection and velocity planning presented previously, a user
is able to operate the system completely hands free. As mentioned in section 3.2.2,
the system is activated by briefly fixating the zero velocity zone in the centre of
the screen. The user receives visual feedback of the activation via the display of a
green circle in the centre of the screen, shown in Figure 3.7(a). This circle fades
away over a duration of 800 ms. Likewise, deactivation of the system is signalled
with a red fading circle, shown in Figure 3.7(b).

3.3 Control and Calibration of System Components

This section covers key practical considerations necessary to obtain a high-accuracy,
well calibrated robotic system capable of operating in a realistic scenario. While
some of these considerations are well known to the robotics community, such as
camera calibration and RCM implementation, others are often much less present
in the literature or have required noteworthy modifications for the applications
considered. Additionally, some of the techniques presented below are used re-
peatedly throughout the work presented in this thesis, and introducing them here
allows the introduction of key notation. As such, the sections below cover cali-
bration and control considerations of particular interest, and redirect to the corre-
sponding literature otherwise.
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(a)

(b)

Figure 3.7: Example activation (a), and deactivation (b) of the system. The circle
fades over 800 ms, indicating the system status.
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3.3.1 Calibration of Robotic Arms

The two robotic arms are mounted on optical tables screwed to each other, and
so their bases are considered statically linked. The setup is illustrated in Figure
3.8. Let TA1 be the homogeneous transformation from the robot base to the end
effector for the first robot at a sampling time t1, TB1 for the second robot, and TA2

and TB2 their respective transformations at a later sampling time t2. X1 and X2 are
the homogeneous transformations from the end effector of the first robot to the end
effector of the second robot at sampling time t1 and t2 respectively. Finally, L is
the unknown homogeneous transformation from the first robot base to the second
robot base. Note that the standard notation for homogeneous transformations used
in this thesis is of the form F1HF2 , such that PF1 = F1HF2 .PF2 , where PF1 and PF2

represent the coordinates of a 3D point P within the reference frame F1 and F2

respectively. F1HF2 is represented graphically with an arrow pointing from F1 to
F2. However, when the notation can be shortened without loss of clarity, e.g.
when those transformations are listed explicitly on a figure such as in Figure 3.8,
then the shortened notations will be used for clarity. Vectors are written in bold.

Figure 3.8: Setup for the calibration of the robotic arms.
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In order to determine L, an additional source of information must be provided
linking the two robot bases. One approach consists in rigidly linking the robot
end-effectors together such that X1 = X2 = X . In this work, this was done by
screwing both of the end effectors rigidly to a metal board. The robots are then
placed into a compliant mode and moved to cover as much of the workspace as
possible, recording multiple pairs ofA andB for each relative motion. For a given
pair of positions, such as illustrated in Figure 3.8, it is then possible to write:

A.X = X.B, (3.2)

which is the standard formulation of the hand-eye calibration problem. Many
methods have been developed to solve this equation in a robotic context. Some
approaches such as [145] and [146] opt to solve the rotation and translation parts
separately, while others such as [147] solve both simultaneously. In this work,
a dual-quaternion hand-eye calibration method combining advantages from both
of these approaches was implemented based on [148], ideal for this application.
By solving for X using the hand eye calibration method mentioned, we can then
solve for L in each of the previous measurements:

L = TA1.X.TB1
−1. (3.3)

Multiple different measurements of L can then be combined to minimize the over-
all error. The proposed system was calibrated with over 4000 measurements, and
resulted in an RMS error of under 0.2mm. The approach of rigidly linking the
robot end-effectors is effective and highly accurate, however it does impose phys-
ical restrictions on the position of the robots relative to each other. Additionally,
care must be taken to keep the robots well outside of any potential singularities,
as abrupt motions from one of the robots could potentially damage both. An alter-
native approach would be to rigidly affix a remotely tracked marker on both robot
end effectors. Each robot arm can then be calibrated individually using the same
procedure as mentioned previously, except this time the resulting transformation
is the one between each of the robot bases and the tracker’s frame of reference.
Once these transformations are known, it is trivial to find the transformation be-
tween the two robot bases. This approach, however, is more lengthy, requires
additional hardware, and introduces additional sources of errors.
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3.3.2 Camera Calibration and Remote Centre of Motion
Considerations

In order to transform the desired panning motions from the camera frame to the
robot frame, the static transformation from the robot end effector to the cam-
era frame must be determined. This is illustrated in Figure 3.9. Additionally,
the camera intrinsic properties must obtained to perform the stereo reconstruction
necessary for the zooming functionality.

The stereoscope was calibrated using standard camera calibration techniques
through the OpenCV library [149], yielding a root mean square (RMS) reprojec-
tion error of under 0.2 pixels. The same dual-quaternion method implemented in
section 3.3.1 was used to find the transformation between the camera frame of
reference and the robot base frame. The RMS error for the hand-eye calibration
was sub-millimetre. To keep the transformation KTC constant throughout the use
of the system, the scope was rigidly mounted on the robot end effector, and any
degrees of freedom of the scope were constrained (some scopes have a flexible
end).

Figure 3.9: Stereoscope rigidly affixed on a robot end effector. The hand-eye
transformation KTC connects the robot end effector frame K with the camera
frame C.
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A few practical considerations related to the RCM can be noted here. Let BTK

be the transformation from the robot baseB to the robot end effector frameK. Let
also KV trocar be the trocar position of the robot end effector frame at initialization.
Let the rotation and translation of a homogeneous transformation follow the same
writing convention as the homogeneous transformation. The transformation from
the robot base to its end effector at initialization can then be expressed as

BTKi
=
[
BRKi

, BV Ki

]
.

The position of the RCM in the base frame is BV RCM = BTKi
× KV trocar.

For a given change in the desired camera orientation generated by the gaze con-
troller CRdesired, described in section 3.2.3, the new robot end effector orientation
BRKnew is expressed below:

BRKnew .
KRC = BRKi

.KRC.
CRdesired, (3.4)

BRKnew = BRKi
.KRC.

CRdesired.
KRC

−1
. (3.5)

To keep the same point of the laparoscope precisely at the RCM, the new robot
end effector position BV Knew is expressed as:

BRKnew .
KV trocar + BV Knew = BV RCM , (3.6)

BV Knew = BV RCM − BRKnew .
KV trocar. (3.7)

The translation along the shaft the scope, respecting the RCM, can be expressed by
replacing KV trocar by KV trocar+α.

KV ShaftDir in equation 3.7, where KV ShaftDir

is the constant normalised vector indicating the direction of the shaft in the end
effector frame of reference, α ∈ IR. However, the direction of translation required
to perform the zooming motion, also expressed in the end effector frame of refer-
ence, is KRC.

CV SightDir, where CV SightDir is the normalised vector orthogonal to
the camera plane in the camera frame of reference. This important consideration
means that, while it is always possible to translate along the shaft of the scope,
this translation will only result in a pure translation along the viewing axis if and
only if KV ShaftDir = KRC.

CV SightDir.
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Figure 3.10: Example eye tracking calibration pattern.

3.3.3 Eye Tracker Calibration

Commercial eye trackers such as the one used in this work are prone to user-
specific errors in gaze tracking. As such these products typically require an ad-
ditional calibration procedure to be performed by users prior to working with the
eye tracker. In this thesis, a thin plate spline (TPS) approach is used to compensate
these errors. The TPS method presented in this work effectively replaces the com-
mercially provided additional calibration procedure with one of our own. Further
details on how the TPS is implemented as a mapping function can be found in ap-
pendix A. Additionally, a study quantifying calibration drift over time is detailed
in appendix B.

The calibration procedure consists in the user looking at a series of points
shown sequentially on the screen. These points are chosen so as to cover the areas
of interest of the screen, such as shown in Figure 3.10. As mentioned previously,
normal gaze behaviour consists in using the eyes to observe, not to fixate arbitrary
points. This is apparent even in this simple task, as users will find the calibration
procedure tiring if done several times in a row. To alleviate this issue, the yellow
part of the points was made to pulsate. Although not quantified, that small amount
of motion seemed to help users focus better on the task, and generated positive
feedback.
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3.3.4 Laser Calibration

The complete system was first tested by firing the laser held by the second robot at
a 3D reconstructed point obtained from the stereoscope held by the first robot. It
was initially thought that the laser could be assumed to fire straight along the end
effector direction of the robotic arm. However, this assumption quickly proved to
lead to a significant loss of accuracy when the laser was fired at a distance further
than a few centimetres. This was due to imperfections in the laser manufacture,
as well as in the mount holding the laser diode. As such, a method was designed
to compensate for the fact that the laser did not fire precisely along the Z axis
of the robot end effector. Figure 3.11 shows the setup used to calibrate the laser
direction.

The calibration of the laser direction is a two step process. The initial step
consists of calibrating a pointed tool attached to the second robot’s end effector
(Figure 3.11b) to find the coordinates of the pivot point in the base frame of the
robot (Figure 3.11a). The second step consists of mounting the laser on the second
robot and manually aligning it with the pivot point in multiple different poses. Let
BTK be the transformation from the robot base to the robot end effector at sampling
time t, KTL the transformation from the robot end effector to the tip of the laser
diode, BP the position of the pivot point in the robot base frame, and V t the
translation from the laser tip to BP . It then follows that:

V t = KTL
−1
.BTK

−1
.BP . (3.8)

The firing direction of the laser is then obtained by normalizing V t and averag-
ing it over multiple measurements. While taking into account the laser direction
substantially improved the accuracy of the system, a remaining error of up to 5
millimetres in worst cases persisted. It was hypothesized that this error was due
to the accumulation of calibration errors spread throughout the system. Indeed,
while all individual calibration errors were kept low, the full kinematic chain of
the system involved a total of six possible sources of error, not counting the robot
encoders:

• The calibration of the stereo camera.

• The stereo reconstruction.
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Figure 3.11: Laser calibration setup. (a) Pivot point for the tool and the laser, (b)
Pivoting tool used to determine the base frame coordinates of the pivot point.

• The camera to robot 1 end effector hand-eye calibration.

• The robot 1 base frame to robot 2 base frame calibration.

• The laser mount hand-eye calibration.

• The laser beam direction.

3.3.5 Error Minimization

One final calibration step was performed to attempt to model the residual error
on the entire system. The same asymmetric circles calibration grid used for the
camera calibration was placed in a fixed position. The circles were identified,
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triangulated, and their 3D coordinates brought into the base frame of the robot 2
using the stereoscope. Following this, the 3D coordinates of the points in the cal-
ibration grid were determined separately using the second robot holding the laser
laser. This was performed by first aiming the laser at each of the four corners of
the grid. Multiple measurements were made for every point, each resulting in the
equation of a 3D line containing that point. The coordinates of each corner point
on the calibration grid were then obtained by solving for the point of minimum
distance between all of the corresponding lines. Figure 3.12 shows a picture of
this compensation step.

Due to the manual adjustment of the laser on the points as well as the size of
the laser dot itself, the laser pivot calibration can present submillimetre inaccura-
cies. The quality of these measurements were further improved by spreading the
measurement error evenly across the four points. This was achieved by first find-
ing the centre point P c of the four points and then computing the vectors V 1, V 2,
V 3 and V 4 from the P c to each of the four corners. Figure 3.13 illustrates this
process. The vectors V x and V y along the directions of the grid are then found by
summing up the corner vectors as follows:

V x =
V 3 + V 4 − V 1 − V 2

2
,V y =

V 3 + V 2 − V 1 − V 4

2
, (3.9)

From there, 3D coordinates of all the points in the calibration grid in the robot 2
base frame can be rebuilt using P c, V x and V y. The outcome of the previous se-
quence is two sets of points supposed to represent the same values. Using singular
value decomposition, the transformation Terror can be computed that minimizes
the difference between the two sets of points. Applying this transformation matrix
to the system resulted in bringing the error of the entire system down to below two
millimetres. This was a critical threshold to reach as the limiting accuracy factor
was no longer the system, but the eye tracking values.
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Figure 3.12: Error compensation by projection of the laser on the calibration grid.
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Figure 3.13: Minimisation of the measurement error through reconstruction of the
ideally spaced grid points.

3.4 System Evaluation

3.4.1 User Study Protocol

In order to evaluate the system, an experiment was designed in which participants
had to control both the stereoscope and the laser to mark four target points spread
out in a phantom model at varying heights. The purpose of this study was to assess
the usability of the system by determining whether it presented any improvements
in terms of speed and ease of use over a manually controlled system. Participants
had to bring each target point within the centre of the field of view of the stereo-
scope, and position the laser on top of the point. The task was performed twice
for each participant, once with the eye-controlled system and once with manual
control over the robotic system. The order of the tasks was randomized between
participants. Manual control of the system was performed via keyboard input.

In the manual mode, arrow keys and the number pad of the keyboard were
used to control the laser position and the stereoscope position respectively. The
movement of the stereoscope controlled by the arrow keys was the panning mo-
tion around the RCM. Participants could ask to zoom in and out. In the event that
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participants achieved a tissue-to-camera distance of over 90 millimetres the sys-
tem was zoomed in for them to prevent unrealistically high rotation angles around
the RCM. For the eye-controlled mode participants would perform an eye tracking
calibration prior to the task. During the task they would fixate each target point
until they felt they had reached a stable position, at which point they would acti-
vate the laser. If the laser was on target, the participants were free to continue to
the next target. Otherwise the eye control would be paused and the user would ad-
just the laser on the target manually. Figure 3.14 displays images obtained during
the experiments, with the laser activation on target after the automatic targeting.

(a) (b)

Figure 3.14: Pictures of the system in action: (a) automatic laser targeting and (b)
automatic zooming of the laparoscope, based on the gaze-targeted stereo recon-
struction.
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Participants were shown all the target points and trained once with each con-
trol mode before the experiment. Lastly, participants were made aware that they
should attempt to minimize the amount of time the laser was on if possible. In a
real case a laser pointer could be used to indicate where the laser is going to fire,
but it would still be distracting for the surgeon to have to constantly keep the laser
pointer on. A total of 8 non-clinical participants, 5 male and 3 female, took part
in the study. The different metrics considered were:

• The relative time taken to reach each target point.

• The task completion time.

• The total time with the laser activated.

• The tissue-to-camera distance.

• In eye control mode, the amount of time the system had to be disabled to
manually adjust the laser.

3.4.2 Results

The results of the experiment for the core metrics are displayed in Figures 3.15
and 3.16. These boxplots compare the performance of the manually controlled
system against the gaze-controlled one. Additionally, numerical values for the
mean, median, and statistical significance of these metrics are listed in Table 3.2.

The time required to reach each point from the previous one is displayed in
Figure 3.15. As can be seen, these times show a significant improvement for
every point other than the last one. This can be explained by the fact that the two
last points were close to each other such that it required only minimal movement
from the stereoscope and the laser to reach it. Although the median times for the
last point show a large improvement in favour of the gaze-controlled system, the
mean and quartiles shown in figure 3.15 highlight that participants experienced
varying levels of improvement over the manually controlled system for such close
points. Averaged over all four points the median time improvement is 53.9%.

Figure 3.16 shows boxplot results for the three other core metrics: task com-
pletion time, total laser activation time, and average tissue-camera distance. The
overall task time shows a clear improvement in usability with a 52.92% reduction
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Figure 3.15: Experimental results: Time to reach each target point from the pre-
vious one.

of median task completion times for the gaze-controlled system relative to the
manually controlled system. Unsurprisingly, the total laser activation time shows
a significant 90.6% median reduction for the gaze-controlled system relative to
the manually controlled system, as it was difficult for participants to assess where
the laser target position without visual feedback.

The tissue-to-camera distances show a 20.15% median reduction for the gaze-
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Figure 3.16: Experimental results: Total task time, total laser activation time, and
tissue-to-camera distance.
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Mean Median p-value
Manual Gaze Manual Gaze

Time to point 1 (s) 18.97 7.86 16.05 7.80 1.55× 10−4

Time to point 2 (s) 37.96 18.91 39.54 19.39 6.21× 10−4

Time to point 3 (s) 42.65 20.43 43.05 17.47 2.95× 10−3

Time to point 4 (s) 21.53 15.83 23.23 10.75 0.131

Total task time (s) 121.1 63.03 122.4 57.63 6.21 × 10−6

Total laser use (s) 99.23 13.20 93.95 8.82 1.55× 10−4

Camera-tissue
distance (mm) 76.70 62.29 77.03 61.51 1.55× 10−4

Table 3.2: Mean, median, and statistical significance results from the laser abla-
tion study.

controlled system relative to the manually controlled system. Importantly, this
highlights that the stereo-guided zoom controller is capable of stabilizing the
system around the desired 60 millimetres camera-tissue distance, with a median
camera-tissue distance of 61.51mm using the gaze-controlled system. In the man-
ual mode, however, the median tissue-camera distance of 77.03mm represented a
28.38% increase over the desired 60mm distance, causing a slight loss of image
focus and increasing the difficulty to visualise the target points properly. Note
that, while participants were advised to retain the same camera-tissue distance
for their own sake when using the manual system, this was not a strict require-
ment. Lastly, the mean time across all participants that the eye controller had to
be turned off to manually position the laser dot on the target was 2.87 seconds.
This time, associated with a positional error of the laser, represents less than 5%
of the median task time for the gaze-controlled approach. As most users did not
resort to using the manual mode when using the gaze-controlled system, this error
can be mostly attributed to the quality of the eye tracking calibration prior to the
experiment.
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3.5 Discussion and Conclusion

This chapter proposes a novel gaze-contingent control framework for focussed
energy delivery. Using only natural gaze behaviour, the proposed system can be
activated and de-activated implicitly without relying on artificial gestures. Fur-
thermore, the system is robust to noise, can recover from brief interruptions, and
possesses redundant layers of built-in safety to prevent it from unintentionally
moving in an uncontrolled manner. The proposed system exploits the synergy be-
tween eye tracking and stereo reconstruction to perform accurate 3D gaze tracking
in real-time. This enables the use of an automated zoom functionality for the sur-
gical camera, and automatic targeting of the focussed energy delivery system us-
ing detailed calibration techniques. Finally, a user study is conducted to evaluate
the usefulness of the presented approach.

Results from the study show a clear improvement in task execution times.
By taking advantage of the gaze-contingent control, users were able to effort-
lessly drive the robotic system to the desired locations and reposition the laser
accordingly. The automatic repositioning of the laser further helped reduce the
time necessary to complete the task, as the high calibration accuracy of the sys-
tem meant that users rarely had to re-adjust the laser pointer manually. Although
not quantified, user feedback was also highly positive as the task is simply much
quicker to perform using the gaze-controlled system. A criticism can be made
regarding the choice of the manual interface. For example, instead of a keyboard,
a gamepad could have been used for example. However, the use of a gamepad
would have introduced an additional variability factor in the study as some par-
ticipants might not have been familiar with how to use one, unlike a keyboard.
Additionally, as noted in 2.2.2, gamepads are not suitable for the control of dual-
instrument systems, which this framework is ultimately designed for. While yet
other choices could have been made for the manual interface, the key limitation
consisted in the fact that it was difficult for participants to control both the camera
and the laser pointer at the same time. This limitation is simply due to the dif-
ficulty in controlling the laser pointer while simultaneously moving the camera,
and is not something which conventional interfaces present a solution to. Instead,
master-slave systems such as the daVinci move the camera separately from the
instruments, validating the conditions of this experiment.
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This study also brings notable insights regarding for which situations the gaze-
contingent control is most beneficial. In particular, the gaze control seems most
beneficial when the operative workspace is sufficiently large to justify camera
movement. As mentioned in section 3.4.2, the results show only marginal im-
provement for successive target points located close to each other. This is because
participants controlling the system in manual mode can opt to only move the cam-
era by a small amount, or indeed not at all, before adjusting the laser pointer.
While the gaze-controlled system does not present a disadvantage in those situa-
tions, its usefulness is understandably minimized.

Finally, some limitations regarding the evaluation study can be noted. While
the users were more performant in terms of time to reach the target points, the per-
formance of the system during bimanual surgery was not assessed. The unquanti-
fied bimanual performance means that it is possible that some system parameters
would have to be adjusted to provide ideal performance during surgery, e.g. re-
duce or increase the zero velocity zone or acceleration parameters. However, the
strong performance of similar techniques for bimanual surgery, such as in [150],
suggest that this type of approach should not suffer from fundamental limitations
for these tasks. Lastly, cognitive load was not assessed during the task, and users
were free to concentrate on the proposed task with no distractions.

This chapter provides an initial framework for the gaze-contingent robotic
work in this thesis. It establishes key concepts regarding implicit interfaces, and
presents tools and methods used in the following chapters. However, the work
presented here is mainly limited to improving the control of the laparoscope and
using the 3D gaze to automatically target the laser. Current robotic systems pos-
sess many additional challenges regarding the control of complex surgical instru-
ments, such as workspace limitations and un-intuitive behaviour near joint limits.
As shown, eye tracking data lends itself well to use with other sources of informa-
tion such as scene depth. It is particularly helpful to determine the user’s intention
during a task, especially when other sources of data are available to enhance the
system’s understanding of the scene. The following chapter takes full advantage
of this to tackle some of the longest-dating issues in master-slave systems, namely
limitations due to workspace mismatch between slave and master devices, and the
resulting need for clutching.
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4

Intention Recognition for Motion
Assistance

4.1 Introduction

The previous chapter explored the limitations of existing camera control in robotic
systems, and implicit gaze-contingent solutions were presented to improve the
control of the camera. Additionally, the previous chapter highlighted how eye
tracking can be combined with other sources of information, in this case 3D scene
reconstruction, to provide useful functionality implicitly such as automatic camera
zooming and laser targeting. This chapter expands on this notion, using eye-
tracking to infer scene context and implicitly improve the control of the surgical
instruments.

Recent advances in surgical robots have provided surgeons with enhanced
dexterity, consistency and accuracy for a range of minimally invasive procedures
[151]. The development of complex wristed instruments for minimally invasive
surgery (MIS) has greatly contributed to the success of these systems. However,
traditional robotic systems such as the da Vinci® (Intuitive Surgical Inc., CA,
United States) typically rely on supporting robotic arms for the triangulation of

Content from this chapter was published and is reproduced with permission from,
Implicit gaze-assisted adaptive motion scaling for highly articulated instrument manipu-

lation. Gras G., Leibrandt K., Wisanuvej P., Giataganas P., Seneci C.A., Ye M., Shang J., Yang
G-Z. In IEEE International Conference on Robotics and Automation 2017. ©2017 IEEE.
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these instruments. This is effective for certain categories of procedures such as
in general abdominal surgery, where a large workspace is available and the in-
strument shafts can come through distant entry ports. However, this approach
can present significant drawbacks when operating in tight spaces or along narrow
anatomical pathways [152, 153]. In cases such as Transanal Endoscopic Micro-
Surgery (TEMS), Ear, Nose and Throat (ENT) surgery, and keyhole neurosurgical
approaches the instrument shafts are constrained to be nearly parallel, and as such
the supporting robotic arms cannot offer the triangulation necessary [154].

In order to increase the dexterity of the robot, highly articulated instruments
with an inherent capability to bend can be developed. This is achieved by in-
creasing the number of degrees-of-freedom (DoF) available to the instruments,
effectively increasing their dexterous workspace. However, to keep transmitted
forces high, the joint segments should remain short, leading to joints often oper-
ating close to or at their joint limits. The control of these instruments thus needs
to take particular care of the kinematic challenges when operating near the joint
limits [155, 156]. Previous work on highly dexterous instruments has studied the
control challenges of such devices in single access surgery [157, 158, 159]. This
work attempts to merge the advantages of these approaches with those associated
with the use of external robotic arms. A control scheme for novel 6-DoF instru-
ments possessing a flexible elbow mounted on robotic arms is presented in the
first part of this chapter. The inverse kinematic approach used to control a com-
bined total of 9-DoF per robot instrument is detailed, placing particular emphasis
on maintaining dexterity close to the joint limits.

In addition to the mechanical and kinematic limitations outlined above, exist-
ing ergonomic issues also limit several of the main advantages of robotic systems.
In systems such as the da Vinci the surgeon is able to control the camera directly
but is required to clutch the instruments before being able to do so, thus preventing
simultaneous control of the instruments and the camera. Similarly, while motion
scaling allows the surgeon to perform fine and precise movements it also prevents
the surgeon from making larger movements without having to clutch and reposi-
tion the master device end-effectors. This problem is particularly noticeable when
using master devices with a smaller workspace. Combined, these issues can make
navigating around the operating site time consuming and frustrating by requiring
the user to clutch the instruments and the camera multiple times.
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This chapter builds on the previous chapter’s work in intention recognition
for camera control to introduce the novel concept of gaze-assisted adaptive mo-
tion scaling. Eye-tracking data is combined with hand motion information ob-
tained from the master device, and tool tracking information, to infer where the
user is trying to move the instruments. The scaling factor of the master device is
modulated accordingly, allowing the user to quickly reach distant locations while
retaining precise control for delicate manipulations. Unlike in [59] where an eye-
tracking approach is used to provide haptic guidance towards a visual point of
interest, no external forces or motions are generated using this approach. Finally,
a user study is conducted to evaluate the effectiveness of this approach, showing
a clear reduction in task execution times and number of times clutched.

