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Abstract

This thesis investigates data-driven methods for implementing human-robot interaction

in the da Vinci Research Kit (dVRK) platform, with a particular focus on skill modeling, in-

tegration of autonomy in the surgical workflow, and real-time performance assessment.

As robotic surgery becomes increasingly prevalent, there is a growing need for intel-

ligent systems that can both assist human operators and also understand and adapt

to their actions in real-time. This work addresses this challenge by developing a high

performing control framework through a sequence of studies that span through the dif-

ferent types of controllers in the spectrum of teleoperative human-robot cooperation

and skill assessment: shared control, supervisory control, and assistive control.

Early chapters focus on shared control and supervisory control frameworks, introduc-

ing novel methods for learning bimanual surgical trajectories from demonstrations, en-

abling robots to generalise motion patterns from expert behavior. The subsequent work

explores control paradigms that modulate robotic assistance in a data-driven approach,

balancing autonomy and human input to achieve both higher performances and lower

perceived workload. Objective evaluations demonstrate that adaptive assistance can

benefit novice users without significantly impeding expert performance.

Building upon these foundations, the last chapter shifts focus to real-time surgical skill

assessment using deep learning models trained on multimodal inputs. These systems

are designed to provide frame-level predictions of technical skill, enabling continuous

feedback during task execution.

Across all studies, this thesis emphasises the integration of expert data, task struc-

ture, and real-time capabilities to build responsive surgical systems that can fit into the

surgical workflow. The contributions are validated with user studies and supported by

extensive experimentation on datasets. User studies with participants show improved

performance and perceived workload throughout all experiments when using the pro-

posed control systems. Together, these contributions advance the state-of-the-art in

human-robot cooperation and provide a foundation for intelligent systems in surgical

assistance.
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Chapter 1

Introduction

”The procedure was a blessing, being less invasive than the open method [...]. I opted

for [robotic-assisted surgery] because of the recovery time, less blood loss, it seemed

to be the logical way to go.”
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1.1 Motivation

The above quote comes from a patient in a 2018 study conducted by St John of God Subiaco

Hospital, Austin Health, and the University of Notre Dame Fremantle in Australia, which explored

the public’s understanding of robotic surgery [124]. It encapsulates the perception and growing

preference for robot-assisted surgical procedures, largely due to their minimally invasive nature,

reduced blood loss, and shorter recovery times.

The da Vinci surgical system, developed by Intuitive Surgical (Sunnyvale, CA), is the leading plat-

form in this domain. Through its advanced teleoperation capabilities, it enables surgeons to per-

form complex procedures with enhanced precision, flexibility, and control via a console-based inter-

face. Its success has contributed to the global adoption of robotic systems across various surgical

specialties. However, these advantages are accompanied by new challenges. One notable concern

is the prolonged duration of robotic procedures. While the minimally invasive approach reduces re-

covery times for patients, the overall surgical time is often extended compared to traditional open

or laparoscopicmethods. This can have a range of implications. For patients, longer surgeriesmay

require extended periods in physiologically stressful positions, such as the Trendelenburg position,

which has been associated with risks including increased intracranial pressure, airway edema, and

cardiovascular strain [104].

For surgeons, extended procedures raise concerns of cognitive and physical fatigue, especially

during lengthy and complex operations. Studies have shown that prolonged exposure to surgi-

cal tasks, even in ergonomically designed teleoperation consoles like that of the da Vinci system,

can impair performance, lead to mental overload, and potentially increase the risk of errors [163].

While the system provides an ergonomic advantage over traditional surgical postures, it does not

eliminate the burden of extended concentration and decision-making demands. These observa-

tions highlight a critical opportunity: to augment existing teleoperative capabilities with intelligent

assistance mechanisms that can support the surgeon throughout the procedure. By integrating

intelligent human-robot cooperation frameworks into surgical robotics, the system can move from

being a passive instrument under the surgeon’s complete control to an active collaborator capable

of providing context-aware support, adaptive motion assistance, and even predictive modeling of

surgical tasks.

Thus, the motivation of this work lies in exploring how enhanced human-robot cooperation in

robotic surgery within the context of teleoperation can reduce cognitive load, improve workflow

efficiency, and ultimately contribute to more effective surgical outcomes. To investigate these

possibilities, this thesis uses the da Vinci Research Kit (dVRK), an open-source research platform

derived from the clinical da Vinci surgical system. The dVRK provides access to low-level con-

trol and sensor data, allowing the development of advanced control frameworks that go beyond

conventional teleoperation.
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1.2 Research Objectives

Using the dVRK as basis of the work conducted in this Thesis, the aim is to explore and evalu-

ate novel control architectures for human-robot cooperation in teleoperative robotic surgery. The

objectives of this thesis can be summarised as follows:

1. Novel control frameworks for robot-assisted systems.

To create a teleoperation framework which implements human-robot cooperation in the dVRK for

surgical tasks, including training tasks, such as peg transfer, and common clinical procedures, such

as suturing.