4.2 A Highly Dexterous Robotic System for
Surgery

The robotic system presented in this chapter was developed to combine the advan-
tages of highly articulated instruments with external robotic arms. This allows the
system to take full advantage of the additional dexterity provided by external arms
in large workspaces, while still being completely capable of operating in narrow
anatomical corridors where both instrument shafts need to be parallel. The surgi-
cal instruments were developed as part of a system for transanal micro-surgery in
collaborative work. This system, named “micro-IGES”, is described in detail in
[160] and [159]. However, the control of these instruments was developed in close
collaboration with the author of this thesis, and is key to the work that follows and
its motivation. As such, this section first presents the design of these instruments,
followed by a full overview of the design, kinematics, and workspace of the com-
plete system.

4.2.1 Articulated Instruments for Single Port Surgery

The micro-IGES system [160] is a compact single port system for transanal surgery.
It is designed to be able to work in long and narrow anatomical pathways, where
the shafts of both surgical instruments are parallel. Unlike in other robotic sys-
tems such as the da Vinci, this requires that the surgical instruments be able to
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Figure 4.1: Rendering of the 6-DoF highly articulated surgical instrument. Re-
produced from co-authored publication with permission from Springer [160].

offer sufficient dexterity to the user to comfortably operate, without relying on
external robotic arms for triangulation. To achieve this, highly articulated instru-
ments were designed providing a total of 6 DoFs. The joints of the instruments are
designed to provide an “elbow” behaviour. This allows both instruments to self-
triangulate, i.e. to come in at different angles from each side of the target anatomy,
even though the instrument shafts are parallel. Figure 4.1 shows the design of the
surgical instruments.

The 6-DoF instruments are fabricated with stainless steel using an additive
manufacturing process (Selective Laser Melting - SLM). For a detailed analysis
on SLM manufacturing of surgical instruments, please refer to [161]. Each in-
strument has an overall diameter of 5.5 mm, complete shaft length of 250 mm and
flexible tip length of 50 mm, enabling it to explore tight operating sites effectively.
The transmission of the actuation is based on tendons that are affixed to capstan
mechanisms through a pulley system. The capstan mechanisms are coupled with
the motors in the proximal actuation system. The latter is enclosed in a custom de-
signed casing that is rigidly attached to the robotic arm. The casing is fabricated
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Figure 4.2: Actuation unit and articulated instrument section.

with sterilisable, thermoplastic ABS material using a rapid prototyping process
(Fused Deposition Modelling - FDM). Figure 4.2 shows the surgical instrument
and actuation units. These actuation units house the hardware components re-
quired for the motion of the tools. This comprises Maxon EC brushless DC mo-
tors (Maxon Motor, Switzerland), custom designed motor controller modules and
an interface motherboard.

4.2.2 Highly Redundant Master-Slave System

The proposed system uses three KUKA LBR iiwa 7-DoF redundant robotic arms
(KUKA Roboter GmbH, Germany) for the global positioning of two flexible in-
struments and a stereoscope. The user interacts with the system via two Omega.7
haptic devices (Force Dimension, Switzerland), and a Tobii Pro X2-60 eye tracker
(Tobii AB, Sweden). The system setup is shown in Figure 4.3.

The 6-DoF flexible instruments are attached onto the robotic arms via custom-
designed actuation units. The power line and communication bus for each of the
flexible instruments are routed internally through the corresponding robotic arm
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Figure 4.3: Overview of the proposed adaptive motion scaling system.

and connected via a short cable from the arm’s flange, to prevent cable tangling
during large movements. This is visible in a close-up of the system shown in
Figure 4.4.

The three KUKA iiwa robotic arms communicate with a workstation via User
Datagram Protocol (UDP) messages, at a frequency of 250 Hz each. The work-
station communicates with the surgical instruments via a separate channel routed
through the robotic arms for each instrument. For a given instrument, the work-
station issues messages through USB2 to a transceiver. The transceiver communi-
cates to the interface motherboard via RS-485, which interfaces directly with each
of the Maxon EC brushless DC motors. A safety watchdog housed within the ac-
tuation unit monitors the communication channels and motor status to prevent
undefined behaviour in case of a fault. Each actuation unit RS-495 communica-
tion is limited to 1000 packets (i.e. message sent and answer received) per second.
As each unit houses a total of seven motors, the effective communication rate per
motor is 143 Hz. A schematic summarizing the connection between the different
components of the system is shown in Figure 4.5.

The robotic arms are calibrated relative to each other using the method pre-
sented in section 3.3.1. The arms are calibrated two at a time, for a total of two
calibration procedures. The stereoscope is mounted similarly as in chapter 3, and
the same hand-eye and camera calibration methods are used as those presented

89



Figure 4.4: Micro-IGES instruments mounted on the robotic arms.

in section 3.3.2. Due to the number of robotic components involved, the manner
in which the frames of reference of the system are set up have been modified.
Figure 4.6 illustrates the transformation chains of the different components. All
robot base frames B1, B2, and B3, are expressed relative to the world frame. For
simplicity, the world frame is often chosen as one of the robot base frames. The
virtual tool frame Tv and the corresponding transformations to the instrument and
camera end-effectorXv1,Xv2, andXv3 are useful to define geometrical constraints
between the different system components.

4.2.3 Instrument Kinematics

Both 9-DoF tools are controlled using a combined kinematics scheme between the
redundant robotic arms and the flexible instruments. This is achieved by consider-
ing a virtual 9-DoF manipulator, see Figure 4.7. One DoF (ng = 1) represents the
opening angle of the gripper, and the remaining 8 DoF (nk = 8) are used for posi-
tioning and orienting the tool end-effector in the surgical task space. The base of
the virtual tool is placed at the surgical port, where the tool enters the workspace,
and where a virtual ball joint provides pivoting motion. The axial rotation of the
virtual tool as well as the five distal DoFs are actuated by the 6-DoF instrument
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Figure 4.5: Functional overview of the complete system. Communication and
sensor data paths are marked with arrows.

and are directly mapped to the joint-space of the flexible instrument. The remain-
ing 3 DoF of the virtual tool are actuated by the redundant robotic arms, where the
pitch and yaw rotation angles of the ball joint and the translation of the prismatic
link are used to construct the corresponding end-effector poses of the robotic arms.

The manufacturer-provided inverse kinematic solver is used to control the
robotic arms. The inverse kinematic problem of the virtual tool is solved using
the Jacobian (J ∈ R6×nk , nk = 8) based Newton-Raphson method. The de-
veloped inverse kinematic scheme is designed to perform well in conventional
laparoscopic procedures, and to also be suitable for surgical interventions permit-
ting only very limited triangulation at the port. This last configuration results in
close-to-parallel shafts, significantly limiting the operation space of the ball joint
in its pitch and yaw motion, as illustrated in Figure 4.8. In such configurations
the positioning of the end-effector has to be provided mainly by the flexible in-
struments. Due to the relatively short length of the articulated instrument tips,
manipulation close to the joint limits is likely in such situations.

Based on these considerations as well as surgeon feedback, the task space
(x = [tx, ty, tz, rx, ry, rz]

T ) is separated into primary (xp = [tx, ty, tz, rz]
T ) and

secondary (xs = [rx, ry]
T ) task-spaces. The primary task-space represents the

position and instrument roll whereas the secondary task-space represents the re-

91



World Frame
Virtual Tool Frame

B2
B3B1

Tv

K1

X1

Xv1

K2

X2
X3

K3

Xv3

Xv2

Figure 4.6: Schematic representing the relationships between the relevant refer-
ence frames of the system.

maining orientational DoFs (pitch, yaw). Consequently, the primary Jacobian
Jp ∈ R4×nk consists of the first three rows and the last row of J ; and J s ∈ R2×nk

consist of the fourth and fifth row of J . The secondary task goals are optimized
using the null-space of the primary goals, for which the pseudo-inverse Jacobian
J? is calculated based on the damped-least-square (DLS) method by

J? = V diag

(
1

σ̃1

, . . . ,
1

σ̃n

)
UT , (4.1)

where U , V are right and left singular vectors provided by a singular value de-
composition (SVD) of J . σ̃2

i is the modified ith eigenvalue potentially damped
by,

σ̃i =

{
σi , if min

j
(|σj|) ≥ σmin(

σi
2 + λt

2
)
σi
−1 , else

, (4.2)
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Figure 4.7: Illustration of the kinematic chain of the virtual 9 DoF robotic manip-
ulator. Featuring dependent joints in neck 1 and neck 2, and a wrist with 2 DoF,
where the pitch is actuated by q7, the yaw is the mean of q8 and q9, and the gripper
DoF is represented by the angle difference of q8 and q9.

and with
λt

2 = λmax
2
[
1−

(
min
j

(|σj|)σmin
−1
)2
]
, (4.3)

where i, j ∈ {1, . . . n}, and λmax represents the maximum damping allowed. This
provides stable manipulation close to singular configurations, by avoiding exces-
sive joint-velocities. However, this comes at the cost of slower convergence rates
in the optimization process, and a suboptimal null-space mapping, therefore the
damping in equation 4.2 is only active in case the smallest singular value is below
a critical singular value threshold. Furthermore, in equation 4.3 the damping is in-
creased the smaller the minimal singular value is. Let qt be the joint values at time
step t, ∆qt+1 be the joint increment vector from time t to t+ 1, and qnull the null-
space joint values. The damped inverse Jacobian for the primary (Jp ∈ Rnk×4)
and secondary (J s ∈ Rnk×2) task-space are calculated using equation 4.1, and
to reach the desired end-effector pose T e,d the joint-values of the virtual tool are
iteratively updated with

qt+1 = qt + ∆qt+1 = qt + q̇t∆t, (4.4)

q̇t = J?p ẋp +
(
Ink
− J?p Jp

)
q̇null, (4.5)

q̇null = f ori (ẋp, ẋs,J
?
s) + fqlim (qt) , (4.6)

where the null-space of the primary optimization goal is used in equation 4.5
to optimize for secondary goals in equation 4.6. The secondary goals are i) the
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Figure 4.8: Robotic instruments in parallel configuration as used in single port
access surgery.

yaw, pitch-orientation of the end-effector pose (f ori), and ii) joint-limit avoidance
(fqlim). They are defined as,

f ori = kori

(
1− min (‖ẋp‖, ẋp,max)

ẋp,max

)
J?s ẋs, (4.7)

fqlim,i = kqlim

∣∣∣∣qi,max + qi,min − 2 qi
qi,max − qi,min

∣∣∣∣ke (4.8)

· sgn(qi −
qi,max + qi,min

2
).

The weight in equation 4.7 is dependent on the primary task-space velocity ẋp to
ensure that primary goals are met first even when the null-space mapping is subop-
timal. Furthermore, the exponent ke > 1 (here ke : 3) in equation 4.8 emphasises
join-limit avoidance only for configurations close to the limits which allows to
optimize mainly for the orientation goals. However, joint limit avoidance cannot
guarantee that joint limits are completely avoided, in particular if the desired pose
is in locations of low dexterity or outside of the reachable workspace.

4.2.4 Dexterity Analysis for Task Space Restriction

While the previous section addressed the challenge of reaching joint limits in
joint-space, a complementary method based on workspace analysis [162] is used
to restrict the end-effector set point T e,d in task space, as illustrated in Figure 4.9.
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Figure 4.9: Dexterity D analysis of the virtual instrument, using 1× 109 random
robot configurations. Red: high dexterity, blue: low dexterity.

The dexterity measure D is calculated as,

D = LqM = Lq
√
|J JT |, (4.9)

where the joint limit measure Lq are augmented onto the manipulability measure
M, and where Lq is defined as

Lq = 1− exp

{
−κ

nk∏
i=1

(qi − qi,min)(qi,max − qi)
(qi,max − qi,min)2

}
. (4.10)

Evaluating the dexterity of random tool configurations based on the end-effector
position provides a map which depicts regions of low (blue) and high (red) dex-
terity, as shown in Figure 4.9. Voxel entries in this map are generated by record-
ing the maximum dexterity value obtained across multiple tool configurations for
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Figure 4.10: Manipulation restriction based on dexterity measure, green: permit-
ted workspace, blue: reachable workspace.

a given end-effector position. This further allows the definition of a dexterity-
dependent threshold boundary, limiting the permitted manipulation workspace to
areas of sufficient dexterity, see Figure 4.10. Using simple geometric primitives
such as spheres, capsules or convex hulls, the restricted workspace is enforced
by projecting the user defined poses onto the permitted workspace to obtain the
desired end-effector pose T e,d. To avoid slack in the manipulation, T e,d follows
the set-point if it is moved back towards the inside of the restricted workspace.
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4.3 Gaze-Assisted Adaptive Motion Scaling

4.3.1 Limitations of Master Devices for Highly Dexterous
Slave Systems

Surgical robots, such as the one presented in this chapter, typically operate under a
master-slave configuration. The surgeon’s motions on the master device are used
to directly control the slave robot, allowing the surgeon to stay in complete con-
trol of the system while benefiting from robotic advantages. As noted in section
2.2, a consequence of this paradigm is that the performance of the whole system
is highly dependant on the master device, to provide a well-suited interface to the
slave robot. A highly dexterous slave system will ultimately not perform opti-
mally if the user is not capable of harnessing this dexterity using the interface at
their disposal. A well-known limitation arising from this is tied to motion scaling.
Motion scaling has always been considered a clear advantage of robotic systems,
allowing the surgeon to perform much finer movements than would be possible by
hand. However, the same scaling factor can make moving the instruments around
the surgical scene time consuming and tedious by forcing the user to clutch and
reposition the master device end-effectors. This behaviour is particularly notice-
able on master devices with small workspaces, as users will often reach the edge
of the master device’s workspace while performing larger movements.

In effect, this problem arises because the optimal motion scaling factor changes
depending on what the user is trying to achieve. For delicate tasks requiring pre-
cise movements, a small scaling factor is desired. To cross the surgical workspace
during reaching motions, a larger scaling factor would be desired. For the sake of
clarity, in this thesis an increase in the scaling factor generates faster robot mo-
tions, and a decrease in the scaling factor generates slower robot motions. While
it is possible to change the value of the scaling factor manually on some systems,
this does not constitute a practical solution as the surgeon is effectively substitut-
ing clutching for manually toggling between different scaling factors. Ideally, the
system should modify the system behaviour depending on what the user is trying
to accomplish. This work proposes to use eye-tracking data in conjunction with
multiple other sources of information available from the robotic system to infer
where the surgeon is trying to reach. This information is used to modulate the

97



motion scaling factor such that distant targets are reached more quickly.

4.3.2 Definition of Aims and Behaviour Analysis

The proposed approach seeks to fulfil the following aims:

1. Safety: to be safe, such that surgeons never encounter undesirable motions
or unpredictable system behaviour,

2. Efficiency: to noticeably improve the speed at which distant goals can be
reached by reducing the need for clutching,

3. Fidelity: to fulfil the above goals without sacrificing the capability to per-
form fine movements by taking full advantage of motion scaling,

4. Intuitiveness: to fulfil the above goals using an implicit approach, i.e. with-
out introducing additional inputs for the user to handle.

The choice of motion scaling modulation displays some clear advantages to achieve
these goals. In particular, adaptive motion scaling presents an inherent safety as
any motion performed by the robot has to be directly generated by the user. How-
ever, in order to modulate the motion scaling in an effective manner the user’s
intention must be inferred by the system. The core premise behind the proposed
approach stems from the observation that, when reaching for an object, humans
fixate the object they are trying to reach and not their hands. Similar behaviour
can be observed in a variety of disciplines, from sports to instruments: once an in-
dividual is proficient enough in a task, they tend to fixate their destination and not
their tool. The same principle is exploited here to determine where the user is try-
ing to move the surgical instruments. In order to elaborate on this concept, several
different types of information are needed. Firstly, the system must be able identify
where the user is looking with regards to the instruments. This necessitates the
use of an eye-tracker, but also to track the instruments in the camera image. To
further assess the user’s intention, the hand motions performed using the master
devices are also recorded. By combining gaze and tool tracking information with
the direction in which the user is moving the master device end-effectors as well
as its speed, the system is capable of further improving its evaluation of the user’s

98



intention. Lastly, the homogeneous transformations of the robotic arms are neces-
sary to bring these different sources of information into the same reference frame.
In summary the following input data is required:

• Eye-tracking data,

• Tool tracking information,

• Hand motions (from the master device),

• 3D pose of the robotic instruments.

4.3.3 Instrument Tracking

A detection-and-tracking approach was implemented to find the 2D locations of
the robotic tools. This approach consists of a colour-based detector that localises
the end-effector of the tool (defined here as the wrist joint), which was coloured
with a green dot. As the instrument shape can change significantly depending on
its kinematic configuration and cause the detector to fail, a tracker was included to
consider the temporal information of the tool motion. The salient image gradient
features [163] were extracted inside a bounding box that encloses the end-effector.
As can be seen from Figure 4.11, these gradient features identify well the tool con-
tours. We then perform forward-backward tracking based on optical flow [164] to
estimate the locations of these gradient features in subsequent images. To deter-
mine the location of the tool in the current image, we consider the 2D offsets of

Figure 4.11: Tool tracking. Left: temporal feature tracking and bounding boxes.
Right: salient image gradients.
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the features and calculate the location and size of the bounding box. The location
of the tool from the tracker is then defined as the centre of the box in the current
image. Together the detector and temporal tracker provided a robust tool tracking
method running at over 30 frames per second.

4.3.4 Adaptive Scaling Generation

The aim of the adaptive motion scaling is to generate a dynamic value kas ∈ [0, 1]

such that the final scaling factor of the system kst is defined as:

kst = sb × (1 + sc × kas), (4.11)

where sb is base scaling factor of the system (a typical value for robotic systems
being 0.25 for a ratio of 1 to 4) and sc is the scaling coefficient multiplier attributed
to adaptive scaling. Using the input data detailed in section 4.3.2, three main
contributing factors to kas can be listed:

1. The distance between the gaze fixation point and the instrument detected in
the image. Higher distances should result in a higher scaling value, while
the scaling should not be increased when the user is looking close to the
tool as this does not indicate a desire to reach a distant location.

2. The angle between the vector generated from the instrument tip to the fixa-
tion point and the hand motion. Lower angle values should result in a higher
scaling value as the user would be moving the robot in the direction where
he is looking. High angle values should not increase the scaling value.

3. The speed at which the user is moving the master device end-effectors. Low
speeds could indicate that the user is not trying to reach a distant objective,
and as such the scaling factor should not be increased.

These three factors are respectively written as kd, ka, and ks, and can all range
from 0 to 1. The contribution of the adaptive scaling can then be defined as:

kas = kd × ka × ks. (4.12)

Figure 4.12 displays the flow of information used to generate the each scaling
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Figure 4.12: Input data flow for the generation of the scaling factor.

factor. In order to define these three factors, the two following vectors must be
defined:

Veye = Pfixation − Ptool, (4.13)

Vhand = Phandt − Phandt−tw
, (4.14)

where Pf is the user’s 2D fixation point on the screen, Ptool is the detected 2D
position of the instrument on the screen, Phandt is the position of the hand at the
present time t as obtained from the master device, and Phandt−tw

is the position of
the hand at a previous time based on a specific time window duration tw. To obtain
the fixation points from the eye tracking data, a Dispersion-Threshold Identifica-
tion (ID-T) approach was used [80, 81]. Note that Vhand is a 2-dimensional vector
obtained from the projection of the hand motion at specific time intervals tw onto
the camera plane. Using these definitions, each of the three factors comprising kas
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sc dpmax (pixels) amax (deg) spe (mm/s) tw (s) amin (deg)

1.3 221 40 20 0.1 20

Table 4.1: Adaptive scaling parameters. The pixel values for dpmax are for a
1920x1080 monitor resolution. The parameters in red are used to tune the system.

can be defined:

kd =
min(||Veye||, dpmax)

dpmax

, (4.15)

ka = 1− min(max(0, ac − amin), amax − amin)

amax − amin

, (4.16)

ks =
min(||Vhand||/tw, spe)

spe
, (4.17)

where dpmax is the distance in pixels under which kd starts to decrease linearly, ac
is the angle between Veye and Vhand, amin is the angle below which ka is maximum
(value of 1), amax the angle above which ka is minimum (value of 0), and spe
is the speed under which ks starts to decrease linearly. The different parameters
presented were fine-tuned over multiple iterations of the system to provide the
responsiveness desired. Table 4.1 displays the values used for the user study.
Note that tw and amin were fixed during the tuning of the parameters, allowing
the linear model for each coefficient of the adaptive motion scaling to be adjusted
using only one parameter. These were chosen because their values were more
easily set intuitively: the accuracy of the eye tracker and normal eye behaviour
makes a value of amin less than 20° meaningless, and tw is chosen as small as
possible to generate a reasonable velocity measure.

To avoid sharp changes in the scaling factor due to single steps in the algo-
rithm, a moving window spanning 100 milliseconds (same value as tw and the
fixation detection window from the ID-T algorithm) was introduced to smooth
out the variations of kas. As eye tracking and tool detection can both fail for vari-
ous reasons (e.g. tools missing from the image, user looking away), an additional
layer of safety was introduced in the implementation of the adaptive scaling algo-
rithm. In case either the instrument or the user’s gaze fixation point is not found,
both kd and ka are considered invalid and set to zero.
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4.3.5 Algorithm Behaviour Analysis

Figure 4.13 shows the behaviour of the adaptive motion scaling during a typical
reaching motion, for the left instrument in this case. In the first part of the figure
(top left image, graphs highlighted in light red) the user has just started looking at
the new destination for the left instrument and the motion has not yet started. As
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Figure 4.13: Evolution of scaling coefficients from input data. Top: from left to
right, images of a ring transfer from the right instrument to the left instrument in
chronological order. The red dot represents the gaze point. a) Raw X-axis gaze
pixel values (blue), filtered X-axis pixel values (red), and left instrument end-
effector X-axis pixel values (green). b) validity of fixation data (fixation identified:
value of 1, otherwise 0), c) kd (blue), ka (magenta), ks (red), and kas (green). d)
Vhand X-axis value in mm/s (blue).
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such the ID-T fixation detection algorithm has not had time to register a fixation
and so both kd and ka are set to a value of 0. By the time the fixation is registered
the motion of the master device in the correct direction has already begun, and
so the scaling factor kas increases as all conditions are met. The smooth increase
of kas is due to the moving filter used to prevent sharp variations of the scaling
factor. In the second phase the scaling factor reaches its maximum value as the
motion carries on in the right direction. Finally, upon reaching the desired location
kd drops significantly, followed by the other coefficients as the user is no longer
fixating on the same point. This results in a smooth decrease of kas starting before
the target has been reached, and finishing under 100ms after the target has been
reached.

4.4 User Studies

4.4.1 Experimental Setup

A user study was conducted to evaluate the usability and effectiveness of the
adaptive motion scaling. As presented in section 4.2, the robot is capable of a
large dexterous workspace due to its numerous degrees of freedom. To replicate
the clutching issues encountered by this type of robotic system, a task was de-
signed to require both a large workspace and a requirement for precise motions.
A ring-passing task was chosen, requiring large motions to move the ring across
the workspace, while also requiring precise motions two pass the ring from one
instrument to the other. Users were asked to pass a rubber ring back and forth
between the two instruments at specific locations marked using a large peg board.
Figure 4.14 illustrates the ring-passing task. The instruments would start the task
at standardized locations at the bottom of the screen, marked (1) for the right in-
strument, and (2) for the left instrument, as noted in Figure 4.14. The rubber ring
was held by the right instrument at the beginning of the task. The participant
would begin by bringing the left instrument to grab the ring from the right instru-
ment at position (1), and then bring the left instrument back to position (2). The
right instrument was then brought to position (2) to grab the ring, and then to po-
sition (3). This process would carry on, passing the ring between both instruments
while moving upwards in rows until the right instrument arrived at position (5).
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Figure 4.14: Illustration of the different transfer points for the adaptive motion
scaling user study.

The left instrument was then brought to grasp the ring one last time at position (5),
and the task ended. As such, a total of nine reaching motions had to be performed.

Nine non-clinical participants were presented to the system and given time to
familiarize themselves with the controls, six male, 3 female. Participants were
first trained to use the robotic system, with no time limit. This training consisted
in performing basic motions with the system to familiarise them with the master-
slave controls, and stopped once participants were sufficiently comfortable con-
trolling the instruments. Participants were then trained on the task twice, once
with adaptive motion scaling and once without. After training, each participant
would conduct the experiment once with adaptive motion scaling and once with-
out, in a randomized manner. The key metrics for the study were the task comple-
tion time and the number of times the system had to be clutched. The static motion
scaling factor chosen was 0.25, a standard value used for master-slave systems in
robotic laparoscopic surgery.
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4.4.2 Results

The results of the study are displayed in Figure 4.15. Numerical values for the
mean, median, and statistical significance of the key metrics are listed in Table
4.2.
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Figure 4.15: User study comparing task execution times and number of times the
system was clutched across nine participants.

As can be seen, the use of the adaptive scaling provides a highly significant
improvement in both task execution times and in the number of times the system
had to be clutched. A median reduction of 50% in number of times the system
was clutched was observed using the adaptive scaling relative to the static scal-
ing. Additionally, a median reduction of 17.6% in the task completion time was

Mean Median p-value
Static Adaptive Static Adaptive

Number of times the
system was clutched 19.22 9.22 18.00 9.00 2.47× 10−4

Total task time (s) 112.8 83.05 93.03 76.64 0.0244

Table 4.2: Mean, median, and statistical significance results from the ring transfer
study.
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Figure 4.16: Heatmaps of gaze fixations during a ring transfer task. Left: without
adaptive scaling. Right: with adaptive scaling.

observed using the adaptive scaling relative to the static scaling. User feedback
was strongly in favour of the system, which can be explained by the reduction in
frustration at having to constantly clutch and reposition the master manipulator.

Figure 4.16 displays heatmaps of the eye-tracking data obtained from the ring
transfer task, with and without the adaptive motion scaling.

4.5 Discussion and Conclusion

This chapter presents implicit, gaze-assisted adaptive motion scaling for highly ar-
ticulated instrument manipulation. It formalizes the differential inverse kinematic
approach used to control a redundant 9-DoF virtual tool, suitable to operate in
tight spaces with little or no triangulation and close to joint-limits, while also pro-
viding highly dexterous manipulation in conventional laparoscopic procedures.
Furthermore, a novel gaze-assisted control scheme was presented using implicit
operator input to seamlessly scale-up master-device motions and allow more ef-
fective manipulation, without requiring any active input from the user. The de-
veloped system infers the user’s intention and facilitates time-efficient motions,
as well as reduces the need for clutching in an inherently safe manner. The fact
that the presented approach only affects the motion scaling factor means that its
implicit nature does not compromise the core safety of the system, as the surgeon
always remains in complete control of the surgical instruments. A user study is
conducted to evaluate the performance of the adaptive motion scaling.

The results from the user study show that the adaptive motion scaling is able
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to reduce for the need for clutch in half compared to using a static scaling factor.
This improvement not only serves to reduce user frustration due to interruptions
from clutching, but also translates in a significant 17% reduction in median task
completion time. Both of these results highlight the clear usefulness of the pre-
sented approach. The heatmaps generated from the eye-tracking data shown in
Figure 4.16 further illustrate this point. The lack of adaptive scaling is clearly no-
ticeable by the user having to constantly look back at the instruments to clutch the
master devices, resulting in noticeable scattering of the heatmap across the centre
of the screen.

The strong performance of the presented approach compared to the static mo-
tion scaling is likely emphasized by the fact that the Omega.7 master devices used
have a small workspace. As noted previously in section 2.2, other haptic master
interfaces exist capable of providing larger workspace, with different trade-offs.
However, any use of a non-velocity based haptic master device will inevitably
run into clutching issues at some point if the procedure performed requires both a
large workspace and precise motions, preventing the comfortable use of a larger
static scaling factor. This is compounded by the fact that, while a larger master
device workspace may reduce the need for clutching, users will typically clutch
to re-centre the master manipulators rather than work with their arms far apart.
This behaviour can be observed even in existing commercial systems, making the
approach presented in this chapter particularly valuable.

A key limitation of the work presented in this chapter is the lack of evaluation
of the natural gaze behaviour on which the adaptive motion scaling relies. While
the base assumption that the user will fixate their destination during reaching mo-
tions will typically be valid to some extent in the majority of cases, the exact extent
to which that assumption will stay valid could vary substantially depending on the
context. It could be that some users fixate only briefly on their destination while
others linger on it during the whole motion. In this study, some participants took
full advantage of the adaptive motion scaling by making sure to linger their gaze
on the destination. However, this behaviour may not be representative of typical
surgical conditions. In this case the system parameters would need to be updated
accordingly, ideally adapting to the user’s preferences.

In this chapter, the key parameters of the adaptive motion scaling were op-
timized manually, over several iterations of the system. While this approach is
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commonly used in practice to tune robotic systems and human-robot interfaces, it
does not provide any guarantees towards the performance of those systems. When
those parameters influence directly the behaviour of the robotic system, such as
in this case, it may be desirable to have a more principled approach to tune them.
Additionally, different users may have different preferences for the system be-
haviour, making it even more enticing to develop a user-specific approach for the
optimization of these parameters. The next chapter tackles this problem, explor-
ing probabilistic approaches to optimize human-robot interfaces, in particular the
gaze-assisted adaptive motion scaling.
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5

User-Specific Adaptation of Motion
Behaviour

5.1 Introduction

In the previous chapter, a novel gaze-assisted adaptive motion scaling was pre-
sented, allowing users to perform reaching motions significantly more quickly
and with less need for clutching. The adaptive motion scaling presented in chap-
ter 4 consists in assessing the user’s intention to reach a distant objective with an
instrument, and dynamically adjusting the scaling factor to facilitate that aim. To
that effect, four main components are computed:

1. The speed at which the user’s hands are moving ks.

2. The angle between the hand motion direction and the instrument-to-gaze
fixation point direction ka.

3. The distance between the instrument and the gaze fixation point kd.

4. The maximum scaling allowed sc.

Content from this chapter was published and is reproduced with permission from,
Gaze-Assisted Adaptive Motion Scaling optimisation using Graded and Preference Based

Bayesian Approaches. Gras G., Seneci C.A., Giataganas P., Yang G-Z. In IEEE International
Conference on Robotics and Automation 2018. ©2018 IEEE.
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The final scaling factor is computed as:

sb × (1 + sc × ks × ka × kd),

where sb is the base scaling factor of the system. Each of the first three compo-
nents is parametrized by one main coefficient regulating that component’s linear
drop off rate, i.e the (small) speed at which ks becomes 0, the (large) angle at
which ka becomes 0, and the (small) distance at which kd becomes 0. These have
all been detailed previously in Table 4.1.

In the previous chapter, these parameters were all manually optimised over
several iterations of the system to provide the desired behaviour. Additionally, the
inherent safety of motion scaling means that users can always stop their motion
to stop the robot. However, one aspect not considered in the previous work is
whether the behaviour displayed by the system is one that the user expects. In
particular, problems can occur during rapid motions when the user is essentially
controlling the robot without visual feedback, i.e. in open loop. Master-slave
robots work as a closed-loop control system where the user is closing the loop
visually, constantly adjusting their motions according to what they see. However,
during rapid motions, users will instead rely on their expectation of the system
behaviour to decide how far to move their hand. If the user’s expected robot
behaviour does not match the real system due to the change in behaviour caused by
the adaptive motion scaling, the instrument may not arrive at the desired position.
If the system is overtuned for a given user (i.e. too sensitive relative to the user’s
expectation), the instrument might move further than the user expects it to when
performing rapid motions.

The component kd was initially introduced as a safety precaution against over-
shoots, as it will fall to zero when the instrument gets close to its destination.
However, this again depends on how the corresponding coefficient is tuned and
the user’s expectation of the system behaviour. Conversely, an undertuned sys-
tem will not move the instrument far enough, and the user may have to clutch the
master device to finish the motion. Thus, as with a number of other heuristically
tuned user interfaces, there is a strong argument to be made for wanting a princi-
pled optimisation method to derive these parameters. This chapter is concerned
with the optimisation of these four parameters, and how to design a realistic pro-
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tocol for integrating user-specific parameter optimisation in the design of human-
interfaces. To this end, Bayesian optimisation approaches with Gaussian process
priors are explored for their highly flexible and data-efficient properties. Finally,
a user study is conducted with two different Bayesian optimisation approaches to
find the optimal robot behaviour in a user-specific manner. A graded approach, in
which users are asked to numerically rate the performance of the system, and a
preference approach, in which users are asked to specify pairwise preference re-
lationships between different sets of robot behaviour. The results show the strong
performance of Bayesian optimisation, yielding better task times and robot be-
haviour than with the manually optimised parameters.

5.2 Human-Robot Interface Optimisation

5.2.1 Overview of optimisation Techniques and Requirements

The objective of this work is to provide an approach for finding the user-specific
parameters maximizing the intuitiveness of the adaptive motion scaling control
scheme. Let f(x) be the unknown, black-box, real-valued function representing
how intuitive the system is to use for a given set of parameters x, with x ∈ D

where D ⊂ IRn is the domain of valid parameter values and n the number of
parameters to optimize. Finding the set of parameters

xmax = argmax
x∈D

f(x) (5.1)

is a global optimisation problem within D. Additionally, the human-robot in-
terface dimension of the presented problem justifies that the optimisation method
meet the following criteria:

• The optimisation method must work with as few samples as possible, since
sampling f requires the user to perform a task and give some feedback.

• The optimisation method cannot make any assumptions on f , other than
certain assumptions of smoothness.

• The optimisation method should be robust to noise.
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While a large body of works exists on the topic of nonlinear optimisation,
Bayesian optimisation is one of the most attractive strategies under these crite-
ria [165]. In addition to being highly data-efficient under few samples, Bayesian
inference methods provide a natural way of handling uncertainty and trading-off
exploitation and exploration [166, 167]. Bayesian optimisation has been success-
fully used in a number of mobile robotic applications such as gait optimisation
for bipedal locomotion [168], gait adaptation after incurring damage in a 6-legged
robot [169], gaze planning [170], and path planning [171]. In [172] a Bayesian
optimisation approach was used to tune the manner in which a human-transfer
assistant robot lifts patients. Typical Bayesian optimisation methods rely on a
grading scheme to evaluate the unknown function f . However, in applications
such as the one presented in this paper where f can take arbitrary values, it can
be possible to evaluate f using only preference relations between pairs of samples
[173]. This approach can be useful when expressing preference between two sam-
ples is easier than giving numerical values to grade them, such as when searching
for an optimal material design in computer graphics [167].

While Bayesian optimisation approaches have been highly successful in the
fields mentioned above, to the authors’ knowledge they have not been used be-
fore to optimize the behaviour of master-slave surgical systems. This work takes
advantage of the strong properties of Bayesian optimisation to improve the be-
haviour of the adaptive motion scaling algorithm, in a user-specific manner. Fur-
thermore, this work utilizes and evaluates both a grade-based optimisation ap-
proach and a preference-based approach. The usefulness of these methods is val-
idated in a user-study, showing a clear preference for the results of the Bayesian
optimisation over the manual optimisation. Additionally, the performance of the
graded approach shows a statistically significant improvement over the manual
optimisation.

5.2.2 Gaussian Processes for Bayesian Learning

Bayesian inference is concerned with updating a belief about a specific proposi-
tion based on the data available. At its core, Bayesian inference presents itself as
a subjective predictor, based solely on a prior belief and the likelihood of the ob-
served data. Let w represent the parameters of a generic model, and D represent
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the available data. Given the prior belief for the model p(w), and the likelihood
of the data given the model p(D |w), the posterior distribution p(w |D) is given
by Bayes’ rules as

p(w |D) =
p(D |w)p(w)

p(D)
, (5.2)

where p(D) is the marginal likelihood. While the idea of having to provide prior
beliefs may be off-putting at first, formulating learning problems under Bayesian
approaches can have practical advantages. Models where the posterior distribu-
tion is tractable are capable of propagating uncertainty and can yield very flexible
models. As will be seen below, the inherently evidence-based and probabilistic
nature of Bayesian learning allows for the creation of highly data-efficient mod-
els.

As a Bayesian method, Bayesian optimisation requires a prior distribution.
While many different models could be used to fit the requirements of Bayesian
optimisation priors, Gaussian Processes (GP) [166] are commonly used in prac-
tice due to the useful properties they exhibit. The main workhorse of Bayesian
optimisation used in this thesis is the Gaussian Process. Appendix C introduces
Gaussian Processes in the context of Bayesian linear regression, showing that they
can appear from an extended Bayesian linear regression model with an infinite
number of basis functions. The unfamiliar reader is invited to refer to appendix C,
as it establishes key notation and concepts useful for this chapter.

A Gaussian Process is defined as a collection of random variables, any finite
number of which have a joint Gaussian distribution[166]. A Gaussian Process is
fully specified by defining its mean and covariance functions. A real-valued un-
known function f(x) defined for input vectors x ∈ IRd is modelled by a Gaussian
Process when:

f(x) ∼ GP (m(x), k(x,x′))

m(x) = E[f(x)]

k(x,x′) = E[(f(x)−m(x))(f(x′)−m(x′))].

(5.3)

To every input xi corresponds a Gaussian distributed random variable fi , f(xi),
with mean m(xi) and covariance k(xi,xi). Additionally, any collection of such
random variables, e.g. as generated by input vectors X = [x1, . . . ,xn], is jointly
Gaussian distributed. Let f , f1:n be the collection of these random variables,
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then
f ∼ N (m, K), (5.4)

where m is the joint distribution mean vector with entries mi = m(xi), and K
is the joint distribution’s covariance matrix whose entries are defined as Ki,j =

k(xi,xj). An important observation that can be made from the above formulation
is that Gaussian Processes do not require any explicit modelling for the process f
other than the covariance function and mean prior. It is thus easy to see the link
between Gaussian Processes with Bayesian linear regression, when the parameters
have been marginalized out and the covariance is specified using the kernel trick.

Figure 5.1: Functions drawn from a zero-mean Gaussian process. The dashed red
line represents the mean. The green area represents 2 standard deviations from
the mean prior.

As the set of possible inputs is infinite (x ∈ IRd), a Gaussian Process can
be interpreted as a distribution over functions. This distribution can be used to
model our belief about the possible forms of the unknown unknown function f .
As such, Gaussian Processes can be used as priors for Bayesian inference, where
the mean and covariance functions express our beliefs about the core properties
of f in the absence of data. Figure 5.1 shows functions drawn from a zero-mean
Gaussian process. Note that, as expected, the functions are mostly centered around

115



the zero-mean prior and contained within 2 standard deviations from the mean.
The following section shows how to derive the posterior and predictive posterior
distributions in the presence of data.

Gaussian Process Prediction

Let X be a set of training samples, and X∗ be a set of test points. Let K(X1, X2)

refer to the covariance matrix evaluated at all pairs of inputs for two arbitrary sets
of samples X1 and X2. The following matrices can be computed, their shorthand
introduced for simplicity: the covariance matrix of the training setK = K(X,X),
the covariance matrix K∗ = K(X,X∗) of the training set with the test set, and
the covariance matrix K∗∗ = K(X∗, X∗) of the test set. Let f be the values of
the objective function at the training samples, and f∗ the values of the objective
function corresponding to the test samples. Finally, let m be the training means
andm∗ be the test means. Then:[

f

f∗

]
∼ N

([
m

m∗

]
,

[
K K∗

KT
∗ K∗∗

])
. (5.5)

Using the properties for conditioning a jointly distributed Gaussians [166], the
conditional distribution of the predictive posterior for the test samples given the
training samples is

f∗|f ∼ N
(
m∗ +KT

∗ K
−1(f −m), K∗∗ −KT

∗ K
−1K∗

)
. (5.6)

The posterior process is also a Gaussian process with mean function mp(x) and
covariance function kp(x,x′) specified as

mp(x) = m(x) +K(X,x)TK−1(f −m)

kp(x,x
′) = k(x,x′)−K(X,x)TK−1K(X,x′).

(5.7)

Figure 5.2 illustrates the posterior Gaussian process obtained from the Gaussian
process prior illustrated in Figure 5.1 combined with the observed data. Note how
the uncertainty vanishes at the sampled points, and the posterior mean tries to go
back to the zero-mean prior when far from the observed data.

Equations 5.6 and 5.7 consider that the user has direct access to noise-free
samples of the unknown function f . In many scenarios however, noise-free as-
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sumptions are not realistic. Fortunately the Gaussian Process formulation pre-
sented above makes it easy to add a iid Gaussian noise term ε of variance σ2

n. Let
y = f(x) + ε be the noisy observations under this new formulation. Then[

y

f∗

]
∼ N

([
m

m∗

]
,

[
K + σ2

nI K∗

KT
∗ K∗∗

])
, (5.8)

and so finally the predictive posterior distribution under Gaussian noise is

f∗|y ∼ N
(
f̄ ∗,Σ∗

)
(5.9)

f̄ ∗ = m∗ +KT
∗ (K + σ2

nI)−1(f −m) (5.10)

Σ∗ = K∗∗ −KT
∗ (K + σ2

nI)−1K∗. (5.11)

Figure 5.2: Functions drawn from a zero-mean Gaussian process posterior. The
dashed red line represents the posterior mean, the dashed blue line represents the
unknown objective function from which the observations (indicated by black cir-
cles) are drawn. The green area represents 2 standard deviations from the posterior
mean.
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Covariance Functions

The choice of the covariance function, or kernel, is arguably the main component
of choosing a Gaussian Process model. While informative mean priors can be
leveraged to great effect, as shown in chapter 6, often times un-informative mean
priors such as a constant zero mean are selected when no information about the
general shape of f is available. The choice of the covariance function, however,
dictates a more subtle yet defining property of f . By defining how groups of
input vectors are correlated, the covariance function dictates the behaviour of the
surrogate model for f . Intuitively, this can be understood as answering questions
such as “Does f vary quickly or slowly?”, “Is f periodic?”, or even “Does f
display very different behaviours in different areas of the input space?”.

Many different popular kernel types exist, such as linear kernels, rational
quadratic kernels, and periodic kernels. As the aim of this section is not to review
different kernels, but to present and justify the kernels used, other kernels will not
be discussed. For more information on different kernels the reader is referred to
[166]. In this chapter the objective function is a measure of the intuitiveness of
a human-robot interface. As all the parameters to optimize have a linear impact
on their respective component, it is expected that the objective function will vary
smoothly. Under these assumptions, the choice of a smoothly varying kernel is
justified and important. As such, the main kernel used in this thesis is the squared
exponential (SE) kernel, defined as

kSE(x,x′) = σ2 exp

(
−(x− x′)T (x− x′)

2l2

)
. (5.12)

The SE kernel is infinitely differentiable, and in the Bayesian linear model view
can be considered as an infinite collection of basis functions. It provides a smoothly-
varying prior over functions, with two hyperparameters l and σ. The characteris-
tic lengthscale l defines how rapidly the functions drawn from the corresponding
Gaussian Process are likely to vary. Small lengthscales lead to quickly varying
functions, while high lengthscales lead to slowly varying functions. This is illus-
trated in Figure 5.3. The hyperparameter σ is a scaling factor representing the
signal variance.

In some cases, the different dimensions of the input vectors x can vary sig-
nificantly differently. This can be the case when multiple independent sources of
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Figure 5.3: Functions drawn from a zero-mean Gaussian Process with an SE ker-
nel of lengthscale l = 0.2 (top), and l = 0.03 (bottom).

information are compounded into a single input, such as a vector xt = [vt, αt]
T

combining some velocity v and angular α information at a time t. A formulation
of the SE kernel allowing different lengthscales for each dimension of the input
vector x can be written as

kSE ARD(x,x′) = σ2 exp
(
−(x− x′)TL(x− x′)

)
, (5.13)

where L is a diagonal matrix containing the different lengthscales:

L =
1

2

l
−2
1

. . .

l−2
n

 . (5.14)

This kernel is referred to as an Automatic Relevance Determination (ARD) kernel.
This is because the lengthscale of the different dimensions can also be interpreted
as the relevance of those dimensions towards the output. A high lengthscale for a
given dimension indicates low change in the output when the input changes along
that dimension. This effectively allows the model to “weigh” the importance of
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the different dimensions, since high lengthscale dimensions are less relevant to
the manner in which the output varies than dimensions with smaller lengthscales.

The lengthscales, signal variance σ2, and noise variance σ2
n, constitute the

hyperparameters of the Gaussian Process model under the previously presented
likelihood and kernels. These parameters can be manually set when sufficient
prior information is available on the system. It is worth noting that it can be
fairly easy to make reasonable estimations of these coefficients in some cases. For
example, by normalizing the input values to the [0, 1] range along each dimension,
the lengthscale in an SE kernel can be chosen to represent a rough estimation of
how quickly the function is expected to vary as a whole. Due to the inherent
flexibility of the Gaussian Process, this can yield effective results with minimal
design considerations.

Another approach is to search for the optimal hyperparameters. A standard
way of doing this is by maximizing the marginal likelihood, or evidence, of the
model. This approach can be very useful when combined with ARD kernels,
allowing the model to automatically determine which dimensions have a strong
impact on the output and which do not. This approach will be detailed in chapter 6.
It is important to point out that this manner of finding the optimal hyperparameters
requires sufficient data, lest the optimisation result in overfitting. For applications
with very few samples, such as in this chapter, it is best to leverage as much prior
knowledge as possible to obtain reasonable values for the hyperparameters.

5.2.3 Gaussian Processes for Preference Relationships

In some optimisation cases the objective function does not take physically mean-
ingful values, such as in this chapter where the objective function is a represen-
tation of how much users like certain robot behaviors. In these cases it can be
interesting to directly compare samples against one another, and try to optimize
the objective function through preference ratings. In [173], an approach is pre-
sented showing how this can be achieved using a likelihood function comparing
two samples.

Under this proposition, the dataset D consists of M ranked pairs establishing
preference between samples:

D = {ri � ci, i = 1 . . .M}, (5.15)
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where � indicates the preference relationship between r and c. ri and ci are
samples from the training dataset {xj, j = 1 . . . n}. The key concept behind
this approach for preference is the assumption that there exists a latent function
value f , f(xi) associated with every training sample xi such that the function
values {f(xi)} preserve the preference relationships dictated by equation 5.15.
Note that the latent values that f takes do not have any physical meaning, as only
preference relationships are specified. The Bayesian treatment of this approach
consists in imposing a Gaussian process prior on the latent function values f and
choosing a suitable likelihood. The chosen Gaussian Process prior is zero mean
and of covariance matrix K:

p(f) =
1√
|2πK|

exp

(
−1

2
fTK−1f

)
. (5.16)

The likelihood function defined in absence of noise is expressed as

p(ri � ci | f(ri), f(ci)) =

1, if f(ri) ≥ f(ci)

0, otherwise.
(5.17)

Similarly to section 5.2.2, the latent function f can be augmented with iid Gaus-
sian noise of zero mean and variance σ2

n: ε ∼ N (0, σ2
n). The stochastic value

functions v(.) for items r and c is expressed as

v(ri) = f(ri) + ε (5.18)

v(ci) = f(ci) + ε. (5.19)

The likelihood in equation 5.17 then becomes

p(ri � ci | f(ri), f(ci)) = p(v(ri) > v(ci) | f(ri)f(ci)) (5.20)

= p(ε− ε < f(ri)− f(ci)) (5.21)

= Φ(Zi), (5.22)

with
Zi =

f(ri)− f(ci)

σn
√

2
, (5.23)

and Φ(.) is the Cumulative Distribution Function CDF of the standard normal dis-
tribution. This stems from the observation that ε−ε ∼ N (0, 2σ2

n) = N (0, (
√

2σn)2)
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from the difference of two independent Gaussians (ε is iid). The likelihood of the
model can then be written as

p(D | f) =
M∏
i=1

p(ri � ci | f(ri), f(ci)). (5.24)

Using Bayes’ rule the posterior probability can be expressed below

p(f |D) =
p(f)

p(D)

M∏
i=1

p(ri � ci | f(ri), f(ci)), (5.25)

where p(f) is given by the Gaussian Process prior in equation 5.16, and p(D) is
the normalization constant. Unlike in section 5.2.2, the non-Gaussian likelihood
function means that the posterior is no longer analytically tractable. A solution to
find the posterior distribution consists in applying the Laplace approximation by
Taylor-expanding the log-posterior around a point f̂ :

log p(f |D) = log p(f̂ |D) + gT (f − f̂)− 1

2
(f − f̂)TH(f − f̂), (5.26)

where g = ∇f log p(f | D) and H = −∇f∇f log p(f | D). By expressing the
Taylor-expansion at the maximum a posteriori (MAP) f̂ = fMAP , the gradient g
disappears leaving the following approximation:

p(f |D) ≈ p(fMAP |D) exp

[
−1

2
(f − fMAP )TH(f − fMAP )

]
∝ N (fMAP , H

−1).

(5.27)

The expressions of the gradient g and the Hessian matrix H can be obtained alge-
braically, as detailed in [173, 167]. As the Hessian matrix is positive semi-definite,
the MAP estimate fMAP can then be found using Newton-Raphson recursion.

Finally, for a set of test points X∗, and using the same notation for the covari-
ance matrices between the test and training sets as in section 5.2.2, the predictive
posterior distribution p(f ∗ |D) is written as a convolution of two Gaussians:

p(f ∗ |D) =

∫
p(f ∗ | fMAP )p(fMAP |D)dfMAP (5.28)

∝ N (KT
∗ K

−1fMAP , K∗∗ −KT
∗ H

−1K∗). (5.29)
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5.2.4 Bayesian optimisation

In an optimisation scheme, the aim is to find the best evaluation of the objective
function f . This is achieved by placing a surrogate model on f , sampling the
objective function at different inputs, and computing the expected maximum of f
according to the surrogate model. In this thesis, Gaussian Process priors are placed
and the predictive posterior distributions are computed as described previously.
The predictive posterior distribution can then be sampled to find the optimal input
x maximising f .