2. Perceived workload analyses.

To investigate and assess surgeon performance during robotic surgery tasks employing human-

robot interaction frameworks. To find the key elements that can decrease surgeon’s perceived

mental workload.

3. Data analysis for skill assessment.

To investigate the feasibility and performance ofmachine learningmodels in assisting surgeons for

surgical tasks. To validate the models in benchmark datasets widely used in the literature.

1.3 Original Contributions

The main contributions of this thesis include:

Contribution 1. Development of novel shared control frameworks for peg transfer.

This thesis presents shared and supervisory control approaches that segment the peg transfer

task into human and robot subtasks, using learning from demonstration methods to train the au-

tonomous agent. The framework improves task efficiency and user experience by enabling the

robot to handle routine actions while maintaining user engagement.

Contribution 2. Implementation of a novel assistive control framework for suturing.

A new assistive control system was developed that combines real-time gesture recognition with

confidence-based intent prediction to dynamically adapt robotic assistance during suturing. This

approach enhances the user’s performance and reduces cognitive load, particularly during complex

maneuvers or in conditions with limited visibility.

Contribution 3. Demonstration of human-robot cooperation improved performances in robotic surgery

tasks.

Zhaoyang Jacopo Hu Assistance in Robotic Surgery 23



1.4. Publications Introduction

Extensive user studies were conducted to evaluate the impact of the proposed control frame-

works across various tasks, confirming improvements in efficiency, accuracy, and user satisfac-

tion through NASA TLX. These studies validate the practical benefits of integrating autonomous

support into surgical workflows.

Contribution 4. Construction of a real-time automatic surgical skill assessment pipeline.

Deep learning-based models were developed to automatically assess suturing skills in real-time

using kinematic and video suturing data. The study conducted provides insights that support ob-

jective and consistent evaluation of surgical tasks.

1.4 Publications

The work presented in this thesis has resulted in the following peer-reviewed conference papers

and journal publications:

• Chen, L.*, Hu, Z. J.*, Huang, Y., Burdet, E., Rodriguez y Baena, F. “Human Robot Shared Control

in Surgery: A Performance Assessment”. In: IEEE International Conference on Robotics and

Automation (ICRA) (2024). *Co-first authors.

• Hu, Z. J., Wang, Z., Huang, Y., Rodriguez y Baena, F., Burdet, E. “Towards human-robot collab-

orative surgery: Trajectory and strategy learning in bimanual peg transfer”. In: IEEE Robotics

and Automation Letters (2023), pp. 4553-4560.

Symposium papers, workshop abstracts and presentations arising from this thesis:

• Hu, Z. J., Kim, S., Burdet, E., Rodriguez y Baena, F. “Gesture Recognition for Shared Control in

Robotic Suturing with LSTM Networks and Transformers”. In: Hamlyn Symposium 2024.

• Hu, Z. J., Chen, L., Huang, Y., Burdet, E., Rodriguez y Baena, F. “Priority-Based Shared Control

for Peg Transfer Task”. In: Hamlyn Symposium 2023.

• Hu, Z. J., Wang, Z., Huang, Y., Rodriguez y Baena, F., Burdet, E. “Towards Human-Robot Col-

laborative Surgery: Trajectory and Strategy Learning in Peg Transfer”. In: International Confer-

ence on Intelligent Robots and Systems (IROS) 2022 Workshop.

Additional peer-reviewed surgical robotics-related journal and conference publications that have

been co-authored:

• Zheng, H., Hu, Z. J., Huang, Y., Cheng, X., Wang, Z., Burdet, E. ”A User-Centered Shared Con-

trol Scheme with Learning from Demonstration for Robotic Surgery”. In: IEEE International

Conference on Robotics and Automation (ICRA) (2024).

• Zhang, H., Deng, K., Hu, Z. J., Huang, B., Elson, D. S. ”Hybrid Deep Reinforcement Learning

for Radio Tracer Localisation in Robotic-assisted Radioguided Surgery”. In: IEEE International
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Conference on Robotics and Automation (ICRA) (2025).

The following manuscripts are under review:

• Hu, Z. J., Xu, H., Kim, S., Li, Y., Rodriguez y Baena, F., Burdet, E. “Confidence-based Intent

Prediction for Teleoperation in Bimanual Robotic Suturing”. Under review in: IEEE Robotics
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1.5 Technical and Clinical Acknowledgements
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with participants.

Chapter 3. Giulio Anichini provided inputs and assistance for suturing techniques. Anton Deguet

offered support in debugging and fixing of the da Vinci hardware.

The da Vinci platform and hand interfaces were provided by the Hamlyn Centre at Imperial College

London.