An important part of this process consists in determining where next to sample
the objective function. To this aim, an acquisition function can be defined. For
any given input x, the acquisition function associates a value representing how
beneficial it would be to select x as the next input to sample. The optimal next
sample according to that acquisition function is the input x that maximises the
acquisition function. The benefit associated with an input x depends on how
the acquisition function is defined. In general, choosing an acquisition function
corresponds to making a trade-off between exploring parts of the input space with
high uncertainty, and exploiting the current best evaluations of f to generate an
even better estimate. This section presents several common acquisition functions
used in this thesis.

An intuitive acquisition function is the probability of improvement (PI) de-
fined as

PI(x) = p(f(x) ≥ f(x+)) (5.30)

= Φ

(
µ(x)− f(x+)

σ(x)

)
, (5.31)

where x+ = argmaxxi∈x1:t
f(xi) is the sample corresponding to the highest past

observation (considering t past observations). The mean µ(x) and variance σ2(x)

are sampled from the predictive posterior distribution for a given test input x.
The main limitation of this acquisition function is that it will always favour ex-
ploitation over exploration: a test input with an infinitely small positive difference
µ(x) − f(x+) will always be selected over one with a slightly lower expected
mean but large variance. This can be remedied somewhat by introducing a coeffi-
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cient ξ such that

PI(x) = Φ

(
µ(x)− f(x+)− ξ

σ(x)

)
. (5.32)

This has for effect to make the acquisition function select the input most likely to
offer an improvement of at least ξ, as opposed to any improvement at all. Further-
more, the value of ξ can be varied over time, e.g. to favour exploration early on
and exploitation later.

Another notable acquisition function is the expected improvement acquisition
(EI) function, used to trade off exploration and exploitation. It can be shown
[167, 165] that the expected improvement can be derived analytically from the
posterior distribution such that:

EI(x) =

(µ(x)− f(x+)) Φ(Z) + σ(x)φ(Z), if σ(x) > 0

0, if σ(x) = 0
(5.33)

Z =


µ(x)−f(x+)

σ(x)
, if σ(x) > 0

0, if σ(x) = 0
, (5.34)

with φ(.) denoting the Probability Density Function (PDF) of the standard normal
distribution. Unlike the default formulation of the probability of improvement
acquisition function, the expected improvement acquisition function considers the
magnitude of improvement achievable by a test input x. Figure 5.4 illustrates the
optimisation process for a one dimensional case. The red vertical line shows the
next acquisition point provided by the EI acquisition function. Similarly to the the
probability of improvement, a term ξ can be added to the expected improvement
acquisition function to tune the trade-off between exploration and exploitation:

EI(x) =

(µ(x)− f(x+)− ξ) Φ(Z) + σ(x)φ(Z), if σ(x) > 0

0, if σ(x) = 0
(5.35)

Z =


µ(x)−f(x+)−ξ

σ(x)
, if σ(x) > 0

0, if σ(x) = 0
. (5.36)

Different strategies and scheduling schemes have been explored to choose ξ [167],
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Figure 5.4: 1D Bayesian optimisation. Top: blue curve: true objective function,
red curve: predicted mean, Green patch: area representing plus or minus 2 stan-
dard deviations from the mean. The bottom blue curve represents the values of
the EI acquisition function. The red vertical line shows the optimal next point to
sample suggested by the EI acquisition function.

including scaling ξ by the signal variance. Ultimately, these choices reflect design
strategies for the optimizer in terms of weighing the different trade-offs, and ex-
perimental constraints can help to guide those decisions. As noted in [174], a
single acquisition function is unlikely to be suitable in all cases, and so a portfolio
of acquisition functions is typically used in practice. Finally, the following acqui-
sition functions present a few different strategies: the maximum expectation func-
tion ME(x) = σ(x) represents pure exploration; Thompson sampling consists
in drawing a random function from the Gaussian Process and using its maximum
valued input as the next sample; and lastly the random acquisition function simply
picks a random next sample.

A comparison of the optimisation process obtained when using both the direct
sampling optimisation and the preference based optimisation methods is shown
below on a 2D problem. These optimisation approaches will be referred to as the
graded approach and preference approach respectively, since in our application
direct sampling requires users to numerically grade the performance of the system
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Ground truth

Graded approach Preference approach

Figure 5.5: 2D Bayesian optimisation of an unknown objective function (top),
using a graded approach (left), and a preference approach (right).
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for a given set of parameters. Figure 5.5(top) shows the true objective function
whose maximum the optimisation process is trying to find. Figure 5.5(left) shows
the predicted distribution mean values over the sampled space obtained from the
graded approach (i.e. where it is possible to sample function values directly).
Figure 5.5(right) shows the predicted distribution mean values over the sampled
space obtained from the preference approach. Note that the values of the predicted
mean for the preference approach do not correspond to those of the true objective
function, since those values are never sampled directly.

Both approaches perform well in this scenario, however an interesting obser-
vation can be made with regards to the preference approach. In the graded ap-
proach, samples are provided one by one and the acquisition functions naturally
provide a suggestion for the next sample. In the preference approach, however,
samples are provided two by two. In order to obtain completely new samples, the
optimizer would need to specify two next samples. In practice one of the samples
is drawn from the list of previous samples under some criteria. In this work, two
different such criteria were considered. The first one involves always picking the
last sample obtained. The advantage of this approach is that it avoids having to
show a previous sample again to the user to refresh their memory, losing time in
the process. The second criteria involves always picking the best previous sample
out of all samples. While the first criteria seemed to offer practical advantages,
the second criteria was found to perform better as the preference test at every new
sample effectively reduces to asking the user whether this sample is his or her
preferred sample of the entire dataset.

5.3 Application of Bayesian Optimisation to
Adaptive Motion Scaling

Having established all the essential requirements for performing Bayesian opti-
misation using graded and preference approaches, this section presents the appli-
cation of these methods to the optimisation of the adaptive motion scaling model.
Details about the models used and notable differences with the setup from chapter
4 are presented first, followed by the experimental protocol and the results.
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5.3.1 System Design and Improvements

Figure 5.6: Overview of the bimanual master-slave system comprising: 2
Omega.7 devices (1) and (2), a Tobii eye-tracker (3), two actuation units (4) and
(5) with their respective instruments, and an Olympus stereoscope (6). Three
Kuka iiwa robotic arms are visible in the background.

The presented system is nearly identical to the one presented in chapter 4, al-
lowing for a direct comparison of the manually optimised parameters against the
ones obtained from the Bayesian optimisation process. The system is shown in
Figure 5.6. An Olympus stereoscope, also illustrated in Figure 3.9 is mounted in
place of the previously used custom stereoscope system. The two 6-DoF flexi-
ble instruments are actuated via custom-designed actuation units attached to the
robotic arms, which recieved several improvements relative to those presented in
chapter 4.

A supporting structure was added at the bottom of the instrument casing to
provide a secure coupling between the instrument and the actuation unit. The
adapter to the Kuka robotic arm was redesigned for additional strength. Together,

128



these changes serve to reduce the propagation of vibration to the instrument tip.
Lastly, the Olympus stereoscope was used to provide a better image quality and
depth perception. These changes serve to improve the repeatability and accuracy
of the system without affecting it’s behaviour. The graded and preference optimi-
sation approaches were implemented from the scratch using a zero-mean Gaus-
sian process as detailed in section 5.2. An SE kernel was used, with a lengthscale
l =

√
d

10
, where d is the dimension of the input samples (d = 4). This increase of

the lengthscale relative to the dimensionality can be intuitively understood when
considering the range of Euclidean distances possible for a given value of d. Since
the SE kernel compares the Euclidean distance between two vectors, if the maxi-
mum Euclidean distance possible increases, so should the lengthscale. Given that
all input dimension are normalized to the [0, 1] range, the maximum Euclidean
distance between two vectors of dimension d is

√
d. As such, a lengthscale of

l = 1
10

in one dimension is equivalent to a lengthscale of l =
√
d

10
in d dimensions.

This makes it possible to specify to specify a desired one-dimensional behaviour
and retain it for d dimensions. A portfolio of acquisition functions was designed
for the optimisation process, containing the expected improvement, Thompson
sampling, and maximum exploration acquisition functions.

5.3.2 Experimental Protocol

In order to test each optimisation approach and evaluate their impact on the perfor-
mance of the system, a user study was conducted. A total of twelve experiments
were carried out. Six non-clinical participants with experience using master-slave
robotic systems were brought in to train with the adaptive motion scaling. The
training lasted for as long as the participants felt was necessary, and until the
experimenter felt the subject was proficient enough with the system (minimum
training time of 5 minutes). The set of parameters used for the system during the
training was the manually optimised parameters, although this was intentionally
not revealed to the users.

Each participant performed two sets of experiments, one for the graded ap-
proach and one for the preference approach. The order of these sets of exper-
iments was randomised between the participants. Each set of experiments itself
consisted of two phases. The first phase was a sampling phase in which the system
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was loaded with a specific set of parameters and the user was asked to perform a
ring transfer task twice. At the end of the task the user graded the system perfor-
mance, if during the graded approach set of experiments. If during the preference
approach set of experiments, the user told the experimenter whether the system
performance he experienced was his favourite so far. At the end of the sampling
phase the system predicted the user’s optimal set of parameters. The second phase
was a performance assessment phase using the result of the optimisation. In a
blind study whose order was randomised across participants, the user was then
shown either the manual optimisation parameters, or the predicted optimal set of
parameters. The user was asked to perform the ring transfer task four times with
each set of parameters, during which their performance was recorded. After com-
pleting the tasks for both sets of parameters, the users were asked which set of
parameters they preferred.

The ring transfer task is illustrated in Figure 5.7 and consisted of the following
sequence:

• Both instruments start at the extremities of the peg board, above one of the
side pegs.

• Both Omega.7 master devices also start at the outermost edge of their workspace.

• The left instrument starts with the ring.

• The left instrument brings the ring to the right instrument.

• The right instrument takes the ring and the left instrument goes back to its
starting position.

• The right instrument brings the ring to the left instrument.

• The left instrument takes the ring and the right instrument goes back to its
starting position.

Each sampling phase consisted of 12 samples. In addition, participants were
allowed to repeat any given task as many times as they wanted if they felt unsure
about how to rate the system’s performance. Given that the ring transfer task
had to be performed at least twice for each sample, every participant performed
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Figure 5.7: Ring transfer task

the ring transfer task at least 64 times. The peg board used was the same one
used in [175], thus preserving the dimensions of the task. Graded values were
given between 0 and 20, where 20 is the best performance. These values where
internally shifted to a -10 and 10 range so as to have a 0 mean. The 0 to 20 range
was used with participants as they were observed to be reluctant to give negative
values. The same metrics as in the previous chapter were used to quantify the
performance of the system, namely the task completion time and the number of
times the system was clutched.

5.3.3 Results

The outcome of the second phase of each set of experiments, in which participants
blindly tested the result of the Bayesian optimisation against the manual optimi-
sation, is that in all but one case users preferred the result of the Bayesian optimi-
sation over the manually optimised parameters. This results in a 91.7% success
rate (11 experiments out of 12) for the Bayesian optimisation methods in terms
of system behaviour improvements. This is particularly noteworthy as the partic-
ipants had been unknowingly biased towards the manually optimised parameters
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Figure 5.8: optimisation study performance results

by using them during the training session.
Additionally the performance assessment shows that the results of the Bayesian

optimisation were at least as good as the results of the manual optimisation. Figure
5.8 shows the results of the performance evaluation for the different types of opti-
misation. Numerical values for the mean and median of the task completion time
and number of times the system was clutched are listed in Table 5.1. The statis-
tical significance between the different optimisation approaches for those metrics
are listed in Table 5.2.

Note that no statistically significant difference is present in terms of time spent
to perform the tasks. This is remarkable as the manual parameters were optimised
for responsiveness and performance. In terms of number of times the system had
to be clutched, the preference approach shows no statistically significant differ-

Mean Median

Manual Preference Graded Manual Preference Graded

Number of times
clutched 8.58 7.17 5.17 9.00 7.50 4.50

Total task time (s) 154.4 147.5 129.6 146.3 162.4 101.9

Table 5.1: Mean and median results from the blind study comparing the different
optimisation approaches.
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Manual Preference Graded

Manual - 0.282 0.047

Preference 0.282 - 0.292

Graded 0.047 0.292 -

Manual Preference Graded

Manual - 0.820 0.335

Preference 0.820 - 0.588

Graded 0.335 0.588 -

Table 5.2: p values from Wilcoxon ranksum tests for the different optimisation
approaches. Left: values comparing the number of times the system was clutched.
Right: values comparing task completion times.

ences compared to the manual optimisation. However, the graded approach shows
a statistically significant improvement of 50% over the manual optimisation, with
a p-value of 0.0477. This can be explained by the fact that the performance-
oriented, manually optimised parameters would sometimes be the cause of small
overshoots or imprecisions for some users, who would then have to readjust their
position.

Interestingly, a common optimisation result seemed to involve a compromise
between reducing the maximum scaling factor sc, and increasing the sensitivity
via kd and ks. In this manner users would reach the top speed more easily, but
the reduction in top speed meant that users did not overshoot. Figure 5.9 shows
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Figure 5.9: Coefficient progress for the graded approach. Blue: normalized dis-
tance to the optimal parameter set. Red: negative of grade given. The objective
distance refers to the normalized Euclidean distance between the current parame-
ter vector and the final parameter vector.
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Figure 5.10: Coefficient progress for the preference approach. Blue: normalized
distance to the optimal parameter set. Red dot: sample was not preferred to the
previous best sample. Green dot: sample was chosen as the new best sample. The
objective distance refers to the normalized Euclidean distance between the current
parameter vector and the final parameter vector.

the graded optimisation process for one user. In Figure 5.9 and Figure 5.10, the
normalized distance is obtained by considering the final result of the optimisation
as the true optimal sample, and computing the distance between that sample and
each other sample. As can be seen, Bayesian optimisation is well apt at finding a
result that matches the observations.

The sole instance of a user preferring the manually optimised parameters over
those obtained using Bayesian optimisation was obtained during the second phase
of a preference approach. Due to the criteria chosen for the selection of the first
sample of the next pair (i.e. take the previous best encountered), the system can
be led to evaluate many pairs containing the same, ‘best’ sample. This can be
seen in Figure 5.5, where a sample gets tested against many different samples.
Combined with noisy measurements, this can lead to errors if a sample is erro-
neously preferred over one that has been itself preferred over a large population
of samples.

Lastly, a survey was conducted with the participants after the study. While half
of them preferred the process of the preference approach, none of the participants
found that the results from the preference study performed better. This could
be due to the fact that the preference approach only supports binary inputs for a
given sample pair, thus limiting the user’s capability to specify detailed gradients
of preferences.
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5.4 Discussion and Conclusion

This chapter presents a principled approach to the optimisation of human-robot
interfaces. Often manually tuned by a single user, the performance of human-
robot interfaces can vary significantly between users. This can be particularly
detrimental when these interfaces impact directly the robot behaviour, potentially
resulting in undesired motions. In this chapter, Bayesian optimisation is used
to provide a meaningful way to perform user-specific tuning of the behaviour
of the adaptive motion scaling scheme, previously presented in chapter 4. Two
optimisation approaches are used: a graded approach in which users attribute a
numerical value to a given system behaviour, and a preference approach in which
users specify which system behaviour they prefer amongst those observed.

The results show that both optimisation approaches are able to provide at least
similar system performance than the manual optimisation, while displaying more
intuitive behaviour. In the case of graded optimisation, the system actually per-
formed significantly better while also providing a more intuitive behaviour, and
with only 12 samples needed. These results highlight the limitations of relying
on manually optimised parameters when designing key aspects of human-robot
interfaces. The fact that the manually optimised parameters, chosen to maximise
performance, felt both less intuitive and showed worse performance than those
obtained through a realistic optimisation procedure illustrates just how beneficial
using optimisation approaches can be.

It is also interesting to note that the optimised parameters were typically sig-
nificantly different from the manually chosen ones, highlighting the limitations
of relying on intuition alone. In chapter 4 the parameters kd, ka, and ks were all
thought of as safety parameters intended to prevent the system from misbehaving,
and so set to fairly strict values. To compensate, the parameter sc dictating the
maximum achievable scaling was set to be relatively high, reflecting the idea that
if the conditions set by kd, ka, and ks are met, a substantial boost to the scaling
factor will be introduced. Contrarily, the result of the optimisation would typically
lower the maximum achievable scaling sc while relaxing the constraints dictated
by kd, ka, and ks. This resulted in a system more responsive to situations where
the adaptive motion scaling might help, while substantially limiting any risk of
overshoot. This result highlights the power of optimisation for finding new and
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more optimal solutions than simply those available through intuition.
A limitation of the presented evaluation study is the small number of par-

ticipants. Due to practical limitations regarding the availability of some of the
system components, only six participants were able to be recruited for the study.
A substantial amount of data was collected from each participant, allowing to
draw meaningful conclusions with regards to the user-specific optimisation re-
sults. However, the small number of participants did not allow for the study of
population behaviour. While most users seemed to gravitate towards parameters
described in the previous paragraph, it is difficult to derive a meaningful analysis
of whether different population groups would have emerged from the optimisation
process.

This chapter also highlights the suitability of Gaussian processes for human-
robot interface applications thanks to their flexibility, data-efficiency, and the fact
that the structure of these models is formulated as high-level constraints through
the kernels. In this chapter, the model presented in chapter 4 was used to control
the motion scaling, and only its parameter values were modelled with Gaussian
processes, used as surrogate models through the optimisation process. It would
have been possible to forego the model presented in chapter 4, and instead model
the motion scaling itself directly from the input values using Gaussian processes.
This would have allowed more flexibility in the final model, perhaps yielding even
better results. However, being able to provide a model structure, as in this appli-
cation, allows the system to quickly reach efficient system behaviour with very
few samples. In the next chapter, Gaussian processes are used to model directly
desired system behaviour, and the necessary adjustments required are discussed.
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6

Context-Aware Augmented Reality
Display

6.1 Introduction

The previous chapters focused on the development of implicit robot control inter-
faces, leveraging gaze data to infer user intention and adapt system behaviour ac-
cordingly. This chapter makes use of, and expands on the same approach to tackle
a key issue with augmented reality interfaces: when to display the augmented re-
ality and how to control this display behaviour. Traditionally, augmented reality
interfaces are controlled using an on/off switch, where the entire augmented real-
ity overlay is either fully shown, or fully hidden. This display behaviour can be
problematic depending on the type of surgical procedure being carried out, and
has been demonstrated to cause inattentional blindness [139, 131]. An example of
this is tumour resection in neurosurgery. Due to the critical importance of healthy
brain tissue, it is imperative for the surgeon to observe the narrowest resection
margins possible, while at the same time making sure to remove the tumour com-
pletely to avoid another traumatic procedure. Under these circumstances, accurate
image guidance is invaluable. Augmented reality is an ideal candidate to provide
this intra-operative image guidance, as it allows the surgeon to benefit from the

Content from this chapter was published and is reproduced with permission from:
Context-Aware Modelling for Augmented Reality Display Behaviour. Gras G., Yang G-Z.

In Robotics and Automation Letters 2019.
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image guidance while operating. This is in contrast to existing solutions in which
the surgeon is required to stop operating to check the current progress using a tri-
planar display of the registered pre-operative scan. However, due to the powerful
magnification of surgical microscopes, the field of view is typically heavily nar-
rowed during these operations, such that the tumour takes up a substantial portion
of the screen. As such, a traditional augmented reality display would cover most
of the field of view when activated. While different trade-offs can be made on the
appearance of the augmented reality overlay, as discussed previously in section
2.4.3, an augmented reality overlay covering a substantial portion of the screen
will necessarily hide some information from the surgeon. This can be particularly
dangerous if events that would require immediate attention, such as uncontrolled
bleeding, are not noticed right away.

This chapter exploits the gaze-contingent methods developed previously in
chapters 3, 4, and 5 to infer the ideal augmented reality display behaviour based
on the current context. By training a model making use of gaze data, instrument
tracking, and tumour registration information, the proposed system is able to au-
tomatically select the augmented reality display mode that best matches the user’s
actions. This approach removes the need to manually switch the augmented real-
ity on and off, thus making sure the augmented reality is always activated when
image guidance is required, while not occluding the field of view otherwise.

Furthermore, the fact that the augmented reality display mode is automati-
cally selected by the model opens up the possibility to introduce more specialised
augmented reality display options. These specialised display modes can provide
more advantageous visualisation options, but are only suitable in specific condi-
tions. An example of this, used in this work, is a partial augmented reality display
mode highlighting only a fraction of the tumour contour close to the cutting in-
struments. This display mode allows the user to visualise the tumour margins
during cutting motions without obstructing most of the surgical view. Such spe-
cialised augmented reality displays would be unwieldy to control manually, as
users would either need to toggle through multiple modes or use several buttons.
Using a context-based model, however, additional display modes can be added
without additional burden to the surgeon while providing valuable new visualisa-
tion options automatically.

Building on the work of the previous chapters, this chapter presents a data-
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efficient multi Gaussian process model to control the augmented reality behaviour.
The multi Gaussian process model acts as a multi-agent voter model where each
agent votes for a specific augmented reality display mode. This model is capable
of integrating meaningful priors for the different modes, able to specify default
clinically-friendly behaviour even when substantially outside of the training set.
Additionally, this work illustrates how uncertainty propagation in the model can
be used to improve the training efficiency, helping the user identify areas of high
model uncertainty during training. A detailed simulated robotic environment is
presented, used to replicate conditions similar to a well-registered robotic tumour
contour marking task. The results of a detailed simulated experiment for this
task with 15 users demonstrate the usefulness the proposed approach, with clear
reductions in inattentional blindness and task times.

6.2 Simulator and System Overview

6.2.1 Simulator

The aim of this work is to explore how different forms of augmented reality dis-
play behaviour impact the performance of surgical tasks. More specifically, this
work aims to develop and study the advantages of context-based augmented real-
ity display behaviour for surgical robotics. For this purpose, a system possessing
the following is necessary:

1. Controllable robotic instruments, using accurate kinematic behaviour. This
is important to replicate the same interaction limitations that would be present
in a surgical procedure.

2. A dynamic environment, resulting from the interaction between the surgical
instruments and a deformable tissue surface. This is a key requirement as a
static environment would trivialize most image guidance-based tasks.

3. A segmented and registered tumour.

To meet the above requirements in an easily controllable and repeatable setting,
the presented augmented reality display behaviour model is integrated and tested
in a surgical simulator. The simulated environment consists in a pair of simulated
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(a) (b)

Figure 6.1: Illustrations of the simulator (a) without augmented reality, (b) with
augmented reality displaying a small tumour.

robotic instruments and a deformable brain model. The simulated robotic instru-
ments are virtual replicas of the 7-DoF instruments presented in [160, 159], and
used in the previous chapters 4 and 5. The same kinematic solver used to drive
the real robot is used to solve the kinematics of the simulated instruments, such
that their behaviour matches closely the behaviour of the real system. The only
difference with the instruments presented in the previous chapters is that the end-
effectors mounted on the simulated instruments are standard surgical grippers. In
this work, the left instrument is equipped with a surgical sucker, and the right in-
strument is equipped with a scissor. Both of these are standard surgical instrument
end-effectors that also exist in the robotic system.

The instruments can interact with the simulated brain model using deformable
physics. In this work, the Bullet Physics engine is used to handle the dynamic
collisions between the instruments and the deformable brain. Additionally, a vir-
tual tumour is contained within the deformable brain. The tumour deforms with
the brain, such that the simulated surgical scene stays realistic during deforma-
tions without having the risk of the tumour piercing through the deformable brain.
Figure 6.1 shows the simulated environment. Note that the deformable model
obtained using the Bullet Physics dynamic collisions provide no guarantee to ac-
curately model the deformations of real brain tissue resulting from the forces ex-
erted by the simulated surgical instruments. This, however, is not an issue for the
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Figure 6.2: System overview.

purpose of this work. The deformation modelling is only used to simulate the dif-
ficulty in following precise moving tumour margins posed by deformable tissues
during a real procedure. A lack of dynamic deformations would be unrealistic and
could trivialize the simulated tasks, as the simulated scene would be perfectly (and
unnaturally) static. This could allow for the memorization of the tumour margins,
potentially skewing the results and bypassing challenges encountered in real sys-
tems. Note that this assumes the availability of intra-operative image guidance
to update the tumour position. This could be intra-operative ultrasound, MRI, or
vision-based modelling, for example.

6.2.2 System Overview

The simulated robotic system is actuated using two Omega.7 haptic devices (Force
Dimension, Switzerland), similarly to the real robotic system. Likewise, a footpedal
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is used to activate and clutch the robotic system. Figure 6.2 illustrates the system
components. The right footpedal 6.2(6) is used to activate/deactivate the robot,
and the left footpedal 6.2(4) is used to clutch/unclutch the robot. The top footpedal
6.2(5) is used to toggle the augmented reality display on or off when in manual
mode, as described in the user study section 6.4.2. Additionally, both Omega.7
haptic devices simulate a “gripper button” by exerting a small force opposing the
gripping motion when the gripper is nearly closed. Overcoming this force reg-
isters the “gripper button” as pressed down. The user can activate the simulated
sucker mounted on the left instrument using this feature by fully pressing the left
Omega.7 gripper. Likewise, fully pressing the right Omega.7 gripper will activate
the “cutting mode” of the scissor, used to mark the contour of the tumour. Lastly,
a Tobii Pro X2-60 eye tracker (Tobii AB, Sweden) is used to detect the user’s gaze
with an update rate of 60 Hz.

6.2.3 Model Inputs and Outputs

The purpose of the presented system is to determine the desired augmented reality
display mode based on the scene context. This effectively requires the creation a
model of the augmented reality display behaviour, where the input consists of
data from the surgical scene and the output is the augmented reality display mode.
Three augmented reality display modes are chosen in this work:

1. No augmented reality.

2. Full augmented reality, where the entire tumour is shown.

3. Partial augmented reality, where only a fraction of the tumour is revealed
with the augmented reality.

These modes are illustrated in Figure 6.3. The partial display mode is introduced
to exploit the advantages of the context-based nature of the proposed method. As
the augmented reality requires the tumour to be segmented and registered, the tu-
mour contour and its projection on the surface tissue are also known. As such,
during contour marking or cutting motions, it could be beneficial to only reveal
the area surrounding the tumour edge with the augmented reality. The partial aug-
mented reality display mode does exactly this. When enabled, it locates the point
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(a) (b) (c)

Figure 6.3: Illustration of the three augmented reality display modes with the sim-
ulator view used in the tumour contour marking task. (a) No augmented reality.
(b) Full augmented reality. (c) Partial augmented reality.

on the tumour contour closest to the cutting tool and highlights the tumour edge
around that area. This mode allows the user to visualise the tumour edge where
they are performing the cutting motion, while not obstructing the line of sight to
other parts of the surgical workspace. The method used for the display of the
augmented reality is an inverse realism method, based on [137]. An efficient low-
latency pipeline for augmented reality stereo rendering was developed, as well
as improvements regarding the augmented reality texture modulation. These are
presented in detail in chapter 7, sections 7.3 and 7.4, where they play an important
role for force visualisation and depth perception.

In this work, the model inputs consist of values describing the position of the
surgical instruments, gaze fixation point, and relative tumour position. To limit the
input dimensionality, these were processed into five values. These are illustrated
in Figure 6.4 and described below:

• The distance between the projection of the tumour centre on the tissue sur-
face (labelled as (1) in Figure 6.4) and the suction tool end-effector (labelled
as (2) in Figure 6.4). This distance is labelled (a) in Figure 6.4.

• The distance between the projection of the tumour centre on the tissue sur-
face (labelled as (1) in Figure 6.4) and the cutting tool end-effector (labelled
as (4) in Figure 6.4). This distance is labelled (d) in Figure 6.4.

• The pixel distance between the 2D gaze fixation point (labelled as (3) in
Figure 6.4) and the 2D projection in screen coordinates of the suction tool
end-effector (labelled as (2) in Figure 6.4). This distance is labelled (b) in
Figure 6.4.
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• The pixel distance between the 2D gaze fixation point (labelled as (3) in
Figure 6.4) and the 2D projection in screen coordinates of the cutting tool
end-effector (labelled as (4) in Figure 6.4). This distance is labelled (c) in
Figure 6.4.

• The distance between the cutting tool end-effector (labelled as (4) in Figure
6.4), and the point on the tumour contour closest to the cutting tool end-
effector (labelled as (5) in Figure 6.4). This distance is labelled (e) in Figure
6.4.

The distances a, b, c, d and e from Figure 6.4 are the model inputs, grouped
into the input vector x evaluated at every time step. This input representation
was chosen as it contains the key variables necessary to specify the desired aug-
mented reality display behaviour chosen in this work, as detailed in section 6.4.1.
Alternatively it would be possible to use dimensionality reduction techniques as
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Figure 6.4: Definition of distances used as inputs in the augmented reality display
behaviour model. 1 represents the projection of the tumour centre on the brain
tissue surface. 2 represents the suction tool end-effector. 3 represents the 2D gaze
point in screen coordinates. 4 represents the cutting tool end-effector. 5 represents
the point on the tumour contour closest to the cutting tool end-effector.
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part of the learning process of the model, so as to remove this design choice.
However, this would likely increase the amount of data required for the resulting
model to achieve a similar performance, thus increasing the training time of the
model. Additional alternatives are discussed in section 6.5. Note that, as in the
work presented in chapter 5, the values of the input vector x are normalized to a
[0, 1] range.

6.3 Multi Gaussian Process Modelling

6.3.1 Gaussian Process Voters with Meaningful Priors

In order to be able to select the appropriate augmented reality display mode de-
pending on the scene context, a model of the augmented reality display behaviour
is necessary. Using the model inputs and outputs defined previously in section
6.2.3, several important considerations can be noted to help with the choice of the
model.

Firstly, the model must be highly data-efficient. The reason for this require-
ment is similar to the one in the approach presented in chapter 5. In that previous
work, the desired robot behaviour was learned in a supervised manner through
user input. In order to rapidly generate a user-specific model, it was key to use
a highly data-efficient model since users were required to assess each robot be-
haviour individually during the training process. However, in that work the model
structure was already chosen and only the parameters of the model were learned
using Bayesian optimisation. This was because reasonably strong assumptions
could be made intuitively to guide the design of the model, leaving key parame-
ters as a way to tune the robot behaviour. Instead, the work proposed here aims
to learn the model entirely, relying on as few assumptions as possible. This is
in part motivated by the fact that it is harder to intuitively come up with a model
structure for the augmented reality display behaviour. Unlike in chapter 4 where
the adaptive motion scaling could intuitively be thought of as a combination of in-
dependent driving and safety factors, each of which could be modelled linearly, it
is much more challenging to find a similar logic in this application. For example,
it is clear the partial augmented reality display should be displayed during cutting
motions, e.g. when the user is fixating the cutting tool while the cutting tool is
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close to the tumour. But what if the suction tool is close by? What if the user
is fixating something else? Most importantly, while it is possible (and necessary,
to train the model) for a given user to come up with a specific desired display
behaviour, another user might have completely different preferences.

The second consideration is that the resulting model should possess a safe
default behaviour, even when operating substantially outside of the training set.
This is particularly important considering the comparatively low target amount of
training data relative to the dimensionality of the problem. In this work, the safe
behaviour is defined as the “No augmented reality” display mode, as this is the de-
fault view used in the operating theatre. Finally, the model should ideally be able
to cope with a training set containing substantially varying quantities of data for
the different labels (i.e. augmented reality display modes). This consideration has
similarities with the desire to enforce a safe default behaviour without requiring
the user to parse a substantial portion of the feature space.

Gaussian processes exhibit many attractive properties relative to the above
considerations. As detailed previously in chapter 5, covariance functions provide
an intuitive way of specifying high-level beliefs about the underlying functions,
allowing for highly flexible models. Additionally, the analytically tractable na-
ture of the posterior predictive distribution in Gaussian process regression makes
it a very practical model. The work presented in chapter 5 demonstrated the
highly data-efficient nature of Gaussian processes, making them useful priors for
Bayesian optimization. Additionally, mean priors are an effective way to specify
default behaviour outside of the training set.

The proposed model consists of three Gaussian processes that act as voting
agents. Each Gaussian process agent encodes an unknown objective function re-
lated to a specific augmented reality display mode, representing the suitability of
that mode to be the correct display mode for the system. For any given input sam-
ple x, each agent votes individually using the predictive posterior distribution for
their corresponding Gaussian process, and the display mode of the agent with the
winning vote is applied. When a new input sample is labelled by the user, each
of the three Gaussian processes is updated with a new observation. The Gaus-
sian process for the matching mode is attributed an observation of value +1, and
the other Gaussian processes are attributed an observation with the value 0. The
resulting architecture is illustrated in Figure 6.5.
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Figure 6.5: Multi Gaussian process model overview.

Each Gaussian process agent has its own kernel and mean prior. To enforce
the “No augmented reality” default behaviour, the Gaussian process correspond-
ing to that mode is attributed a constant mean prior of value one, while the other
Gaussian processes are attributed a mean prior value of zero. Note that in this
work a Gaussian noise likelihood was used to reflect the continuous voter-agent
design, as opposed to a probit classification model, for example, such as the one
used in [173]. Finally, automatic relevance determination (ARD) squared expo-
nential kernels were used for each of the Gaussian processes. This results in a
total of seven hyperparameters for each Gaussian process: one for each of the five
input dimensions as part of the ARD kernel, the kernel signal variance hyperpa-
rameter, and the noise variance hyperparameter. The hyperparameters for each of
the Gaussian processes are independent.

Figure 6.6 illustrates the behaviour of the three Gaussian process voter agents
for a one dimensional example model. The example unknown ground truth func-
tion is illustrated in Figure 6.7(top), where values of 0 correspond to choosing GP
1, values of 1 correspond to choosing GP 2, and values of 2 correspond to choos-
ing GP 3. The behaviour of each of the individual Gaussian processes shown in
Figure 6.6 is simply that of a standard Gaussian process regression. For any given
observation, the Gaussian process of the corresponding mode is attributed an ob-
servation value of +1, and 0 for the other Gaussian processes. Note that the mean
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Figure 6.6: Gaussian process voter agents for three observations. No hyperparam-
eter optimization.
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Figure 6.7: Ground truth and result of the voting process for the Gaussian process
voter agents shown in Figure 6.6.
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Figure 6.8: Gaussian process voter agents for twenty observations. No hyperpa-
rameter optimization.

priors naturally bring back the Gaussian processes to a default value outside of
the observations. The result of the combined voting process is displayed in Fig-
ure 6.7(middle). This result describes the model’s approximation of the ground
truth function displayed in 6.7(top), based on the observations collected. Finally,
Figure 6.7(bottom) shows the mean deviation of the three Gaussian processes.

While at first glance the example model illustrated in Figures 6.6 and 6.7
seems to perform well, there are some important limitations to point out. Fig-
ures 6.8 and 6.9 illustrate the results of the same model for 20 observations. The
first observation that can be made from Figure 6.8 is that the model does not
seem to match the observations really well. This is particularly visible in Figure
6.8(middle: GP 2). This would be understandable if the noise parameter of the
model was high, however in this figure all the model parameters are identical to
those used in Figure 6.6. Additionally, if this was the case the uncertainty measure
would be higher to reflect the added stochastic variation coming from the noise.
On the contrary, the model displays an extremely low uncertainty nearly every-
where. Lastly, even the mean prior does not seem to be respected. This is due to
a saturation of the model, as the fixed hyperparameters chosen do not allow the
model to accurately represent the observed data. Under the assumptions imposed
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Figure 6.9: Ground truth and result of the voting process for the Gaussian process
voter agents shown in Figure 6.8.

on it by the hyperparameters, the model effectively “runs out” of better options
to describe the data, concluding with high certainty that it has an accurate rep-
resentation of the underlying function. This saturation also causes the model to
fluctuate strongly outside of the training data before returning to the mean prior.
This is observable in Figure 6.10, in which a zoomed out view of Figure 6.8 is
displayed. The mean prior is eventually respected, but the saturation of the model
initially causes undesired behaviour.

6.3.2 Hyperparameter Optimisation

To address the issues observed in section 6.3.1, the hyperparameters of the model
must be selected based on the observed data. Fortunately Gaussian processes ex-
hibit some valuable properties related to hyperparameter optimization. As men-
tioned in chapter 5, a common way to select the hyperparameters of a model is to
maximise the marginal likelihood of the model p(y | X,θ). The marginal likeli-
hood is defined as

p(y |X,θ) =

∫
p(y | f , X,θ)p(f |X,θ)df . (6.1)
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Figure 6.10: Zoomed out view of the Gaussian process voter agents for twenty
observations. No hyperparameter optimization.

Note that equation 6.1 represents a slight abuse of notation as p(y | f , X,θ) and
p(f |X,θ) may only depend on a subset of the hyperparameters θ depending how
they are defined. Under the Gaussian noise likelihood, the results presented in
section 5.2.2 can be used to obtain the expression of the log marginal likelihood:

log p(y |X,θ) = −1

2
(y−m)T (K+σ2

nI)−1(y−m)− 1

2

∣∣K + σ2
nI
∣∣− n

2
log(2π),

(6.2)
where the covariance matrix K the mean prior m, and noise variance σn can all
vary with θ depending on the definition of the hyperparameters. This tractable
expression of the marginal likelihood is highly advantageous, as it can be eval-
uated for different values of the hyperparameters θ. The value of θ maximising
equation 6.2 also maximises the likelihood of the model, thus providing a method
to determine the optimal hyperparameters of the model. At this stage different
global optimization techniques can be used to determine the optimal value of the
hyperparameters. Additionally, equation 6.2 is differentiable with regards to the
hyperparameters θ so long as the kernel K is also differentiable with regards to θ.
As this is the case with kernels of the squared exponential family used in this work,
it becomes possible to use gradient descent optimizers to find the optimal value of
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the hyperparameters. In the presented work, five different optimizers were used
in a parallel thread pool to solve this optimization problem. Three derivative-free
algorithms: DIRECT (Dividing Rectangles) [176], DIRECT-L (locally biased ver-
sion of DIRECT) [177], and BOYQA [178]; and two gradient-based algorithms:
LBFGS (Low-storage BFGS) [179] and Conjugate gradients [180]. The conju-
gate gradients algorithm was re-implemented from [166], and the other algorithms
were used through the NLopt library [181]. Multiple randomized starts were used
to avoid local minima.

The capability of Gaussian processes to automatically derive the hyperpa-
rameters from the observed data is highly advantageous. The standard approach
to compare the performance of parameter-based models consists in using cross-
validation across different parameter sets. This method can be highly computa-
tionally expensive and time consuming for large data sets and/or models with a
high number of parameters, as the model must be re-trained completely to allow
comparison for each parameter set. Using Gaussian processes the hyperparame-
ters can be optimized directly by maximising equation 6.2.

Optimization of the hyperparameters allows for far greater flexibility in the
Gaussian process models. As mentioned in chapter 5, varying the lengthscale
of the squared exponential kernels can significantly change the form of function
drawn from the corresponding Gaussian process. When applied to ARD kernels,
possessing individual lengthscales for each input dimension as described in equa-
tion 5.13, this indeed allows performing automatic relevance determination by
effectively weighing the effect of variations along each input dimension. Finally,
being able to estimate the noise variance is also highly advantageous, particularly
so in this application where the exact boundaries between the different augmented
reality display modes may not perfectly consistent during training.

Figures 6.11 and 6.12 show the Gaussian process models resulting from hy-
perparameter optimization using the same observed data as in Figures 6.8 and
6.9. Notice in Figure 6.11 that the data seems to be much more accurately de-
scribed by the model, resulting in part from the shorter lengthscales found by the
optimization process. The combined voting result showed in Figure 6.12(middle)
is also much closer to the ground truth shown in Figure 6.12(top). The key re-
maining inaccuracies in the voting model lie around the boundaries between the
different modes, as data is sparse around those boundaries. However, note that the
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Figure 6.11: Gaussian process voter agents for twenty observations, with hyper-
parameter optimization.

uncertainty of the model accurately reflects this lack of data. For example, Fig-
ure 6.12(bottom) shows a peak in the mean standard deviation around x = 0.65,
reflecting the model’s low certainty as to the exact placement of the boundary
between the two modes of the ground truth function.

Finally, while the hyperparameter optimization described above offers clear
advantages, it can also present drawbacks in some circumstances. The most no-
table limitation is tied to the quantity of observations. If not enough observed
data is available, the presented hyperparameter optimization approach can lead to
overfitting of the hyperparameters [165, 182, 183]. This is because if the hyper-
parameter dimensionality is too high relative to the training data, maximising the
marginal likelihood may result in extreme hyperparameter values able to describe
“well” all the observations. For example, this could result in models with really
high lengthscale values and high noise variance, effectively fitting the observation
to a line with a high estimated noise. Conversely, the data could also be described
with a very low noise model with extremely small kernel lengthscales, where the
resulting model is almost equal to the mean prior everywhere except at the ob-
served data points. As such, in applications with very few observations, it is best
to resort to other methods for the estimation of the hyperparameters of the system.
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Figure 6.12: Ground truth and result of the voting process for the Gaussian process
voter agents shown in Figure 6.11.

This was the case in the work presented in chapter 5, where user knowledge from
the system behaviour could be used to set reasonable values for the hyperparame-
ters without risking to saturate the model. In this chapter, however, the acquisition
of the training samples does not require the robot behaviour to be tested through
a task. The training consists in labelling directly the desired augmented reality
display mode, as described further in section 6.4.1. This makes it possible for a
much quicker acquisition of training samples, allowing for the optimization of the
hyperparameters using the marginal likelihood.

6.4 User Study

6.4.1 Model Training

The model presented in section 6.3 is trained in a supervised manner. The user
performing the training operates the system, and can request a specific augmented
reality display mode at any given moment. As all the model inputs are evaluated
individually at every time step, the system can be paused while the requested aug-
mented reality display mode is used as a label for the current system inputs. The
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(a) (b)

Figure 6.13: Visualisation of the uncertainty during model training. The uncer-
tainty is visualised through the colour of the gaze point, located at the centre of the
light blue circle. The light blue circles are displayed purely to draw the reader’s
attention to the correct points in the image. (a) Low uncertainty: the model has
been trained to recognize the context of the cutting motion. (b) High uncertainty
resulting from an unusual scene configuration.

multi Gaussian process model learns incrementally, meaning the label is instantly
taken into account and used from that point onwards. Optimization of the hyper-
parameters can be performed at arbitrary points during the training procedure, but
does not need to be performed after every new label. Note that the result of a
hyperparameter optimization does not affect the result of the next one, as multiple
randomized starts were used during the optimization process. The main purpose
of the optimization during training is to evaluate the current performance of the
system, and potentially give more meaningful uncertainty measures.

A valuable property of the multi Gaussian process model employed is the abil-
ity to estimate the uncertainty of the model at any give time step. This uncertainty
can be relayed to the user during training, assisting them to improve the data ac-
quisition. By enabling the user to visualise where the model is more uncertain,
the user is able to seek out areas of high uncertainty and provide labels to these
areas. This allows the user to quickly improve the predictions generated by the
model, by providing more meaningful data and avoiding duplicate labelling. In
this work, the visualisation of the uncertainty is performed by marking the user’s
gaze point on the screen, and modulating the colour of that point from red to green
depending on whether the model’s uncertainty is high or low respectively for the
current system configuration. This is illustrated in Figure 6.13.
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The model was trained by an expert user, to enforce a particular desired be-
haviour. While it was initially considered to have every user train the model them-
selves, as was done in 5.3, this idea was discarded for the following reason. Be-
cause the model presented in this work requires the user to specify which mode
they prefer in different contexts, it is important for the user training the model to
have a consistent idea of how they want the model to behave. It is difficult for the
model to generate meaningful results when trained by a user who does not have
a desired system behaviour in mind. Note that this does not mean the trainer is
required to know precisely the boundaries of each of the modes; the whole pur-
pose of the model is to be able to generate that behaviour automatically from the
observed data, and is able to cope noise. This requirement simply expresses the
need for limited labelling noise and is not inherent to this model: a neural net-
work trained to differentiate between cats and dogs with a substantial amount of
wrong labels would also perform poorly. Since the user study was carried out
with novices experienced with using a surgical robot, but not with an image guid-
ance system, this would have required each user to spend time discovering what
their own preferred augmented reality display behaviour was, drastically increas-
ing the time necessary for the whole study. An alternative option would have
been to guide the users during training towards a pre-selected behaviour. How-
ever this solution is very similar to running the study with a pre-trained model,
and does not offer meaningful advantages. A total of 89 labels were collected to
train the model used in the user study, and the hyperparameters were optimized as
described in 6.3.2. The number of labels was purposefully limited to simulate the
behaviour obtainable after a 15-20 minute training session.

6.4.2 Experimental Task and Protocol

A neurosurgical tumour contour marking task was designed to test the proposed
system. The primary aim of the task is to mark the contour of the tumour as accu-
rately as possible, with the secondary objective of performing the task as quickly
as possible. Tumour contour marking is an essential step in the tumour resection
process, as it is when surgeons decides the margins they will use during the resec-
tion. The importance of having positive margins as thin as possible combined with
the delicate nature of the operation make it a prime application for augmented re-
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(a) (b)

Figure 6.14: Visualisation of the marking of the tumour contour (a) for the partial
augmented reality display mode, (b) for the full augmented reality display mode.

ality based image guidance. In neurosurgery the marking of the tumour contour
can be performed with bipolar diathermy or with surgical scissors. In this work
the simulated right instrument is equipped with a scissor end effector. This allows
the user to simulate cutting motions by fully pressing the right Omega.7 gripper
as described in section 6.2.2. The cutting action is visually represented by pro-
gressively changing the colour of the tumour model from its default pink colour
to green around the cutting location. This is illustrated in Figure 6.14. The cutting
in any given area is considered complete when the colour of the tumour in that
area is purely green. This requires users need to maintain the cutting motion for
a small amount of time in any given area, preventing them from unrealistically
quickly completing the tumour marking. The task is complete when the entire
contour of the tumour is purely green.

While the task above replicates the key functionality required to simulate a
contour marking task, it does not capture the risks that arise from the augmented
reality potentially hiding crucial information from the surgeon. Without simulat-
ing changes in the tissue texture that arise from potentially critical events such
as bleeding around the operating site, the simulated task would be unrealistically
static and could trivially be completed by simply keeping the “full augmented
reality” view on all the time. To simulate this additional difficulty, the brain tex-
ture is modulated to make spots appear at random time intervals. These spots can
either be red or white, and pulsate over time. They are illustrated in Figure 6.15.

The red spots represent bleeding and must be removed as soon as possible by
the user. The white spots represent a benign variation in the brain tissue surface,
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Figure 6.15: Visualisation of bleeding spots (in red, labelled 1 and 3 in the fig-
ure), and benign spots (in white, labelled 2 in the figure). The light blue circles
are displayed purely to draw the reader’s attention to the correct points in the im-
age. The spots pulsate according to their own timers, growing larger and shorter
periodically. Their shapes differ slightly but they are all roughly circular.

such as from water pooling up after irrigation of the surgical scene, and can be ig-
nored. The spots can be removed using the sucker mounted on the left instrument.
The sucker is activated by fully pressing the left Omega.7 gripper, as discussed
in section 6.2.2. By pressing the sucker against the surface of the simulated brain
where the spot is and activating it, the spot will be removed. Note that spots do
not disappear on their own, and will keep pulsating until the experiment is over or
until they are removed with the sucker. In the user study, spots appeared randomly
every six to nine seconds. The type of the spot (bleeding or benign) was gener-
ated using a Bernoulli distribution starting with an equal probability (p = 0.5) for
bleeding and benign spots. To limit the effect of randomness, successive gener-
ations of the same type of spot incrementally lowered the probability of drawing
that type of spot by 0.15, making it impossible to generate the same type of spot
more than four times. Upon generation of the opposite type of spot the probability
of drawing either was reset to 0.5.

By order of importance, the task metrics, presented as such to the users, are
thus as follows:

1. Average bleeding time: the average lifetime of a bleeding spot.
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2. Contour marking error distances: the average distance from the scissor end-
effector to the tumour contour during cutting motions.

3. The task completion time.

Two variations of the task were performed. In the first one users were able to
control the display of the augmented reality manually using a footpedal. Press-
ing the top footpedal a first time, illustrated in Figure 6.2(5), would activate the
full augmented reality display. Pressing it again would hide the augmented real-
ity. This manually controlled on/off approach is currently the most widespread
approach to control the display of the augmented reality in the operating theatre.
The second variation of the task uses the proposed gaze-assisted multi Gaussian
process model to control the display of the augmented reality, also referred to as
the smartAR mode below.

The study was conducted with 15 participants, 13 male, 2 female. Participants
were novices without significant prior experience using a surgical augmented re-
ality image guidance system. Participants were first trained with the simulator
without any augmented reality, to familiarize themselves with the control of the
simulated robot. They then trained with the manually controlled augmented real-
ity. The eye tracker would then be calibrated for that participant, and they would
train with the gaze-assisted augmented reality. Finally, the users were given any
free time necessary to be sufficiently proficient with doing both variations of the
task. This would typically involve repeating the task once again for both varia-
tions. During this process, all participants received the same helpful advice for
how to best perform the task. This included advice on how to best control the
robot and best practice for marking the tumour contour. All participants were re-
quired to start marking the tumour contour from the same position, and to mark
the tumour contour following the same direction. The position of the simulated
instruments was reset before every task, as well the user’s hand positions on the
Omega.7 master devices. Finally, every participant performed each version of the
task three times in a randomized order.