The formatting of this thesis has been used from the template of Rob Robinson [128] and the link
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1.6 Thesis Overview

Chapter 2 provides the background on technologies used to support surgeons in robot-assisted

surgery, beginning with an overview of the da Vinci robot and other similar platforms currently

available in the market. It discusses the strengths of these systems while also addressing their

limitations. The chapter then introduces the concept of human-robot cooperation, emphasising

the spectrum of teleoperative controllers, i.e. shared control, supervisory control, and assistive

control, which are the focus of Chapters 3, 4, and 5, respectively. These different types of control

mechanisms offer varying levels of autonomy to the robot, allowing for more flexible interaction

between the human and robotic systems. Finally, the Chapter explores the application of Artificial

Intelligence (AI) in automating robotic surgery and performing skill assessments, highlighting how
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AI can enhance precision, reduce human error, and provide valuable feedback on surgical perfor-

mance.

Chapter 3 describes the development of a human-robot cooperative framework, i.e. shared con-

trol, focusing on trajectory and strategy learning during a bimanual peg transfer. The chapter intro-

duces a segmentation approach where control is alternated between the human operator and an

autonomous agent, assigning different parts of the task based on their complexity and dexterity

requirements. It presents the use of a modified SurRoL environment to train and test agents within

the same platform, allowing seamless transitions from simulation to real-world robotic platforms

like the dVRK. The training approach is based on an Epsilon-Greedy Maximum Entropy Inverse

Reinforcement Learning (EG MaxEnt IRL) algorithm, designed to learn both trajectories and strate-

gies from expert demonstrations while promoting robustness through enhanced exploration. The

chapter details the setup for shared control, outlines the structure of the learning environment, and

discusses the experimental protocols and user studies conducted to validate system with both a

surgical simulator and the physical robot.

Chapter 4 presents an investigation into human-robot control in surgery, focusing on how a con-

tinuous collaborative strategy (unlike the previous segmented method) that can enhance surgical

performance. It introduces a reinforcement learning-based approach called transverse generative

adversarial imitation learning (tGAIL) to train robotic agents from expert demonstrations, aiming

for improved learning consistency and robustness. The Chapter then proposes a priority-changing

control method, where the control authority dynamically shifts between the human operator and

the robot based on task context, specifically the deviation from the planned trajectory. Different

control strategies, including continuous supervision, segmented control, and manual control, are

described and implemented both in simulation and on a real dVRK system. A structured user study

with novices is carried out to evaluate how these different control modes influence performance,

workload, and interaction dynamics during a standardised peg transfer task.

Chapter 5 focuses in assisted control and presents a confidence-based control framework for

bimanual robotic suturing using the dVRK. The system integrates high-level gesture recognition

with low-level confidence-driven intention assimilation, allowing the robot to adaptively support

the user’s motion plans. At a high-level, a Transformer model is trained to classify surgemes in

real-time, while at the low-level a Bayesian inference is used to estimate robot’s confidence on its

kinematic and visual data. This confidence informs a controller that blends user and robot trajec-

tories. Two user studies demonstrate significant improvements in task performance compared to

traditional teleoperation, validating the effectiveness of the proposed approach.

Chapter 6 investigates strategies to improve real-time surgical skill assessment by predicting OS-

ATS scores from multimodal data. The work uses vision and kinematic data from the JIGSAWS

dataset to predict continuous OSATS scores during surgical tasks. Seven unimodal and fusion

deep learning models were developed, with the fusion architecture outperforming the baselines in
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terms of alignment with ground-truth, as measured by Spearman’s correlation coefficient. The re-

sults also reveal that models trained on high-skill demonstrations generalise better across different

users, while those trained on low-skill data tend to underperform. This highlights the importance

of expert-quality data in training robust assessment systems. This study contributes a data-driven

approach that shifts surgical training from post-hoc evaluations to real-time feedback.

Chapter 7 summarises the contributions of the thesis, describes its limitations, and offers per-

spectives on future work directions to advance human-robot control frameworks in robot-assisted

surgical systems.
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Chapter 2

Current technologies for robot-assisted
surgery

Robotics is a fundamental pillar of modern healthcare. With the advent of minimally invasive

surgery as an alternative to traditional open surgery, the surgeon’s loss of direct access to the

internal anatomy of the patient has led to a greater effort on improving ergonomics and has fo-

cused on the integration of assistance and supportive systems in robotic telemanipulators [27].