6.4.3 Results

The experimental results for the task metrics are reported in Figure 6.16. Numeri-
cal values for the mean, median, and statistical significance of the task metrics are
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Mean Median p-value
Manual SmartAR Manual SmartAR

Bleeding time (s) 11.05 5.74 9.78 5.43 8.32× 10−9

Total task time (s) 108.1 93.99 94.93 80.73 8.42 × 10−5

Position error (cm) 2.81 2.73 2.76 2.70 0.33

Table 6.1: Mean, median, and statistical significance results from the contour
marking study.
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Figure 6.16: Results of the user study.

As can be seen in Figure 6.16, both the average bleeding time and the task
completion time show statistically significant mean and median improvements for
the gaze-assisted augmented reality relative to the manual mode. The average
bleeding time shows a median reduction of 44.5% in favour of the gaze-assisted
augmented reality. Likewise, the task completion time shows a median reduc-
tion of 10.7%. The contour marking error distances only show non-statistically
significant negligible differences between the smartAR and manual modes.
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The substantial reduction in bleeding time with the gaze-assisted augmented
reality can be in large part attributed to the difficulty in identifying bleeding when
the “full augmented reality” mode is activated. While the spots themselves are
easily noticeable, it is impossible to see whether they are red or white through
the augmented reality. In the manual mode, this forces the user to periodically
disable the augmented reality to be able to check for bleeding in the areas where
change was detected. The partial augmented reality display mode, however, leaves
most of the field of view free from any augmented reality overlay, only provid-
ing guidance around the area where the user is cutting. The main limitation of
this display mode is that it is only suited for cutting motions. Outside of cutting
motions, for example if the scissor tool is distant from the tissue surface, the par-
tial augmented reality mode risks flickering quickly back and forth as the closest
contour point to the scissor end-effector can vary rapidly. Additionally, if a spot
appears close to the scissor during cutting motions, the partial mode risks causing
the same problem as when the full augmented reality mode is used, by hiding the
colour of the spot. The multi Gaussian process model alleviates all these issues by
automatically switching between the different modes to make sure that the most
appropriate mode is always used. During the training of the model these differ-
ent cases where encountered and identified, allowing the user to select the most
suitable mode depending on the context. The improvement in the task comple-
tion time is a consequence of this more intuitive interface, removing the need to
manually switch the augmented reality display mode.

The lack of significant improvement in the contour marking error distances is
not surprising, as the multi Gaussian process model was not expected to bring any
improvements in that regard. However, this result is still meaningful as it shows
that a partial view of the augmented reality can be used without reducing the accu-
racy of the image guidance. It should be noted that in an original prototype of the
simulator, the partial augmented reality view was much thinner. Although a full
study was not conducted at the time to assess the performance of that prototype,
early tests seemed to indicate a small loss of accuracy, implying that the partial
view can only be made so small before a loss of accuracy is incurred.
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6.5 Discussion and Conclusion

In this chapter, a novel augmented reality display control scheme is introduced.
Using context from the surgical scene and the user’s gaze, a multi Gaussian pro-
cess model is trained to infer the ideal augmented reality display mode at any
given time step. This allows for the use of specialised augmented reality views,
such as a partial augmented reality display around the tumour contour cutting
motions. This approach tackles a long-lasting issue in augmented reality applica-
tions, namely the need to toggle the augmented reality on or off manually to avoid
obstructing the field of view at important moments. A detailed user study was
performed to evaluate the performance of the system.

Results from the user study show clear improvements in user perception of
the surgical scene and task times during a tumour marking task. The introduction
of the partial augmented reality display mode plays a significant role in lower-
ing the average simulated bleeding time to nearly half of what is achieved in the
manual mode. The capacity of the model to switch the augmented reality display
automatically enables this additional mode to be used without concerns for erratic
augmented reality behaviour. Additionally, the automatic turning off of the aug-
mented reality when the surgical sucker is used allows further improvements in
task completion times. Building on the work of the previous chapter, this chapter
further highlights the strong gains that can be made by developing surgical inter-
faces that take advantage of the scene context, and in particular how eye tracking
data can be leveraged to great effect as a component of these interfaces.

While the model used in the presented approach here performed well, there
are a number of ways in which it could be augmented in future work. A main lim-
itation of the presented model is that it does not take into consideration dynamic
effects. This makes it impossible to consider whole gestures as part of the context.
These could be highly advantageous to use, particularly to switch the augmented
reality display mode in cases where the context would otherwise not indicate such
a switch is necessary. Indeed, a limitation of the current model is that a given
scene context is described entirely by the input values defined in 6.2.3, which are
all distance measures. This formulation increases the possibility of having two
highly different contexts generate the same input vector. This problem can be re-
solved by increasing the input dimensionality, or enhancing the model to account
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for dynamic effects. Finally, other kernels could be used to improve the model be-
haviour, in particular non-stationary kernels to better handle the sudden variations
between modes.
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7

Visual Force-Feedback

7.1 Introduction

The robotic interfaces explored so far in this thesis have all been designed for
master-slave systems. While the master-slave paradigm presents numerous ad-
vantages in terms of precision and control capabilities for highly dexterous in-
struments, traditional master-slave systems are expensive and have a large foot-
print in the operating theatre. As illustrated in Figure 7.1, recent work has fo-
cused on miniaturising master-slave systems and developing new paradigms for
low-footprint systems. In particular, ungrounded hand-held robots allow the sur-
geon to benefit from robotic enhancements while operating similarly to how they
would with conventional instruments [184]. These instruments represent simple,
low cost, yet intrinsically robust alternatives to conventional master-slave and co-
operative control platforms.

These hand-held robots present a completely different interfacing paradigm
than master-slave systems. For example, technological advances in hand-held
instruments have allowed the integration of force sensing capabilities into sur-
gical tools, resulting in the possibility of force feedback during an operation
[185, 186, 187]. Other hand-held robotic probes have incorporated flexible tip-

Content from this chapter was published as:
Visual Force Feedback for Hand-Held Microsurgical Instruments. Gras G., Marcus H.J.,

Payne C.J., Pratt P., Yang G-Z. In Medical image computing and computer-assisted intervention
2015. Reproduced with permission from Springer.
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(a) (b)

(c)(d)(e)

Figure 7.1: From large to small: surgical robots at different scales. (a) Da Vinci
XI® and surgical console, ©Intuitive Surgical (b) Micro-IGES single port sys-
tem, ©2017 IEEE [160] (c) EurEyeCase hands-on robot for eye surgery [189]
(d) Hand-held instrument for confocal laser endomicroscopy, ©2011 IEEE [190]
(e) Hand-held haptic device for neurosurgery, reproduced with permission from
Springer [187].

mounted cameras, allowing free-hand exploration of hard-to-reach anatomical
cavities [188].

The work presented in this chapter was motivated by the need for improved
force feedback and image guidance interfaces with hand-held instruments, partic-
ularly regarding aneurysm clipping and tumour resection in microsurgery. Micro-
surgery is technically challenging, demanding both rigorous precision under the
operating microscope and great care when handling tissue. Applying excessive
force can result in irreversible tissue injury, but sufficient force must be exerted to
carry out manoeuvres in an efficient manner.
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Various modes of force-feedback have been used in both hand-held and robotic
devices including tactile, auditory, and visual cues [184, 191]. Previous work has
suggested that all of these forms of feedback have a comparable influence on sur-
gical performance [192]. However, these modes differ considerably in the nature
in which they may be integrated into the operative workflow. Tactile feedback may
represent the most intuitive method to indicate when a force threshold is breached,
but is best suited to conveying binary rather than graduated information. Auditory
feedback does allow for more granular feedback, but may not be recognised above
the ambient noise of a busy operating room. Visual feedback can provide detailed
information in an unambiguous fashion, but similarly to augmented reality it risks
inattention blindness - cues located away from the operating site may distract the
surgeon, and cues overlying the operating site may obstruct the surgical scene.

This chapter presents a novel visual force-feedback approach for hand-held
microsurgical instruments that allows graduated force feedback to be presented
over the operating site while simultaneously providing image guidance. The pro-
posed technique monitors forces exerted by surgical instrument on the brain tis-
sue. When excessive forces are detected, an augmented reality overlay modu-
lated by the detected forces is gradually shown, revealing the underlying anatom-
ical structures. Unlike in chapter 6, no model needs to be trained to control the
augmented reality display behaviour. The usage of the force information allows
the augmented reality to appear when needed, i.e. when the surgeon is exerting
forces at risk of damaging critical anatomical structures underneath the instru-
ment. An inverse realism Non-Photorealistic Rendering (NPR) method [137] is
used to preserve salient anatomical features and improve depth perception. The
real-time pipeline developed for the efficient stereo augmented reality rendering
is presented. Additionally, the force information is further exploited to displace
the virtual elements using finite element modelling, generating motion cues to
improve depth perception. The resulting technique is a novel context-aware aug-
mented reality scheme where the augmented reality display is shown to the sur-
geon when relevant, and adapts based on the forces applied. The efficacy of the
method is assessed by detailed user studies involving a retraction and dissection
study to quantify the forces exerted with and without the visual force-feedback.
Lastly, a depth study is conducted to quantify the effect of the motion cues gener-
ated by the force-based displacement of the virtual elements on depth perception.
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Figure 7.2: Left: surgical setup under a microscope with a blunt dissector with
force feedback (left hand), and forceps (right hand) Right: design of the blunt
dissector

Results demonstrate the efficacy of the proposed system for visual force feedback,
as well as the importance of motion cues for depth perception.

7.2 System Overview

A blunt surgical dissector (Yasargil FD304R, Braun Aesculap) was axially affixed
to a force-torque (F/T) sensor (ATI Nano17, ATI Industrial Automation, Inc) that
can sense both lateral and axial forces that are applied to the dissector tip. This
dissector and F/T sensor assembly were integrated into a hand-held casing that
incorporated optical tracking markers, as shown in Figure 7.2. The force signal
was acquired by a realtime linux computer through a PCI interface. Images from
the Leica M525 OH4 (Leica Microsystems Ltd., UK) surgical microscope were
acquired with an AJA HA5-Plus HDMI to SDI converter (AJA Video Systems
Inc., California, USA) linking to an AJA Kona 4 PCIe framegrabber. A Polaris
Vicra optical tracking system by NDI (Waterloo, Ontario, Canada) served to track
the microscope, the hand-held tool, and register the virtual scene.

The images acquired by the surgical microscope are first used to detect the tip
of the blunt dissector. This information, combined with the force reading, is used
to perform the NPR processing on the images for the desired affect. The resulting
image is used as a texture in a virtual scene containing the virtual anatomical ele-
ments used for the augmented reality guidance. The virtual elements are updated
using the infrared tracking, jointly with the displacement modelling updated with
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the force information. Figure 7.3 shows a high-level overview of the system.

Figure 7.3: High-level system overview.

7.3 Augmented Reality Modulation

As noted in chapter 2, there are numerous ways of choosing how to process images
for the purpose of augmented reality. These trade-offs are resolved by making
specific design choices regarding how the overlay should appear. The principal
purpose of NPR is to render the surface tissue as a translucent layer, while keeping
salient anatomical features distinct enough to provide navigation and depth cues
[137]. To accomplish this NPR computes p-q values representing a measure of the
local surface slope of the tissue. The model used in [137] considers a simplified
set of conditions in which the camera and the light source are close to the tissue.
The light source is assumed to behave as a point light source, and the surface is
assumed to behave as a smooth Lambertian surface. Under these assumptions, the
image irradiance at pixel coordinates x and y is given by:

E(x, y) = s0ρm
(1− p0x− q0x)3

Z2
0(1− p0x0 − q0y0)2(1 + p2

0 + q2
0)

1
2 (1 + x2 + y2)

3
2

, (7.1)

where s0 represents the point light source intensity, (x0Z0, y0Z0, Z0) are the coor-
dinates of the surface point with surface normal (p0, q0,−1), and ρm is the mean
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albedo coefficient of the neighbourhood of the considered surface point. By par-
tially differentiating the irradiance equation 7.1 relative to x and y we can solve
for p0 and q0:

p0 =
[Rxα + 3x] [(−yRy + 3)α− 3y2] + [yRxα + 3xy] [Ryα + 3y]

[yRxα + 3xy] [xRyα + 3xy]− [(−xRx + 3)α− 3x2] [(−yRy + 3)α− 3y2]

q0 =
[xRyα + 3xy] [(Rxα + 3xy] + [(−xRx + 3)α− 3x2] [Ryα− 3y]

[yRxα + 3xy] [xRyα + 3xy]− [(−xRx + 3)α− 3x2] [(−yRy + 3)α− 3y2]

α = 1 + x2 + y2, Rx =
1

E

∂E

∂x
(x, y), Ry =

1

E

∂E

∂y
(x, y). (7.2)

To use NPR for visual force feedback, the p, q values are used to generate a mod-

(a) (b) (c)

(d) (e) (f)

Figure 7.4: Illustration of the effect of the main visual force feedback parameters:
(a) small radius, (d) large radius; (b) low blending coefficient, (e) high blending
coefficient; (c) low IR detail level, (f) high IR detail level.

ulated texture relative to the force exerted, increasing the level of details in the
highlighted features when higher forces are applied. The output of the rendering
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is a texture referred to as the inverse realism texture (IR), of width Wir and height
Hir, and centred around a point Pc(xc, yc). Smooth surfaces are represented as
uniform dark blue patches, and high surface gradients are brightened proportion-
ally to their gradient value. Furthermore, pixels shift from the IR texture values to
the original image values proportionally to their distance from the texture centre.
For NPR to be useful for visual force-feedback, these properties must be mod-
ulated by the forces detected. The parameters used to modulate the IR texture
are:

• The detail level of features during the pq value generation.

• The radius Rir of the circular texture, when Wir = Hir = Rir.

• The blending between the input image and the IR texture, Gir.

• The colour palette of the IR texture.

Let A be the output pixel, B the input pixel, and C the IR texture pixel at the
point P (x, y). LetGir be the blending coefficient betweenB and C. The blending
is modulated by:

A = Sir × B + (1− Sir)× C, Sir ∈ [0, 1] (7.3)

with

Sir =

(
(x− xc)2

W 2
ir

+
(y − yc)2

H2
ir

)Gir

. (7.4)

And so:

A = C + (B − C)×
(

(x− xc)2

W 2
ir

+
(y − yc)2

H2
ir

)Gir

. (7.5)

Figure 7.4 illustrates the effect of the different parameters on the output IR tex-
ture, and Figure 7.5 shows the modulation of the texture for different forces ap-
plied by the surgical instrument. Recent studies have demonstrated that the use of
inverse realism techniques using NPR improve depth perception [131]. The pro-
posed method makes use of this property to combine visual force feedback with
image guidance techniques. When exerting excessive force near critical pathol-
ogy, the proposed method reveals anatomical structures hidden under the tissue
surface, alerting the surgeon to their presence. A virtual surgical scene containing
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Figure 7.5: From top to bottom: gradual increase in forces exerted; Left: with
plastic membrane to simulate the dura; Right: without the plastic membrane.
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triangle meshes of the structures of interest is registered to the real-world oper-
ating scene, allowing correct overlaying of the virtual elements on the operative
images. The resulting combination of the IR texture modulation with the aug-
mented reality on in vivo data is shown in Figure 7.6.

Figure 7.6: Example of the visual force feedback using in vivo data from a porcine
brain dissection task.

7.4 An Efficient Rendering Pipeline for Stereo
Augmented Reality

7.4.1 Real-Time Pipeline

In order for the augmented reality scheme presented in section 7.3 to be useful
in the operating theatre, the combined rendering operations must be performed
with the little latency and with the highest frame rate possible. Additionally, it
is important to preserve the 3D vision provided by the surgical microscope. This
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section describes the different optimizations and implementation choices made to
obtain a real-time rendering pipeline for the visual force feedback.

The augmented reality pipeline for the visual force feedback can be broken
down into three main phases. First the IR texture is created by processing the
input images. Second, the IR texture is used as part of the rendering for a vir-
tual scene. Finally, the resulting left and right images rendered from these virtual
scenes are combined to obtain a row-interleaved stereo image. A key aspect of
reducing latency for such a pipeline consists in minimizing image copies. As the
input video frames are stored in a 4-channel RGBA 32 bits per pixel format in
memory, a single 1920x1080 high definition (HD) stereo frame represents 16.6
Megabytes (MB) of memory. For indicative purposes only, CPU-based copies
(RAM to RAM) take approximately 10ms, while CPU to GPU copies can take up
to 30-40msdepending on hardware. Due to the computational requirements of the
IR processing, GPU computing kernel operations using the Open Computing Lan-
guage OpenCL are much more efficient than trying to use custom shaders from the
Open Graphics Library (OpenGL). As such, a naive pipeline performing the im-
age processing with OpenCL and rendering with OpenGL separately can quickly
reach over 140msof latency (one CPU-based copy and 3 CPU-GPU copies), with-
out even considering any processing time. Limiting these exchanges are key to
reducing latency. This is achieved in large part by using shared GPU memory
buffers that can be used both for formal image processing, and for the rendering
of virtual scenes. Figure 7.7 illustrates the optimized rendering pipeline.

The images are first copied from the AJA Kona 4 PCIe framegrabber into the
workstation’s RAM. The images are then copied into OpenCL buffers, in GPU
memory. Note that it is possible to copy the images directly from the framegrab-
ber to the GPU memory via DMA transfer. However, in the presented system
some minor operations such as instrument tip detection were performed in paral-
lel on the CPU, and so it was decided to retain this one extra copy. The image
processing required to obtain the IR texture is performed using the images from
these OpenCL buffers, along with external information such as the instrument tip
position and force exerted obtained from the CPU. The images resulting from this
processing are stored into shared OpenGL-OpenGL buffers. These buffers are
typically OpenGL texture buffers shared with an existing OpenCL context. By
switching ownership of the buffer from OpenGL to OpenCL and vice-versa, the
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Figure 7.7: Real-time augmented reality pipeline. The dotted line represents a
similar line of operations being performed for the right stereo image as for the left
image.

same memory space can be used by the different libraries without requiring ex-
pensive copies. The newly filled OpenGL texture buffers containing the result of
the IR processing can now be used as part of the rendering of virtual scene. The
desired transparency behaviour is that the IR texture should appear on top of the
virtual elements (e.g. aneurysm) where there are salient features, and underneath
otherwise. This is reflected in the alpha-channel (transparency) of the IR texture,
where areas of high opacity should obstruct vision of the aneurysm, and areas of
low opacity should not. For this to be displayed correctly, the IR texture must be
applied as both the foreground and the background for the rendering of the virtual
scene: if the IR is only applied as the background, the virtual elements will always
appear on top of the texture; if the IR is only applied as the foreground the correct
opacity behaviour will be obtained, but areas of high transparency in the IR texture
where the virtual element is not visible (due to its position or size) will be blended
with the default OpenGL background colour, ruining the immersion of the scene.
The final rendering order is: background, virtual scene, foreground. The resulting
images obtained are stored into an OpenGL render texture, shared with OpenCL.
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The desired stereo format, typically row-interleaved, can then computed using
OpenCL, stored into a shared buffer, and finally rendered to the screen.

7.4.2 Stereo Rendering

Another important design decision is the choice of how to place the virtual cam-
eras for stereo rendering. This decision impacts how depth is perceived through-
out the scene by defining the difference between left and right images for different
virtual objects. A useful metric is the distance in pixels between the position of
the same 3D point in the left and right images, called parallax. Another useful
definition is that of the screen plane. The screen plane of the system refers to
the virtual plane in which elements have zero parallax. When looking at objects,
human eyes automatically adjust their focus and angle to converge on their visual
target, placing the object at zero parallax. Other objects not at that same depth
will appear slightly out of focus and generate a negative or positive parallax, de-
pending on whether they are in front of behind the target object. When looking
at a stereo monitor, the user’s eyes will focus on the screen. Objects rendered
with zero parallax will appear to be “on” the screen, hence why the zero-parallax
plane of a virtual scene is referred to as the screen plane. Real camera rigs typi-
cally choose between placing both cameras forward axis parallel to each other, or
angling them inwards so that their forward axis converge at some distance. In a
converged configuration there exists a point where both camera focal planes con-
verge, generating an approximate zero-parallax plane. However this configuration
suffers from artefacts due to the angle of the cameras. These include “keystoning”,
distortions at the screen corners where the different views of the two cameras are
particularly noticeable, and stereo window violation, where objects in front of the
focal plane (and thus appear in “front” of the screen) look like they are clipped by
the edge of the screen if the virtual element reaches out of the field of view. While
the parallel configuration does not suffer from these artefacts, it has the disadvan-
tage of effectively setting the screen plane at infinity, making everything appear
in front of the screen. This removes the possibility to make a target object ap-
pear on the screen, and creates limitations on how much depth can be introduced
in a scene. Note that in real systems, most of these artefacts can be corrected in
post-processing. In a virtual system, however, it is possible to create a third con-
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figuration that natively corrects for these artefacts. This involves using a parallel
camera configuration with off-axis frustums for both cameras to create a perfectly
aligned screen plane, as illustrated in Figure 7.8. In determining how to construct
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Figure 7.8: Stereo off-axis frustum with converging focal planes. The left-shifted
frustum (corresponding to the left camera) is shown in blue, and the right-shifted
frustum (corresponding to the right camera) is shown in red. The black frustum
represents a baseline symmetrical frustum, and is used for geometrical purposes.

the off-axis frustums for the stereo system, represented in blue and red in Figure
7.8, we are mainly interested in the distances between the camera axis and the
intersection point between the near plane and the frustums. These are bl, cl for the
left camera frustum, br, cr for the right camera frustum, and b for the symmetrical
baseline frustum (represented as the black frustum in Figure 7.8). Furthermore,
it is assumed that the baseline properties of those frustums are known, and so we
are interested in the difference of these distances between the baseline frustum

176



and the shifted frustums. For the left-shifted frustum, these are defined as

∆blf , bl − b, (7.6)

∆clf , cl − b. (7.7)

Geometrically, we obtain

∆blf =
n

dfoc
al − b =

n

dfoc
a− n

dfoc
d− b = − n

dfoc
d, (7.8)

∆clf =
n

dfoc
gl − b =

n

dfoc
a+

n

dfoc
d− b = +

n

dfoc
d. (7.9)

This result demonstrates that, to compensate for a horizontal shift in camera po-
sition to the left of distance d, the corresponding frustum’s near plane boundaries
along the x axis (illustrated in Figure 7.8) must be shifted to the right by n

dfoc
d.

This allows the focal plane of the frustum to remain in place. By symmetry, the
same reasoning can be applied for the right frustum. More generally, given a frus-
tum with left and right frustum near plane boundaries a positions l and r along the
x axis, for a translation of value dcamera ∈ IR along the x axis, the resulting change
in left and right frustum near plane boundaries ∆l and ∆r to retain the same focal
plane are:

∆l = lshifted − l = ∆r = rshifted − r = − n

dfoc
dcamera. (7.10)

The general matrix form for a perspective projection frustum is

Pfrustum =


2n
r−l 0 r+l

r−l 0

0 2n
t−b

t+b
t−b 0

0 0 −f+n
f−n −

2f×n
f−n

0 0 −1 0

 , (7.11)

where t and b represent the frustum top and bottom near plane boundaries along
the up axis (typically the y axis), and f is the distance from the camera to the far
plane. To understand how the use of off-axis frustums impacts the visualisation
of the augmented reality, the frustum shift can be back-propagated to the intrinsic
matrix of the real camera. For this, the perspective projection frustum must first
be expressed in terms of the camera intrinsics. Using a pinhole model for the
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real camera, the perspective projection frustum for the augmented reality virtual
camera can be expressed as

PAR = Portho × Pcamera, (7.12)

Portho =


2
r−l 0 0 − r+l

r−l
0 2

t−b 0 − t+b
t−b

0 0 − 2
f−n −

f+n
f−n

0 0 0 1

 , Pcamera =


α 0 Cx 0

0 β Cy 0

0 0 n+ f n× f
0 0 −1 0

 ,
where α and β are respectively the focal lengths along the horizontal and vertical
axis of the camera, and Cx and Cy the principal point centers along the horizontal
and vertical axis respectively. The matrix Pcamera contains the camera intrinsics,
with an added third row to preserve Z-ordering between the near and far planes.
The camera matrix projects the frustum-shaped camera view-space into a cube-
shaped space, effectively mapping 3D points to their 2D screen coordinates plus
a depth ordering (Z coordinate). The resulting space is then transformed into a
standard frustum by clipping and normalizing the cube-shaped space using an
orthographic projection Portho. By expanding equation 7.12 we obtain

PAR =


2α
r−l 0 2Cx+r+l

r−l 0

0 2β
t−b

2Cy+t+b

t−b 0

0 0 −f+n
f−n −2f×n

f−n

0 0 −1 0

 . (7.13)

Notice that the same form as in equation 7.11 appears by performing the following
substitutions

r′ =
n

α
(r + Cx)

l′ =
n

α
(l + Cx)

t′ =
n

β
(t+ Cy)

b′ =
n

β
(b+ Cy).

(7.14)
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Using the substitutions from equation 7.14 and the results from equation 7.10, the
shift in principal point center along the horizontal axis corresponding to the shift
in frustum boundaries can be expressed as

∆Cx =
α

n
∆r′ =

α

n
∆l′ = − α

dfoc
. (7.15)

In summary, the method described above allows for the rendering of an aug-
mented reality stereo scene while avoiding the limitations of naive stereo imple-
mentations. Given that real surgical camera systems often compensate in post-
processing to avoid stereo artefacts, this method is useful for avoiding the intro-
duction of new and inconsistent artefacts during the rendering of the virtual scene.

7.5 Force-Based Displacement

7.5.1 Deformation Modelling

While the IR texture allows the augmented reality overlay to appear embedded
below the tissue surface, it does not provide any motion cues. Unless the registered
microscope or skull are moved, the overlaid structure will appear static regardless
of the deformation of the surface tissue. The force information from the hand-
held instrument can be used to simulate this motion, by displacing the overlaid
structure relative to the forces exerted.

Preliminary work with a linear displacement model suggested that the model
did not have to be highly accurate in order to be compelling, due to the visual
nature of the application. In order to strike a balance between simplicity and
accuracy, a finite element model (FEM) simulation was conducted. A profes-
sional neurosurgical phantom (Kezlex, Tokyo, Japan) was scanned and a tetrahe-
dral mesh of 1483 nodes obtained. A downwards force exerted from the top of the
brain tissue simulated the push of a blunt dissector, and the boundary conditions
were set by areas of the skull consistent with a microscopic operation. An imple-
mentation of the total Lagrangian explicit dynamics algorithm was used to model
tissue deformation, employing a constant lumped mass matrix and a proportional
damping matrix with Rayleigh damping coefficient α = 7.5E + 01. The con-
stitutive law followed that of a compressible neo-Hookean material, with Young’s
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(a) (b)

Figure 7.9: Propagation of displacements in the brain for a surface deformation of
2mm. (a) Section of the model. (b) Map of displacements in the section.

modulusE = 3240 Pa and Poisson’s ratio η = 0.499 [193]. The results of the sim-
ulation were studied for different sections of the model, as shown in Figure 7.9.
For each of five simulations chosen to cover the range of forces typically applied

in neurosurgery, displacement data of the tissue at different depths was recorded.
Polynomials of up to degree 6 were fitted to the data. Degree 4 polynomials were
chosen as they presented the best global fitting while retaining a monotonic be-
haviour which matched the original data over the interval of interest, as shown in
Figure 7.10(a). Results from the literature [193] are used to convert force values
from the sensor to surface displacements. Finally a generalized model was devel-
oped, describing the displacement D(x) at a depth x for a surface displacement
D0:

D(x) =
D0

n

(
n∑
i=1

ai × x4 + bi × x3 + ci × x2 + di × x+ ei
D0i

)
, (7.16)

where n is the number simulations (5 in this work),D0i is the surface displacement
for the ith simulation, and ai, bi, ci, di, and ei the coefficients of the fitted polyno-
mial for the ith simulation. The generalized model is compared to the polynomials
of the individual simulations in Figure 7.10(b).

The model described in equation 7.16 can be derived by normalizing the re-
sults from the different simulations. This is achieved by dividing all the displace-
ment values obtained in a simulation i by the surface displacement for that simula-
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Figure 7.10: Displacements relative to depth (a) Raw data (1 out of 5 points)
and polynomial fitting. (b) Comparison between the generalised model and the
polynomial fitting.

tion D0i (i.e the maximum displacement). In so doing all the displacement values
are normalized to a [0; 1] range, and the resulting normalized polynomials of each
simulation can be averaged to a polynomial Pnorm. The displacement D(x) at a
depth x for a surface displacement D0 can then be derived as follows:

D(x) = D0 × Pnorm(x) (7.17)

7.5.2 Alternative Methods for Deformation Modelling

The deformation model presented in section 7.5.1 presents a useful tool for in-
troducing additional realism and depth perception. However it requires multiple
time-consuming FEM simulations to be run prior to the operation. Additionally,
the model only covers a limited set of applied forces and force orientations on the
brain surface. While the current approach is still valid as both the starting point
for the operation and the expected trajectory are determined during pre-operative
planning, two other related approaches were studied in collaborative work. A neu-
ral network approach to explore the use of much more comprehensive simulations
in real-time, and a vision-based approach to explore simulation-free deformation
modelling of surface tissue.
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(a) (b)

Figure 7.11: (a) Tetrahedral mesh of the brain (white), with the tumour (red). (b)
Display of the boundary conditions for the FEM simulations. The static regions
are in pink, and the dynamic regions are in orange. The red dots represent the
nodes on which different forces will be applied. Picture from the co-authored
publication [194].

Neural Network for Deformation Prediction

The approach presented in section 7.5.1 is limited to modelling the deformation
at one point in the brain, generated by a varying force along a single direction.
While the blunt dissector is tracked using infrared markers to find the direction in
which the force is applied, the same model is used regardless of the direction. The
virtual element is displaced along the direction of the force by an amount dictated
by the model, based solely on the amplitude of the force exerted. Thus, for differ-
ent tool tip positions and orientations than the ones used in the FEM simulations,
the resulting displacement is potentially less accurate. For this reason, the cho-
sen simulation conditions of the model presented in section 7.5.1 represent those
most present during the relevant part of the operation, meaning small deviations
from these conditions will not generate a noticeable error. The proof of concept
studies presented below in section 7.6 highlight this, showing the usefulness of
that model. However, in use cases where the conditions differ significantly from
those used in the simulation, the augmented reality could potentially be mislead
the surgeon. As such, it was also decided to investigate more detailed models.

Two main challenges arise from trying to increase the accuracy of the defor-
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mation model. The first is that multiple simulations need to be run to cover a
broader range of cases. The second is that the result of these numerous simula-
tions needs be available in a real-time model. Both of these aspects are explored
in [194]. A semi-automated workflow was developed to generate the tetrahedral
meshes and select the areas of interest with minimal user input required. Multiple
simulations are conducted in parallel, over a discretised range of force positions,
orientations, and amplitudes. Figure 7.11 illustrates an example group of nodes
where different forces will be applied during the simulations. A neural network
is then trained to model the result of these simulations. The neural network gen-
eralizes well the highly non-linear nature of these deformations, taking advantage
of all the simulations available. In addition, regression of the neural network can
be performed in real-time. Results from [194] show that neural networks are able
to efficiently learn and generalize from the FEM simulations, allowing a more
accurate deformation model to be built.

Vision-Based Deformation Modelling

This approach, presented in [195], uses computer vision to estimate the defor-
mation of the surgical tissue and the corresponding forces applied by the surgi-
cal dissector. The key advantage of this approach is that it does not require any
potentially-lengthy FEM simulations to be run, nor any additional hardware such
as force sensors or infrared trackers. It is also able to cope with live deforma-
tions of the brain induced during the operation, whereas the simulation-based ap-
proaches presented previously rely on pre-operative data. This method uses stereo
reconstruction to estimate the deformation of the tissue, taking advantage of a new
stereo correspondence method to estimate the tissue structure. This is illustrated
in Figure 7.12. Note that this method is not able to recover deformations inside
the brain; only the surface deformation is recovered. Performance evaluations of
this method demonstrate submillimetre accuracy, highlighting the potential of this
approach for surface deformation modelling. Combined with a separate model
for the deformation of the brain tissue below the surface, potentially using sim-
ilar approaches to those presented in sections 7.5.1 or 7.5.2, a deep deformation
model adapting to intra-operative changes to the tissue could be developed with
minimum hardware requirements.
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(a) (b) (c)

Figure 7.12: (a) Estimated 3D structure before tool-tissue interaction. (b) Esti-
mated 3D structure during tool-tissue interaction. (c) Deformation heatmap. The
colorscale units are in millimetres. Figure re-used from Springer open access co-
authored publication [195].

7.6 User Studies

(a) (b) (c)

Figure 7.13: Illustrations of the three user studies. (a) Retraction study. (b) Dis-
section study. (c) Depth study.

To quantify the usefulness of the proposed visual force feedback augmented
reality scheme, three user studies were conducted. A retraction and dissection
study (Figures 7.13(a) and 7.13(b)) were conducted to assess the performance of
users to respect neurosurgical force constraints. A depth study (Figure 7.13(c))
was also conducted to assess the usefulness of the deformation model presented
in section 7.5.1 towards depth perception. In the studies below, the live input
video stream used was obtained from a Leica M525 OH4 surgical microscope.
The output HD video stream was displayed on a screen with stereo capabilities.
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7.6.1 Retraction Study
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Figure 7.14: Primary outcomes of the retraction study.

Tissue retraction is among the most common manoeuvres performed in surgery.
Eight participants were asked to use the blunt dissector in their non-dominant
hand to provide retraction, and use the forceps in their dominant hand to simul-
taneously perform a peg transfer task. The forces exerted through the instrument
were recorded, and a coloured display used to indicate when a minimum effective
force of 0.2N was applied (red for forces under 0.2N, grey otherwise). The 0.2N
threshold was chosen to simulate the force required to perform retraction. Each
participant was asked to apply an increasing retraction force with the dissector,

Mean Median p-value
Default Feedback Default Feedback

Median forces (N) 0.292 0.251 0.267 0.252 0.038

Time over 0.3 N (s) 16.35 1.66 9.22 1.18 1.42× 10−4

Time under 0.2 N (s) 2.43 1.18 1.08 0.98 0.648

Maximum forces (N) 0.456 0.337 0.409 0.329 1.16× 10−3

Table 7.1: Mean, median, and statistical significance results from the visual force
feedback retraction study.
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Figure 7.15: Forces exerted by the participants during the retraction study. Blue:
forces exerted without visual force feedback. Red: forces exerted with visual
force feedback. Green: target force threshold.

until the colour became grey. Participants were then asked to keep the indicator
grey by maintaining this minimum force of 0.2N for 60 seconds. A force thresh-
old of 0.3N was selected as indicative of excessive force. Participants performed
the experiment 6 times, 3 times with visual force-feedback and 3 times without, in
a randomized manner. The primary outcomes of the study were the median forces
exerted, the maximum forces exerted, the time spent exerting forces under 0.2N,
and the time spent exerting forces higher than 0.3N. These results are shown in
Figure 7.14. Numerical values for the mean, median, and statistical significance
of the primary outcomes are listed in Table 7.1. Additionally, a comparison of
the forces exerted by the participants during the task with and without feedback is
shown in Figure 7.15. As visible in those results, the presence of the grey/red vi-
sual indicator available in both modes meant that participants were always able to
respect the 0.2N force limit. However, the lack of graduated force feedback in the
control study made it challenging for participants to be aware of how much force
they were exerting above the required 0.2N, resulting in significant increases in
median and maximum forces, as well as time spent over 0.3N. The use of the vi-
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sual force feedback resulted in a mean reduction in median forces of 14%, as well
as a 19.7% reduction in maximum forces. Importantly, the median time spent over
0.3N was reduced by 87.2% with the visual force feedback. These results high-
light the usefulness of the proposed visual force feedback for respecting force
constraints. More specifically, the visual force feedback seems particularly useful
to improve the constancy of forces applied. Figure 7.15 illustrates this further,
showing that users were prone to suffer from drift and apply gradually increas-
ing forces without realising it when they performed the task without visual force
feedback.

7.6.2 Dissection Study
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Figure 7.16: Primary outcomes of the dissection study.

Tissue dissection is also commonly performed in surgery, but represents a
more complex manoeuvre than retraction. A surgical resident was recruited from
a university hospital, and performed a dissection alternating at 2 min intervals
between no force-feedback, and NPR visual force-feedback. The participant was
asked to use the blunt dissector in their right hand to perform dissection, and use
a sucker in their left hand to simultaneously provide counter-traction. A model
brain was used to simulate dissection (Kezlex, Tokyo, Japan). The participant was
asked to perform blunt arachnoid dissection of the Sylvian fissure on the model
brain. A force threshold of 0.3N was selected as indicative of excessive force.
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The study showed the use of NPR visual force-feedback resulted in a 31% mean
decrease of median forces, as well as a 52% decrease in the mean overall time
spent above 0.3N. The mean maximum forces exerted also decreased by 49%.
Note that unlike in the retraction study, no minimum forces are required to perform
the dissection task. As such, the increase in time spent under 0.2N with the visual
force feedback is a positive outcome here. These results are summarized in Figure
7.16 and Table 7.2. As the study was conducted with a single surgical resident,
statistical significance measures are not particularly meaningful and so not shown.

7.6.3 Depth Perception Study

The application of inverse realism overlay to microsurgery represents a unique
challenge, because image injection on commercial operating microscopes is 2D.
To mitigate for the loss of binocular depth cues, we developed and evaluated a
modified image guidance platform that incorporates force data to displace the
virtual embedded object. Six participants were asked to use the blunt dissector
in their right hand to interact with a series of scenes, each containing two vir-
tual spheres located within the brain phantom used for the FEM simulation. One
sphere was 50% larger than the other, but both were placed at different simulated
depths under the brain tissue, so that size alone could not be a sufficient depth
indicator. Each participant was asked to contact both virtual sphere three times
with the dissector, and then select which was deeper. Participants performed this
task 24 times, 12 times in 2D and 12 times in 3D. In both the 2D and 3D exper-
iments, the system would alternate between using displacement modelling or not

Mean Median

Default Feedback Default Feedback

Median forces (N) 0.129 0.089 0.128 0.106

Time over 0.3 N (s) 10.71 5.17 8.52 6.20

Time under 0.2 N (s) 34.23 40.08 37.42 39.14

Maximum forces (N) 1.64 0.837 1.462 0.844

Table 7.2: Mean and median results from the visual force feedback dissection
study.
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in a randomized but equally distributed manner (i.e. for both 2D and 3D display
modes, the task was performed 6 times with displacement modelling and 6 times
without in total).
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Figure 7.17: Primary outcomes of the depth study.

Mean Median

Static Displacement Static Displacement

2D 47.2 87.5 50.0 91.7

3D 73.6 95.8 75.0 100

Table 7.3: Mean and median success rates from depth study.

Without displacement modelling (static display), the median success rate was
50% in 2D (random), and 75% in 3D. With displacement modelling, the median
success rate rose to 91.7% in 2D, and 100% in 3D. The differences between with
and without displacement modelling were statistically significant in both 2D and
3D (p < 0.01). This represents a 83.4% improvement in depth perception in
2D for the displacement modelling relative to the static display, and a 33.3% im-
provement in 3D. Guided 2D also showed statistically significant improvements
over unguided 3D. These results are summarized in Figure 7.17. Numerical val-
ues for the mean and median of the success rates for the different setups are listed
in Table 7.3. The statistical significance between those setups are listed in Table
7.4.
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2D default 2D displacement 3D default 3D displacement

2D default - 1.65× 10−4 5.20× 10−3 2.87× 10−5

2D displacement 1.65× 10−4 - 0.062 0.140

3D default 5.20× 10−3 0.062 - 1.80× 10−3

3D displacement 2.87× 10−5 0.140 1.80× 10−3 -

Table 7.4: p values from Wilcoxon ranksum tests for the depth study.

7.7 Discussion and Conclusion

This chapter presents a novel visual force feedback scheme scheme for hand-held
microsurgical instruments. A NPR overlay is used to provide both graduated vi-
sual force feedback and image guidance based on the forces exerted on the tis-
sue by the surgical instrument. Furthermore, displacement modelling is used to
translate the virtual overlay to provide enhanced depth perception through motion
cues. User studies are conducted to evaluate both the efficacy of the NPR over-
lay as visual force feedback, and the improvement in depth perception from the
displacement modelling.

Results from the retraction and dissection study show the suitability of the
NPR overlay for visual force feedback. Participants exerted significantly lower
median and maximum forces when using the visual force feedback, and were
able to respect force constraints. It should be noted that this result can be mainly
attributed to the presence of any sort of visual feedback, not specifically the vi-
sual force feedback using the NPR overlay. Indeed, in the retraction study where
a grey/red colour display was used to indicate whether the minimum force was
respected, the use of the NPR overlay did not provide statistically significant im-
provements for the time spent under the minimum force. However, the choice of
the NPR overlay allows image guidance information to be seamlessly integrated
with the force feedback, and to minimize the visual clutter on the scene by retain-
ing salient features.

Additionally, the depth study conducted to evaluate the displacement model
shows the importance of motion cues for depth perception. The results show
significant improvement between the cases with and without displacement mod-
elling, both in 2D and in 3D. The results of the experiment in 2D without dis-
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placement modelling show a median success rate of 50%, which was expected
as participants did not have any valid cues to judge the depth and so had to pick
at random. The addition of 3D shows a statistically significant improvement for
the unguided case. While the improvement in the percentage of correct answers
is not statistically significant between 2D and 3D using displacement modelling,
the success rate for both is significantly higher without displacement modelling.
From these results it can be concluded that the force displacement is essential for
estimating the relative depth of objects in a neurosurgical scene, at least equiva-
lent to stereo alone. Furthermore the results suggest that the force displacement
enhances the effect of a stereo display, due to added 3D motion cues.

The method presented in this chapter is a form of context-aware augmented
reality behaviour: the augmented reality appears when the information is relevant
to the surgeon, and disappears otherwise. As in chapter 6, the augmented reality
display does not require explicit activation by the surgeon. This allows the sur-
geon to benefit from the surgical navigation at times where it is relevant but they
might not think to activate it. A limitation of the proposed system is that only
force and instrument tracking information to evaluate when and where to display
the visual force feedback augmented reality. While this information is particu-
larly relevant in the presented application, the system could be further improved
by integrating additional information into the decision process for the visual force
feedback display. Future work could develop models similarly to chapter 6, to
integrate the force information and provide more fine-tuned control over the vi-
sual force feedback. Lastly, a criticism can be made regarding the displacement
modelling presented in this work. The displacement modelling requires detailed
simulations to provide accurate results, and those results may be invalidated as
the surgery progresses and the anatomy changes. However, asides from the al-
ternatives proposed in section 7.5.2, it should be noted that the main purpose of
the displacement modelling is to provide enhanced depth perception during the
dissection phase, when the virtual elements revealed are not close to the tissue
surface. In this case, the accuracy of the modelling is not as important as defor-
mations remain small in neurosurgery. Indeed, in early prototypes of the proposed
system a heuristically parametrized linear displacement model was used. While
the linear model was later discarded in favour of the non-linear FEM-based model
presented in this work, initial testing showed that the change in model did not
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significantly impact depth perception. This would suggest that the displacement
model remains useful for depth perception so long as the displacement introduced
is credible relative to the surface deformation of the brain tissue.
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8

Conclusions and Future Research
Directions

New surgical robots are continuously being developed to push the boundaries
of minimally invasive surgery. These robots possess every-growing capabilities
thanks to technological innovations, such as smaller form-factors, increased num-
ber of jointed articulations, enhanced sensing capabilities, or improved imaging
modalities. These innovations grant robotic systems the capability to perform in-
creasingly delicate surgical procedures with minimal patient trauma. However,
in order for these robot capabilities to be beneficial in practice, the surgeon must
be able to make use of them intuitively when controlling the system. Due to the
complexity of surgical robot systems, dedicated interfaces are needed to allow
the surgeon to control the many components that comprise the robot. However,
while robot capabilities are only constrained by current technological progress,
human operators have physical limits in how they can interact with a system. For
this reason, the more complex the surgical robot, the greater the importance of
the interface used to control that system. Without suitable human-robot interfaces
to disguise the complexity of surgical robots, their advanced capabilities become
effectively unusable in practice.

A common limitation of existing human-robot interfaces is their lack of adapt-
ability to the context in which they are used. Instead, a static, pre-defined be-
haviour is typically used, which requires explicit surgeon input to be changed.
This approach forces compromises to be made regarding system behaviour, often
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with important undesirable consequences. For example, a static motion scaling
factor will either restrict the user’s capability to cross large workspaces, or reduce
precision when performing delicate tasks. Likewise, manual on/off controls for
surgical navigation information using augmented reality will either obstruct the
surgical view when the augmented reality is on, or provide no guidance when it is
off. In this thesis novel human-robot interfacing methods were presented, using
intention recognition and scene context to adapt system behaviour implicitly.

8.1 Summary of Thesis Achievements

The first technical contributions of this thesis were presented in chapter 3, with
the development of an interaction detection scheme to control the surgical cam-
era. Unlike in existing approaches, the activation and de-activation of the system
was performed implicitly by fixating the screen, without requiring active input
from the user. Smooth velocity profiles generated from the gaze data ensured safe
system behaviour even under noisy conditions, and allowed the user to safely take
their attention away from the system and resume usage at any point. The gaze
tracking was used to perform localised stereo reconstruction, allowing the system
to track the user’s gaze in 3D space. This was exploited to provided automatic
zooming capabilities to the surgical camera by maintaining an optimal camera-
to-tissue viewing distance based on the focal length of the camera. Additionally,
this 3D gaze tracking was used to automatically re-position and target a laser
pointer simulating a focussed energy delivery system, with millimetre precision.
User studies conducted to evaluate the performance of the gaze-contingent con-
trol showed clear improvements over a manually controlled system, with a 52.92%
reduction of median task completion times for the gaze-controlled system. This
chapter highlighted the usefulness of gaze data to infer user intention, particularly
when used in an implicit manner. The results of the user studies demonstrated
the substantial time gains that can be obtained by integrating implicit interfaces
naturally in the operative workflow. Furthermore, this chapter outlined how gaze
data can synergise with additional scene context to provide valuable functionality,
in this case automatic targeting and camera zooming.

Building on the concepts introduced in chapter 3, chapter 4 presented a novel
adaptive motion scaling scheme using gaze data to infer user intention implicitly.
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The system combined gaze tracking with instrument and hand-motion tracking
to detect and facilitate reaching motions, by dynamically modulating the motion
scaling factor. A highly dexterous bi-manual robotic system was developed, com-
bining the dexterity of single-port instruments with the triangulation capabilities
of external robotic arms. This system was used to provide a realistic platform
with which to test the impact of master device workspace limitations. User stud-
ies consisting of a ring transfer task were conducted, requiring both crossing a
large workspace and precise motions. Results demonstrated the effectiveness of
the adaptive motion scaling, with a 50% reduction in number of times the system
was clutched as well as a significant 17% reduction in median task completion
times. The adaptive motion scaling presented in this chapter constitutes an effec-
tive and inherently safe solution to the workspace limitations of master devices,
an issue which is present in the majority of existing master-slave surgical robots.

The implicit nature of the adaptive motion scaling presented in chapter 4
means that it is does not require any input from the user to function, and is de-
signed to feel as transparent as possible. In chapter 4, the dynamic change in
the motion scaling factor generated by the system was parametrised by a set of
manually chosen parameters. These parameters dictated important aspects of the
adaptive motion scaling, such as the maximum scaling possible, or how rapidly to
increase or decrease the motion scaling. As these parameters directly impacted the
manner in which the user’s commands are performed by the robot, they played an
important role on the intuitiveness of the resulting motion. To further improve the
transparency of the adaptive motion scaling, the work presented in chapter 5 re-
searched principled approaches to optimally tune those parameters, and in a more
generic sense the core parameters of any human-robot interface. Two Bayesian
optimisation approaches were explored: a graded approach were users had to rate
the behaviour of the system, and a preference-based approach where users ex-
pressed their preference for certain system behaviours over others. User studies
conducted with the same setup as in chapter 4 demonstrated a highly significant
improvement in the intuitiveness of the motion resulting from the optimisation
process, with over 90% of users preferring the optimised system behaviour over
the manually tuned one in a blind randomised study. No statistical difference was
found in terms of task completion time, showing that the increased intuitiveness
did not come at the cost of performance. Additionally, the result of the graded op-
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timisation showed a statistically significant 50% median reduction in the number
of times the master device was clutched. These results highlight the importance
of using principled approaches rather than intuition to tune system behaviour in
human-robot interfaces, particularly when that behaviour directly impacts the con-
trol of the robot. Indeed, these results demonstrate that the manual tuning process
was suboptimal in ways that were not initially predicted, and significantly better
system behaviour was obtained when relying on a principled optimisation process.