While the da Vinci surgical system is by far the most popular and successful robot in the field of

robot-assisted surgery, the expiration of many of its patents has opened themarket to new surgical

platforms, such as Senhance Surgical Robotic System, Revo-I, Versius, Aveta, Hinotori. This chap-

ter presents the current state-of-the-art technologies used in teleoperative robot-assisted surgery,

providing technical reviews and current challenges, following with an extensive analysis of the

methods used to support the surgeons.
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2.1 Introduction

When the first da Vinci surgical telemanipulator prototype was developed in the 90s, it quickly

revealed its potential to “provide a technical solution to the intrinsic limitations of manual laparo-

scopic surgery” [10, 40]. By 2020, more than 5,000 da Vinci surgical systems were deployed world-

wide, performing more than 7 million surgical procedures [27]. Robot-assisted surgery has rev-

olutionised minimally invasive procedures by providing enhanced precision, dexterity, and visual-

isation compared to traditional laparoscopic techniques. Robotic arms offer a greater range of

motion, reducing hand vibration and ergonomic strain on surgeons. Additionally, high-definition

3D imaging and motion scaling enable more immersive and complex procedures, which would be

challenging with manual techniques. Then in 2024, Intuitive Surgical presented their latest genera-

tion of surgical robot: the da Vinci 5. The most noticeable improvement of model 5 is the inclusion

of haptic feedback technology cleared by the FDA in the field of robotic surgery.

This growth in robot-assisted surgery field has also led to a large surgical robotics research com-

munity involving academic and industry collaborations. Part of this collaboration has culminated in

the formation of the da Vinci Research Kit (dVRK) [76], a research platform created by repurposing

decommissioned da Vinci surgical systems, which allows many researchers across more than 40

different institutions worldwide, one of which is Imperial College London, to keep innovating and

addressing challenges in robot assisted surgery.

Much of the research work and scientific publications regarding the da Vinci surgical system is

based on the dVRK [27]. The platform is based on leader-follower structure for the implementation

of teleoperation. The surgeon can sit on a console and uses the Master Tool Manipulators (MTMs)

to remotely control the Patient Side Manipulators (PSMs) composed of four robotic arms: three

holding surgical instruments and one with an endoscopic camera. As haptic feedback was intro-

duced only in the most recent version, the earlier da Vinci systems (including the dVRK) provide

most of the surgical procedure’s information to the surgeon through visual feedback using a 3D

endoscope positioned on the remote patient side. To control the tip of each instrument, the PSMs

provide seven Degrees of Freedom (DOF) (three orientations, three translations, and grip), which

are typically lost in conventional laparoscopy [40]. Effectively, the robotic platform allows the sur-

geons to regain 3D vision within the patients anatomy and regain the dexterity typically used in

open surgery.

Since da Vinci surgical system first FDA approval in July of 2000, the robot has been the gold stan-

dard for robot-assisted minimally invasive surgery and dominated the field for almost 20 years.

With the expiration of some da Vinci patents in 2019, many other competitors have entered themar-

ket with their robotic platform, allowing to stretch the innovation in healthcare robotics [82].

The Senhance surgical system (TransEnterix Surgical Inc, Morrisville, NC, USA) [5] was the first

new multiport robotic system to receive FDA clearance in October 2017 after the success of the
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da Vinci surgical system [82]. The Senhance platform focuses on applications for general surgery

and gynecology procedures and differs from the da Vinci in three main aspects. Firstly, the system

is composed of four independent and separate robotic arms that sit on their own carts. Secondly,

the control of the camera is enabled through an infrared eye-tracking system on an open console

[122]. Lastly, the hand interface, which is located at the console where the surgeons sit, is able to

provide haptic feedback for an enhanced sensory feedback during procedures.

Figure 2.1: Senhance robot. (©2018 reproduced from Rao et al.[122] with permission from
Springer Nature)

Another surgical robot is the REVO-I platform (Meere Company, South Korea), which is another

follower-leader system that received the Korean regulatory approval in 2017 for operating in Korea

[77]. Overall, the robot is similar to the da Vinci surgical system, as it also comprises a closed

surgeon console, four manipulator arms on a single cart, and a vision cart [122]. The main differ-

ence from the da Vinci surgical system was the use of haptic feedback in the REVO-I, which now

is incorporated in the da Vinci 5.

One further robotic platform that is worth noting is the Versius surgical system (CambridgeMedical

Robotics Ltd, UK), which received the European CE Mark in March 2019 [82]. The system consists

of the surgeon open console and individual robotic arms mounted on separate portable carts.

Notable features include the surgeon interface, which requires polarised glasses for 3D vision and

that allows to control the robotic arms through joystick handles and receive haptic feedback.

While many other robotic systems for robot-assisted surgery are currently commercially available,

several challenges need to be addressed for the continuous development of these innovations. The

next section will detail the specifics of these challenges.
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Figure 2.2: REVO-I robot. (©2018 reproduced from Rao et al.[122] with permission from
Springer Nature)

Figure 2.3: Versius robot. (©2018 reproduced from Peters et al.[116] with permission from
Springer Nature)

2.2 Challenges and Limitations in Robotic-
Assisted Surgery

The core of robotic-assisted surgery is the combination of human skill and robotic precision. Robot-

assisted surgical systems are designed to augment a surgeon’s capabilities, offering enhanced

control over surgical tools and increased precision. While these systems have brought significant

benefits to the field of healthcare engineering, they also came with a range of challenges and lim-

itations that impact its broader adoption and utility. These challenges can be categorised into

technical, financial, training-related, and ongoing advancements of the system.