The implicit gaze-contingent methods developed in chapters 3, 4, and 5 were
exploited in chapter 6 to design a novel approach for the augmented reality dis-
play behaviour. This approach utilised scene context including gaze tracking to
infer the optimal augmented reality display mode at any given moment. This
context-based augmented reality display addressed an important limitation of ex-
isting augmented reality systems: the reliance on the surgeon to manually activate
and de-activate the surgical navigation. Using this context-based behaviour, the
system was able to constantly provide meaningful image guidance while simulta-
neously minimizing visual clutter. This was reinforced by the addition of a par-
tial augmented reality display mode, showing the augmented reality overlay only
around specific areas when relevant. As the augmented reality display was adapted
automatically, the introduction of additional display modes could be done seam-
lessly, providing better-suited image guidance in specific situations. Unlike in
the previous chapters, the desired behaviour was learned entirely from supervised
samples using a much more flexible model. Additionally, the model’s uncertainty
propagation was exploited to direct the user’s attention towards low certainty con-
figurations during training, speeding up the training process. A detailed simulator
of a robotic tumour contour marking task was developed, to assess the useful-
ness of the context-based augmented reality compared to manually toggled on/off
augmented reality. Simulated changes in the brain texture were implemented, in-
cluding simulated bleeding which needed to be addressed by participants. This
was used to quantify the risk of inattention blindness caused by the augmented
reality. Results from the user study showed a significant median reduction in
bleeding time of 44.5% using the context-based augmented reality mode, as well
as a 10.7% reduction in median task completion time. These results demonstrate
the importance of adapting augmented reality displays to minimise visual clut-
ter, and emphasize the ergonomic limitations involved in manually toggling the
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augmented reality display.
Chapter 7 further explored methods for the seamless integration of augmented

reality in surgery, this time in the context of hand-held surgical robots for mi-
crosurgery. A method combining visual force feedback and image guidance was
developed, using the force-sensing capabilities of a hand-held blunt dissector. By
modulating an augmented reality overlay with the detected forces, this approach
allowed the surgeon to visualise when excessive forces were applied, while si-
multaneously revealing any nearby critical anatomical structures at risk of being
damaged by the instrument. Additionally, the force information was also used to
displace the virtual elements shown by the augmented reality using a model gen-
erated from finite element simulations. The use of a non-photorealistic rendering
retaining surface features for the augmented reality, the motion cues generated by
the displacement model, and an efficient stereo rendering pipeline all contributed
to generate a compelling visual force feedback granting see-through vision. User
studies were carried out to assess the ability of the modulated augmented reality
overlay to relay force information, and evaluate the importance of the displace-
ment modelling for depth perception. Results from a retraction and a dissection
study showed that participants were able to respect specific minimum force con-
straints while exerting significantly lower median and maximum forces thanks
to the visual force feedback. Results from the study assessing depth perception
showed that the use of displacement modelling resulted in a median 83.4% im-
provement in depth perception in 2D, and a 33.3% improvement in 3D. These
results demonstrate the synergy between visual force feedback and image guid-
ance, and highlight how the two can be used together in a single interface.

8.2 Discussion and Future Research Directions

The work presented in this thesis constantly makes use of the same underlying
strategy: information gathered from the ongoing procedure is used as a substitute
for explicit user input. As demonstrated in this thesis, implicit interfaces can pro-
vide substantial advantages to robotic systems by adapting the system behaviour
depending on the information available. These interfaces effectively behave like
a very fast surgical assistant entirely dedicated to manually adjusting the robot
behaviour during the operation to suit the surgeon’s needs, or choosing what sur-
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gical navigation information to show and when. As such, these implicit interfaces
constitute a form of low-level automation, where modelled decision processes au-
tomatically adjust system behaviour using real-time information.

The first and most obvious means of improving the implicit interfaces pre-
sented in this thesis is by exploiting more information. As with any automated
decision process, using additional relevant information would allow for the design
of more detailed and effective interface behaviour. This can be particularly bene-
ficial for approaches concerned with detecting user intention. The introduction of
force-sensing capabilities to the robotic instruments used in chapters 4, 5, and 6
could be used to improve the quality of the intention-driven interfaces presented
in those chapters. For the adaptive motion scaling, the detection of forces applied
on the instruments could provide a way to rapidly reduce the motion scaling to
prevent collisions, for example. For the smart augmented reality mode presented
in chapter 6, force information could be used to detect contact between the cutting
tool and the brain tissue, allowing the user to define more specific use-cases for
the different augmented reality modes.

Depth recovery of the surgical scene could also be used to refine the behaviour
of the adaptive motion scaling, by considering the distances between the current
instrument position and the 3D target point instead of their 2D projections in the
camera plane. Accurate depth recovery could also greatly improve the displace-
ment modelling presented in chapter 7, as illustrated in [195]. Continuing with
considerations related to visual information, a segmented and labelled representa-
tion of the surgical video feed could be extremely useful to improve implicit in-
terfaces, allowing the definition of behaviour specific to certain anatomical struc-
tures. Likewise, the detection of high-level surgical phases could provide another
useful source of information to adapt system behaviour. However, while these
additional sources of information can be highly beneficial, they should not be in-
cluded at the cost of system reliability. As human-robot interfaces are a means for
the surgeon to interact with the robotic system, it is typically preferable to design
simpler but reliable interfaces rather than ambitious but seemingly inconsistent
ones.

These concepts of reliability and intuitiveness are crucial to the functionality
of human-robot interfaces. They are even more critical to implicit interfaces, that
act without user input and modify system behaviour automatically. If the user is
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not capable of understanding why the interface modifies the system behaviour the
way it does, the supposedly implicit interface becomes extremely explicit in a very
negative manner. The issue is in part emphasized by the fact that the inner work-
ings of these interfaces are hidden from the user. While poorly designed interfaces
with simple and obvious behaviour will be tedious and cumbersome, users will be
able to adapt to them and eventually make use of the system. A simple example
of this is the frustum effect present in laparoscopic surgery, requiring all surgeon
trainees to learn to invert their motions. Although highly counter-intuitive at first,
surgeons eventually learn to adapt to it so much so that they sometimes then feel
uncomfortable using a robotic system that compensates for this inversion. Implicit
interfaces merging information from multiple sources, on the other hand, can be
much more challenging to adapt to if poorly designed.

Asides from the sources of information available, the key factors dictating the
intuitiveness of implicit interfaces are the model structure employed, and the man-
ner in which those models are tuned. In this thesis, chapter 5 is entirely dedicated
to studying the impact of interface parameters on system performance. As shown
in that chapter, relying on intuition and manual optimisation to tune a complex
interface is significantly suboptimal, and can result in unintuitive and potentially
dangerous system behaviour. These results highlight the importance of using prin-
cipled approaches to optimise human-robot interfaces, something mainly ignored
in the literature. The approaches presented in this thesis, however, could benefit
from the use of more flexible models. In chapters 4 and 5 only the parameters
of the adaptive motion scaling model were optimised, the model structure itself
was manually chosen to reflect the intuited design considerations. While the op-
timisation process significantly improved the system behaviour, the choice of the
model structure could have itself been suboptimal. In chapter 6, the constraints on
the model structure were specified through kernel and mean functions, allowing
much greater model flexibility. However dynamic effects were not considered,
as well as non-stationarity considerations. These could both be incorporated in
future work to improve the interface behaviour.

A limitation of these optimisation and training steps is the time requirement
imposed on users of the system. Both training and optimisation processes require
users to rate or label the performance of the system. This step can be time con-
suming to perform in a user-specific manner, particularly if the input feature space
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is large. A potential solution to this problem consists in pre-training models with
expert users that can then be further refined by individual users. Partially men-
tioned in chapter 6, this solution could use models that can be updated on the
fly such as Gaussian processes. The core functionality of the interface would be
loosely encoded through pre-training performed by an expert user, allowing users
to subsequently refine it and specify their individual preferences. This approach
would allow surgeons to start using the system right away without risking unsafe
behaviour, and shape the system to their preferred behaviour over time.

A final potential extension for the work presented in this thesis is the concept
of descriptive control. As discussed previously, implicit interfaces represent a low
level of autonomy in surgery, where user intention and system information is used
to automatically adapt the robot behaviour. With sufficient scene information and
appropriate models, it would be possible to go beyond simply adapting the system
behaviour to a more optimal one, and instead allow the surgeon to directly describe
the desired system behaviour. The surgeon could use such descriptive control
interfaces to dictate surgical subtasks to the robot, executed through a form of
supervised autonomy. While this may at first seem significantly beyond current
technological capabilities for reliable use, it would in fact not necessitate much
more than is already available to be possible in certain applications. For example,
using a haptic interface, scene depth recovery, and force sensing, it would be
feasible to create an interface allowing a surgeon to command a robotic forceps
to grasp, retract, and hold steady a specific anatomical surface. By moving one
step away from the purely one-to-one nature of current master-slave interfaces,
these descriptive control interfaces would allow advanced robotic capabilities to
be used much more simply, such as the use of systems with three or more surgical
instruments working together. Such descriptive control interfaces could represent
the next step towards automation in general surgical applications.
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Appendix A

Theoretical Formulation of the
Online Gaze Calibration

A.1 Application of Thin Plate Spline to Gaze
Mapping

Given a vector x ∈ Rm, a Radial Basis Function (RBF) is any real-valued function
Φ whose value depends only on the distance from a centre vector c ∈ Rm, such
that Φ(x, c) = Φ(‖x−c‖), where ‖.‖ denotes the Euclidean norm. Sums of RBFs
are commonly used to approximate functions. They take the form

f(x) =
n∑
i=1

wiΦ(‖x− ci‖), (A.1)

where the approximating function f(x) is represented as a sum of n RBFs, each
associated with a different centre ci, and weighted by an appropriate coefficient
wi. This function defines a spatial mapping that maps any location x in space to
a new location f(x). In order to use the TPS [196] as the basis function, the TPS
takes the form Φ(r) = r2ln(r), where r = ‖x− ci‖.

To guarantee the unique existence of interpolants with a small variation to
Equation A.1, lower order polynomials are added to f(x) along with additional
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conditions. Specifically, we obtain the following formulation for the TPS:

f(x) =
n∑
i=1

wiΦ(‖x− ci‖) + a+ bTx, (A.2)

where x ∈ Rm, a is a constant, and b ∈ Rm. Equation A.2 gives rise to a
unique interpolating function f(x) using the TPS basis function Φ(r) = r2ln(r),
with Φ(0) , 0. The additional component a + bTx is introduced to allow an
affine offset to the zero-centred basis function. The uniqueness can be guaranteed
provided that the centre vectors ci of the basis functions are not collinear, and the
following conditions are fulfilled:

n∑
i=1

wi = 0 and
n∑
i=1

wici = (0, . . . , 0)T , (A.3)

where (0, . . . , 0)T denotes the zero vector in m dimensions. Under these condi-
tions, the scalars wi, a, and the vector b can be uniquely solved for.

To use the TPS basis function as the gaze calibration mapping, the unmapped
Point of Regard (PoR) coordinate centroids, P = (x, y) are defined as the input,
and hence m = 2. The mapping to the screen coordinates f(P ) is represented as:

f(P ) =
n∑
i=1

wiΦ(‖P − ci‖) + a+ bTP , (A.4)

where ci = (x̄i, ȳi) is the ith PoR feature vector obtained during calibration, and
b = [ax, ay]. The conditions for the scalars wi, a, and the vector b to be solved
uniquely become:

n∑
i=1

wi = 0 and
n∑
i=1

wix̄i = 0 and
n∑
i=1

wiȳi = 0. (A.5)

The mapping in Equation A.4 specifies an approximation function f : R2 → R in
order to describe an eye tracking calibration mapping in R2 → R2. As such, two
TPS functions are used; one for the x-axis of the screen fx(P ) and one for the
y-axis of the screen f y(P ). These mapping functions share their n PoR feature
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vectors, ci = (x̄i, ȳi) obtained during calibration to give:

M(P ) =

[
fx(P )

f y(P )

]
=

n∑
i=1

[
wxi
wyi

]
Φ(‖P − ci‖) +

[
ax

ay

]
+

[
bx

by

]
P . (A.6)

Here, wxi , ax, and bx represent the scalar coefficients and vector for the x-axis,
and wyi , ay, and by represent the scalar coefficients and vector for the y-axis. The
resultant mapping function M(P ) now describes the mapping of the PoR coordi-
nates P in the eye image plane to the screen pixel coordinate plane. The overall
TPS calibration mapping is divided into two parts; the sum of the RBF weighted
by the TPS coefficients wxi and wyi , which are bounded and asymptotically flat,
and an affine part described by the last three terms. Importantly, three coefficients
are required to express an affine transform, which means a minimum of three
calibration points will be needed to compute the TPS mapping.

A.2 Thin Plate Spline Mapping Parameter
Estimation

Once n calibration points have been extrapolated, with n ≥ 3, the relevant map-
ping parameters including wxi , wyi , ax, ay, bx, and by can be obtained by solving
the following linear system:[

ST

03,2

]
=

[
L C

CT 03,3

] [
tx ty

]
, (A.7)

where S is composed of the n calibration points’ respective screen coordinates:

S =

[
Sx

Sy

]
=

[
Sx1 . . . Sxn
Sy1 . . . Syn

]
, (A.8)

as illustrated in Figure 3.10. 03,3 and 03,2 denote the 3×3 and 3×2 zero matrices
respectively. The calibration points’ respective n PoR feature coordinates repre-
sented by ci = (x̄i, ȳi) form the n × 3 matrix C, whose ith row is (1, x̄i, ȳi). Let
L be a n× n matrix defined as:

L = Φ(‖cj − ci‖) + λ · α2 · In,n, (A.9)
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(a) (b)

Figure A.1: Illustrations of a six-point thin plate spline modelling visualised using
TPSDemo1. (a) Regularization coefficient λ = 0. (b) Regularization coefficient
λ = 0.575.

where In,n is the n× n identity matrix, λ is the regularization coefficient, and:

α =
1

n2

n∑
i=1

n∑
j=1

‖cj − ci‖. (A.10)

The regularization coefficient λ controls how strictly the model respects the con-
trol points. For λ = 0 the TPS interpolation will intersect each control point ex-
actly, at the cost of having a more rapidly varying model between control points.
For λ → ∞, the TPS model approaches a least squares fitted plane. This is illus-
trated in Figure A.1.
tx and ty are arranged as:

tx =
[
wx1 . . . wxn ax bx

]T
ty =

[
wy1 . . . wyn ay by

]T
.

(A.11)

Both tx and ty are (n+ 3)× 1 vectors. By further denoting:

K =

[
L C

CT 03,3

]
, (A.12)

1Program written by Jarno Elonen available at https://elonen.iki.fi/code/
tpsdemo
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We can invert the system in Equation A.7 to solve for the scalar and vector param-
eters tx and ty as follows: [

tx ty
]

= K−1

[
ST

03,2

]
. (A.13)
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Appendix B

Quantification of Calibration Drift

B.1 Experimental Setup

Ten participants were asked to perform a laparoscopic ring transfer task using
standard laparoscopic instruments. The same laparoscopic phantom that was used
for the paper’s studies was also used for this study. The experiment was divided
in 7 steps:

1. An initial offline calibration of the eye tracker.

2. 1 minute of laparoscopic ring transfers

3. A second offline calibration

4. 1 minute of laparoscopic ring transfers

5. A third offline calibration

6. 1 minute of laparoscopic ring transfers, and the participant was asked to
turn around and simulate talking to an assistant for 10 seconds.

7. A final offline calibration.

The participants were not asked to stay particularly still throughout the differ-
ent steps, to represent natural behaviour during surgery. Reaching the specified
area inside the phantom to perform the ring transfer was made sufficiently chal-
lenging to be able to simulate the motions that might arise from a real procedure.
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B.2 Results

(a) Current Calibration (b) Initial Calibration (c) Previous Calibration
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Figure B.1: Pixel error obtained using a sequence of gaze points and, from left to
right: the latest TPS model, i.e the one generated from that sequence of points;
the TPS model generated by the initial calibration procedure; and the TPS model
generated by the previous calibration procedure.

A calibration procedure yields two elements: a sequence of detected gaze
points corresponding to the calibration dots displayed on the screen, and a thin
plate spline model computed from these points. For a sequence of gaze points
issued from a given calibration, Figure B.1. shows the error computed using:

a) The thin plate spline model generated from that calibration (the calibration
self error). Note that the regularization parameter of the thin plate spline
model was chosen to insure a smoothly varying model without overfitting.

b) The thin plate spline model generated from the initial calibration

c) The thin plate spline model generated from the previous calibration
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(a) Previous calibration: 
       first two tasks

(b) Previous calibration: 
             last task

0

20

40

60

80

100

120

140

160

Er
ro

r (
pi

xe
ls

)

Figure B.2: Pixel error obtained using a sequence of gaze points and the TPS
model generated by the previous calibration procedure for, from left to right: the
first two tasks; and the last task.

Figure B.2 shows the impact of having the user turn around and talk after
having performed the calibration. This done by splitting the data from Figure
B.1(c) into two categories:

a) The error obtained using the thin plate spline models generated before the
user was asked to turn around. These are the errors generated by the first and
second calibration models, using the gaze points recorded from the second
and third calibrations respectively.

b) The error obtained using the thin plate spline model generated by the third
calibration, after the turning motion was performed. The errors are gener-
ated with the gaze points recorded from the final calibration.

The results shown in Figure B.1 highlight the substantial difference between
a newly-calibrated system and one where the user has been free to move while
performing a challenging task. A newly calibrated system has a non-zero error
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due to the low-bending model used to prevent overfitting (λ > 0, see A). The
median error for a newly calibrated system is 6.9 pixels, as opposed to a 34.9
pixel error when using the initial calibration with new gaze data after performing
the tasks. Projecting this error on the 24 inch 1920x1200 pixel used for the study,
this amounts to a 1.8 mm mean error for a newly calibrated system, as opposed to
a 9.4 mm error after use. This five times increase in the detection error is easily
noticeable in practice, as the mean error after use is nearly a centimeter.

Although not statistically significant relative to the initial calibration error, the
median calibration error between successive calibrations is slightly higher, at 44.5
pixels (p-value of 0.2549). This is not unexpected as motion generated during the
task will typically move the user away from their starting position for that task, but
these movements would average out over the duration of the entire experiment (i.e
the user is not continuously physically drifting in one direction). Effectively, this
result means that the initial position a user had at the beginning of the experiment
is closer on average to any given position after a task than the position the user
had before starting that particular task.

Finally, Figure B.2 shows that asking the user to turn around and simulate a
quick conversation does not make a statistically significant difference with regards
to the calibration drift (p-value of 0.5824). While the mean, median, and standard
deviation of the errors all increase, this result shows that most of the drift already
appears during naturally occurring motions.
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Appendix C

Bayesian Learning

This appendix introduces Gaussian Processes in the context of Bayesian linear
regression, showing that they can appear from an extended Bayesian linear re-
gression model with an infinite number of basis functions. The standard linear
model with Gaussian noise can be written as

f(x) = xTw

y =f(x) + ε,
(C.1)

where x ∈ IRd is a d-dimensional real-valued input vector from the dataset D,
and y is the corresponding observation. The noise ε is independent, identically
distributed (iid) with zero mean and variance σ2

n. In the case of linear regression,
the parameter vector w is a d-dimensional vector of weights.

Let X be the aggregation of n input vectors, such that X = [x1, . . . ,xn] is a
d × n matrix, and y = [y1, . . . , yn]T be the corresponding observations. Due to
the iid assumption, the likelihood of the model can be written as

p(y |X,w) =
n∏
i=1

p(yi | xi,w) =
n∏
i=1

N (xTi w, σ
2
n) = N (y |XTw, σ2

nI). (C.2)

For added clarity, the notationN (v|µ,Σ) is used to refer to a Gaussian distribution
of a variable v, of mean µ, and covariance Σ. To generate a Bayesian formulation
of the linear model, a prior belief must be placed on the parameters w. A zero
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mean Gaussian prior with covariance matrix Σp is chosen:

w ∼ N (0,Σp). (C.3)

Note that in this section, both σn and Σp are considered constant. Given the prior
distribution and likelihood, the posterior distribution can now be expressed using
Bayes’ rule:

p(w | y, X) =
p(y |X,w)p(w)

p(y |X)
. (C.4)

The marginal likelihood p(y | X) is a normalizing constant, and so independent
of the parameters w. As such, the posterior distribution can be computed up to
proportionality without having to compute the marginal likelihood. Discarding
constant terms, the posterior distribution can be written as

p(w | y, X) ∝ N (y |XTw, σ2
n)×N (w | 0,Σp). (C.5)

In the following, we expand equation C.5, crossing out terms independent of w
while keeping proportionality:

p(w | y, X) ∝ exp

(
− 1

2σ2
n

(y −XTw)T (y −XTw)

)
exp

(
−1

2
wTΣ−1

p w

)
∝ exp

(
− 1

2σ2
n

[
���yTy − yTXTw −wTXy +wTXXTw

]
− 1

2
wTΣ−1

p w

)
∝ exp

(
−1

2
wT

(
1

σ2
n

XXT + Σ−1
p

)
w +

1

2σ2
n

yTXTw +
1

2σ2
n

wTXy

)
∝ exp

(
−1

2

[
wTAw − bTw −wTb

])
,

(C.6)

where A = σ−2
n XXT + Σ−1

p and b = σ−2
n Xy. Note that since X only has real

entries, then XXT is symmetric positive-semidefinite. Additionally, Σp is a sym-
metric positive definite covariance matrix. As the sum of a positive semidefinite
and a positive definite matrix, A is symmetric and invertible, and so A−1 exists
and is symmetric. Lastly, note that the since neither A nor b are dependent on
w, the term bTA−1b is not as well. As such, the term bTA−1b can be injected
into equation C.6 while maintaining proportionality (referred to as completing the
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square). Finally, we define w̄ = A−1b.

p(w | y, X) ∝ exp

(
−1

2

[
wTAw −wTb− bTw + bTA−1b

])
∝ exp

(
−1

2

[
wTAw −wTAA−1b− bTA−1Aw + bTA−1AA−1b

])
∝ exp

(
−1

2

[
wTAw −wTAw̄ − w̄TAw + w̄TAw̄

])
∝ exp

(
−1

2

[
(w − w̄)TA(w − w̄)

])
.

(C.7)

The result of equation C.7 is of the form of a Gaussian distribution with mean w̄
and covariance A−1, demonstrating that the posterior is Gaussian distributed

p(w | y, X) ∼ N (σ−2
n (σ−2

n XXT + Σ−1
p )−1Xy, (σ−2

n XXT + Σ−1
p )−1). (C.8)

The tractability of the posterior is an important practical property of such models,
which translates directly to Gaussian Processes. The marginal likelihood is also
tractable as the convolution of conditional distributions:

p(y |X) =

∫
p(y |X,w)p(w)dw

=

∫
N (y |XTw, σ2

nI)N (w | 0,Σp)dw

= N (0, XTΣpX + σ2
nI).

(C.9)

Finally, the predictive posterior distribution p(y∗|x∗,y, X,w) for a new test vector
x∗ is also Gaussian distributed, which can again be shown using the properties of
conditional Gaussian distributions:

p(y∗ | x∗,y, X,w) =

∫
p(y∗ | x∗,y,w)p(w |X,y)dw

=

∫
N (y∗ | xT∗w, σ2

n)N (w | w̄, A−1)dw

= N (
1

σ2
n

xT∗A
−1Xy,xT∗A

−1x∗ + σ2
n).

(C.10)
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Likewise, the predictive latent value f∗ has a very similar distribution

f∗ | x∗,y, X,w ∼ N (
1

σ2
n

xT∗A
−1Xy,xT∗A

−1x∗). (C.11)

Note that the prediction is made as a weighted average over all possible parameter
values. This benefit stems from the Bayesian approach, where other approaches
typically need to evaluate parameter sets separately.

The above formulation is strictly limited to a linear model. But what if the
desired model is non-linear? One way to introduce non-linearity in equation C.1
is to use a mapping function φ(x) to a higher dimensionality:

f(x) = φ(x)Tw. (C.12)

For example, a feature space φ(x) = (1, x, x2)T for d = 1 would introduce a
second order non-linearity. Using the mapping from equation C.12, the predictive
posterior latent distribution from equation C.11 then becomes:

f∗ | x∗,y, X,w ∼ N (
1

σ2
n

φ(x∗)
TA−1Φy, φ(x∗)

TA−1φ(x∗)), (C.13)

where Φ = [φ(x1), . . . , φ(xn)] corresponds to the high-dimensionality mapping
of X . However, in order to get arbitrarily complex functions, an infinity feature
space would be needed. The above equations can be manipulated such that the
feature space only appears in the form φ(x)Σpφ(x′), where x and x′ are either
in the training set or the test set [166]. The “kernel trick” consists in noticing that
this inner product can be equally computed through a kernel function k such that

k(x,x′) = φ(x)Σpφ(x′). (C.14)

This formulation allows the definition of similarity between groups of points in
an intuitive manner, as opposed to defining a feature space. Additionally, this also
allows for the definition of arbitrarily complex feature vectors, without having to
compute correspondingly complex feature vectors. As will be seen in the next
section, different kernels can have powerful behavioural properties. For exam-
ple, the squared exponential kernel can be shown to be equivalent to an infinite
dimensional feature map.

With a prior distribution over the model parameters, the linear model presented
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in this section is already a simple Gaussian process. However that Gaussian Pro-
cess is degenerate, as it is constrained to be linear. This rigidity is the reason
the entire model can be solved for with a fixed number of samples, even when
using any finite feature mapping. The next section will formally define Gaus-
sian Processes, and illustrate how their flexibility makes them ideal candidates for
data-efficient optimization and learning.
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names, paper title, IEEE publication title, and month/year of publication].

D.2 Elsevier Permissions
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