From a technical perspective, robotic-assisted systems can occasionally malfunction, leading to

delays or complications during surgery. These failures are well-documented in the literature, partic-
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ularly in relation to the da Vinci surgical system [15, 75, 80]. A study by Borden et al. [15] highlights

that, although rare, most of the reported malfunctions involve mechanical failures of various com-

ponents, whose etiology included: set-up joint malfunction, arm malfunction, power error, monoc-

ular monitor loss, camera malfunction, breaking of surgeon’s console hand piece, and software

incompatibility. Kim et al. [80] reported some of these failures and their solutions as shown in

Table 2.1. It is worth noting that the most common way to resolve the failure is the total or partial

replacement of the system. Nayyar and Gupta [103] highlight that most of the malfunctions can

be recognised before starting the surgery, underscoring the importance of preliminary checks to

ensure the correct functioning of the robotic system before anesthesia.

Table 2.1: Failures resulting in cessation of robotic surgery reported in Kim et al. [80]

TYPE NUMBER MANAGEMENT

On/off failure 1 No use and change OR

Mechanical failure

Console failure 5 1 Open conversion
1 Laparoscopic conversion
3 Repair by ourselves or intuitive staff

Arm failure 6 1 Laparoscopic conversion
5 Repair by ourselves or intuitive staff

Camera abnormal 2 Jack readjust

System error

Out of range motion 10 Reset or repair by intuitive staff

Instrument failure

Resano Forceps 1 Exchange for a new one

Curved Scissors 3 Exchange for a new one

Large needle driver 1 Exchange for a new one

Bipolar Maryland Forceps 8 Exchange for a new one

Permanent Cautery Hook 1 Exchange for a new one

Permanent Cautery Spatula 2 Exchange for a new one

PreCise Bipolar Forceps 1 Exchange for a new one

ProGrasp Forceps 2 Exchange for a new one

An additional challenge associated with robotic-assisted surgery is the financial commitment of

acquiring and maintaining the equipment [102, 155]. Robotic surgical systems are often expensive

and they require ongoing expenses for maintenance, software updates, and consumable instru-

ments. These costs can strain healthcare budgets, particularly in smaller hospitals or in countries

with limited healthcare funding. It is shown that generally robot-assistive surgery is more expen-

sive than traditional laparoscopic procedures, due to higher initial costs and longer procedures,

however Prewitt et al. [119] shows that utilising robots like the da Vinci surgical system can lead to
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better postoperative patient outcomes and shorter recovery time, which increases the availability

of hospital beds. Furthermore, Huettner et al. [65] observes that the acquisition of laparoscopic op-

erating skills seems to enhance in trainees by practice in robotic systems, which would then justify

the initial high investment [155]. Accelerated proficiency and performance improvement through

there robotic platforms is extensively studied and debated in the literature [49, 55, 74], which can

affect experienced and inexperienced surgeons differently.

Therefore, the learning curve associated with robotic-assisted surgery is another important chal-

lenge. Although the technology is designed to augment a surgeon’s capabilities, mastering robotic

systems requires specialised training and practice. Unlike traditional open laparoscopic surgery,

where surgeons rely on direct haptic feedback, robotic platforms require adaptation to a visually

dominant interface. This transition can be particularly challenging for experienced surgeons ac-

customed to conventional techniques [74, 95]. Surgeons must learn how to control robotic arms,

navigate three-dimensional interfaces, and manipulate instruments in new ways. From published

literature, it is unclear if the learning curve with robot-assisted surgery is faster or slower than

conventional laparoscopy [145]. Generally, it is found that novice surgeons learn basic skills and

perform tasks faster and with higher precision when using the robot than traditional laparoscopy

[29, 64, 133], however a study from Heemskerk et al. [55] reported faster training during the latter.

Moreover, the learning curve can vary significantly depending on the type of procedure being per-

formed, the surgeon’s prior experience, and the availability of structured training programs such

as simulation-based learning. However, institutions with dedicated robotic surgery curricula apply

their training programmes to all surgeons, regardless of their open, laparoscopic, or robotic sur-

gical experience before actual independent practice with the robotic system [144]. To support the

surgeons’ training, the curricula often include simulation platforms that have shown to effectively

promote robotic skill acquisition among residents, fellows, and attendings as well [134] (Figure

2.4).

Another critical challenge in robotic-assisted surgery relates to the effective incorporation of state-

of-the-art technologies into the systems, particularly in terms of further supporting and assisting

surgeons. As surgical robotic platforms continue to evolve, researchers are exploringways to incor-

porate more intelligent assistance features, such as machine learning-based guidance [62], phase

tracking classifiers [7, 156], and objective performance indicators [106]. These advancements aim

to reduce the cognitive load and improve surgical efficiency. The current state of the technology

in robotic-assisted surgery focuses in the development of passive tools that require constant sur-

geon input, such as the leader-follower structure, meaning that they rely entirely on the surgeon’s

input for every movement and decision during an operation. The robot’s role is to replicate and

enhance the surgeon’s hand movements with greater precision and stability, but it does not make

independent decisions or provide active guidance. The surgeon must control every aspect of the

procedure, from tool placement to tissue manipulation, through direct input via a console. This

reliance on full manual control contributes to fatigue during long procedures, highlighting the need
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Figure 2.4: Group performance comparison for surgical robotic skill acquisition with control
group as reference (task time and errors) on three surgical platforms: dV-Trainer, da Vinci
Simulation System (DVSS), and Dome [134]. Symbols represent estimated time (top) and error
(bottom) difference fromcontrol group in seconds in all tasks adjusted for baseline differences
among groups. The control group was offered the Intuitive da Vinci curriculum. Error bars
represent standard error of the estimates. Control group performance has been set as 0 in
the Y-axis. P-values refer to comparison of each group’s performance with control on the
same tasks. (©2020 reproduced from Satava et al.[134] with permission fromWolters Kluwer
Health, Inc.).

for support systems that can anticipate surgeon intentions and assist with repetitive or complex

tasks. The traditional teleoperation approach limits the system’s potential to offer real-time as-
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sistance, such as suggesting optimal surgical paths or autonomously handling routine surgical

tasks. Recent studies have explored the feasibility of semi-autonomous robotic functionalities,

where AI-driven systems could provide adaptive assistance and feedback without removing sur-

geon oversight. Such developments could revolutionise robotic surgery by enabling more efficient

and safer procedures. The work on this thesis will mainly focus on this aspect, which is extensively

detailed in the following section.

2.3 Support during Robot-Assisted Surgery

While current robotic platforms like the da Vinci surgical system have made significant steps in

improving surgical precision and ergonomics, there is much potential for growth in terms of func-

tionality, automation, and intelligence. As robotic systems continue to advance, integrating higher

levels of autonomy and decision support could enhance surgical outcomes, reduce human error,

and optimise procedural efficiency. Researchers are actively exploring ways to incorporate these

technologies into these systems. D’Ettore et al. [27] has highlighted several research fields in the

context of teleoperative robot-assisted surgery that can be categorised as: automation; training,

skill assessment and gesture recognition; hardware implementation and integration; system simu-

lation andmodeling; and imaging and vision (Figure 2.5). Among these research fields, automation

has seen increasing interest, particularly in developing robotic assistance features such as auto-

mated surgery, phase recognition, and task assistance to improve surgical outcomes. By using

machine learning, it is possible to identify patterns in surgeon behavior, assess skill levels objec-

tively, and refine robotic assistance to better adapt to the surgeon’s needs. This approach not only

enhances training and evaluation methods but also lays the foundation for future developments in

semi-autonomous surgical systems.

This thesis will have a deeper focus in the role of automation and skill assessment through the use

of control strategies and machine learning models, with the aim to reducing surgeon’s perceived

workload during surgical tasks.

2.3.1 Human-Robot Cooperation

While fully autonomous surgery remains an extremely complex challenge, there is potential for

robotic systems to engage more actively in routine tasks during surgery, such as suturing or cut-

ting tissues, through other supportive technologies. Recent advancements in motion planning,

real-time gesture classifiers, and adaptive control strategies have demonstrated promising results

in automating certain surgical subtasks with high precision [7, 79, 151]. This could reduce the cog-

nitive and physical workload on surgeons during complex or lengthy procedures, allowing them

to focus on more critical aspects of the operation. However, the introduction of automation in-

volves technical hurdles as well. Ensuring an effective collaboration between the surgeon and
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Figure 2.5: Research areas based on dVRK literature. (©2021 reproduced from d’Ettore et
al.[27] with permission from IEEE)

the robotic system requires intuitive human-machine interfaces, reliable safety mechanisms, and

seamless adaptation to the surgeon’s workflow. Surgeons must maintain a comfortable control

over the procedure, and the transition from fully manual to semi-autonomous systems requires

careful consideration of when and how automation is appropriate.

Figure 2.6 presents the key control methods of surgical tools in the spectrum of performing laparo-

scopic surgery. At the ends of this spectrum sit traditional manual laparoscopic surgery, where

no robotic platform is used, and fully autonomous robotic surgery, where the human side is not

needed. As the gap between these two milestones is very large, the literature is then rich with

controls strategies to enable effective human-robot interactions. Among these there is human-
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robot’s

Figure 2.6: Spectrum of human-robot teleoperation strategies. Each category—Manual
Surgery, Assisted Control, Shared Control, Supervisory Control, and Full Automa-
tion—represents a distinct balance of autonomy and interaction between the human and the
robot. The lower matrix shows which agent, Human (H) or Robot (R), is responsible for Sens-
ing (S), Planning (P), and Acting (A) in each category. Taxonomy reproduced based on [34],
[105], [12], [11], [96].

machine cooperation, which refers to a control paradigm where the human and agent combine,

alternate, share, or mix their control input of the physical robot [1, 37, 96]. Abbink et al. [1] identifies

several challengeswith this type of control, which have persisted to this day: trust, authority switch-

ing, skills degradation and situation awareness, excessive dependence, and inaccurate estimation

of the robot reliability.

Figure 2.6 summarises the control methods used in teleoperative robotic surgery based on the

commonly adopted techniques in the literature for laparoscopic surgery. While Manual Surgery

and Full Automation represent the ends of this spectrum, it is possible to find three large fields in

between: Assisted, Shared, and Supervisory Control.

Assisted control in teleoperative surgical robotics involves a human surgeon which maintains pri-

mary control over the procedure while the robotic system provides real-time intervention based on

environmental sensing [99]. Unlike direct control, which simply scales and transfers the surgeon’s

input from the interface to the manipulators, assisted control is designed to augment the sur-

geon’s dexterity with external inputs. The robotic system can continuously monitor intraoperative
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conditions, such as tool position and force feedback [24], to detect potential dangers or errors and

intervene if necessary by adjusting motion trajectories and restricting unsafe movements. A key

advantage of assisted control lies in its ability to enhance surgical precision and reduce cognitive

and physical fatigue with minimal inputs from the robotic system, which intervenes only when nec-

essary. By incorporating real-time sensor data and intelligent algorithms, these systems can filter

out physiological tremors, enforce virtual constraints, and provide motion scaling to refine com-

plex maneuvers. As a result, robotic systems with assisted control mechanisms are increasingly

explored in skill augmentation and are often integrated in other types of teleoperative controls.

One of the fundamental challenges in developing effective assisted control strategies is ensur-

ing seamless human-robot interaction. The system must be able to distinguish between intended

movements and unintentional errors, requiring advanced sensor fusion techniques and machine

learning models to interpret the surgeon’s actions accurately. Achieving an optimal balance be-

tween autonomy and control remains a critical design consideration, as excessive intervention

could lead to user frustration, whereas insufficient assistance may fail to prevent adverse events.

The importance of incorporating varying levels of robotic assistance is crucial to addressing these

challenges and is explored in shared controlled frameworks.

Within telerobotics, Niemeyer [105] defines shared control as

“... an architecture where some degree of autonomy or automated help is available to

assist the user.”

Instead, Abbink et al. [1], defines shared control as when

“Human(s) and robot(s) are interacting congruently in a perception-action cycle to per-

form a dynamic task that either the human or the robot could execute individually under

ideal circumstances.”

while Payne et al [112] defines it as

“A user-interface paradigm in surgical robotics by which a surgeon and robot share con-

trol of a surgical tool, so as to enhance surgical precision and allow the surgeon to retain

executive control of the robot.”

These definitions exclude systems that are fully autonomous or fully manually controlled, and refer

to concepts of teleoperation and cooperative manipulation [1] with constant physical interaction. In

teleoperation systems, shared control aims to combine the reliability and telepresence achievable

during fully manual control with the efficacy and possible safety guarantees of autonomous control
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[26, 53, 105]. The benefits of this combinations are well described by Abbott et al. [3]:

“A straight line drawn by a human with the help of a ruler is drawn faster and straighter

than a line drawn freehand. Similarly, a robot can apply forces or positions to a human

operator to help him or her draw a straight line.”

Therefore, in shared control the surgeon and the robotic system collaborate on the same task at the

same time. The robot can assist the surgeon by taking over certain low-level tasks while the human

focuses on higher-level decision-making. This partnership allows for a more fluid and efficient

interaction, reducing surgeon workload while maintaining safety and precision [34]. For example,

during tasks like suturing or cutting, the robot could automatically stabilise the instrument or guide

it along a predefined path, allowing the surgeon to focus on complex maneuvers [130]. Research in

shared control in teleoperative robot-assisted surgery involves refining the human-robot interaction

and improving the system’s ability to predict, adapt, and respond to surgeon intent, with the aim of

reducing cognitive load and improving performance during complex surgical procedures.

In the context of shared control in teleoperation surgical systems, numerous methods have been

investigated. In [101], the shared control paradigm compensates for physiological motions during

teleoperated cardiac surgery, which allows the surgeon, or leader, to operate on a static image of

the heart while the remote manipulator, or follower, tracks and moves with the physiological mo-

tion. Abbink et al [1, 2] categorises this approach as a form of ”mixed-input” shared control, since

it involves a concurrent control but the activity is not continuously communicated to the human

operator. Another shared control method, which overlaps with assisted control, involves the use

of virtual fixtures to prevent the human to enter forbidden regions (passive assistance) or provide

guidance through a path (active assistance) [1, 129]. The RIO Robotic Arm Interactive Orthopedic

System (MAKO Surgical Corp., USA) [47] is an example of surgical system that employs virtual

fixtures to provide assistance to the surgeon during the milling process. One further popular con-

troller is the traded control, also called ON–OFF control or segmented control, which is part of the

shared control category and has been a widespread approach for human-robot interaction, espe-

cially in scenarios where humans can serve as a backup system for robotic agents [1]. In this type

of controller, the human and robot agent might work on the same task but alternate their control

of the tool, therefore this type of controller represent an extreme case of shared control.

Lastly, supervisory control consists in a human operator that oversees the task execution while the

robotic system performs all aspects of the procedure autonomously. This model of control takes

advantage of the robot’s precision and consistency while maintaining a safety net through human

intervention capabilities. Unlike shared control, where both the human and robot contribute to task

execution simultaneously, supervisory control allows the robot to operate independently under hu-

man oversight. The level of autonomy in this framework can vary dynamically, shifting, for example,
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towards shared or direct control when necessary, depending on task complexity, surgical context,

or unexpected intraoperative conditions. Noticeably, in supervisory control, the system can inde-

pendently perform predefined tasks, such as suturing or tissue manipulation. Furthermore, incor-

porating real-time monitoring tools, such as computer vision-based tracking [141], enhances the

operator’s situational awareness, facilitating timely interventions when necessary. However, the

effectiveness of supervisory control is contingent on robust sensory information, adaptive plan-

ning algorithms, and fail-safe mechanisms that ensure safe and effective execution. A critical

advantage of supervisory control is its potential to reduce cognitive and physical workload for the

surgeon while improving procedural efficiency. By delegating task execution to the robotic system,

the human operator can focus on higher-level decision-making, such as assessing task needs or

planning subsequent steps. However, challenges remain in ensuring the reliability of autonomous

task execution, particularly in dynamic and unstructured surgical environments can affect robotic

performance.

2.3.2 Artificial Intelligence

The use of Artificial Intelligence (AI) and machine learning models plays a crucial role in advanc-

ing healthcare engineering. In particular, robotic-assisted surgery is a field that can generate large

datasets, which include event, video and kinematic data, that can be processedwithmachine learn-

ing architectures and used to push research in the areas of automation and skill assessment [100].

Figure 2.7 illustrate the most commonly used data for these two fields based on percentage of

papers in the literature, highlighting the popularity of kinematic data, often due to its easy acces-

sibility.

In automation, AI algorithms are being developed to analyse large amounts of surgical data, recog-

nise patterns, generate models, and provide real-time feedback. D’Ettore et al. [27] describes how

AI and machine learning is one of the most popular topics in dVRK research for improving sur-

gical workflow and optimise task performance, with an enormous potential to enhance surgical

precision, as AI can assist in identifying surgical procedures, generating path trajectories, and rec-

ommending optimal instrument movements.

As vision is the primary sensory information in teleoperative robot-assisted surgery, popular AI ap-

plications concern image processing solutions for detection of instruments, tissues, and spatial

mapping [27, 142]. Several uses of AI in a supportive or complementary role also exist, which use

its ability in creating paths and finding a solution to cooperate with a human operator in human-

robot cooperation fashion [22, 25, 72, 158, 168]. As illustrated in Figure 2.6, automation is inte-

grated in the human-robot cooperation framework by affecting how the system senses, plans, or

acts. As the level of automation increases, the system moves from a low automation level to

a higher one. One of the most common approaches for implementing human-robot cooperation

in robotic-assisted surgery is using motion planning and trajectory optimisation, where AI-driven
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Figure 2.7: Histogram on data usage based on papers involving the dVRK. RI: raw image; KD:
kinematic data; DD: dynamic data; SD: system data; ED: external data. (©2021 reproduced
from d’Ettore et al.[27] with permission from IEEE)

models assist in generating smooth, collision-free movements for the robotic system. These au-

tomated planning techniques help improve precision, efficiency, and safety during procedures by

minimising unnecessary movements. For instance, learning-based approaches such as imitation

learning have been explored to enhance trajectory generation by using expert demonstrations and

reward-based optimisation [117]. Additionally, reinforcement learning has also shown promise in

generating and navigating paths that fit into the human workflow. Varier et al. [158] showed this

by segmenting the suturing task into steps and using inverse reinforcement learning to allow the

robot to learn the human’s trajectories, and then divide the task’s responsibilities between human

and robot. Several simulator platforms have also been developed to support the development of

reinforcement learning algorithms aimed at surgical robots [159, 165]. More recent innovations

include the use of Transformer-based models [170] for the implementation of automated surgical

procedures, but their use in human-robot cooperation have not been widely explored yet.

In skill assessment, AI is used to objectively evaluate a surgeon’s performance by analysing video

footage or kinematic data, and provide real-time or post-operative support. Many popular rating

scales are available in the literature, such as the Objective Structured Assessment of Technical
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Skills (OSATS) [83, 97], which assess criteria such as tissue handling, flow of operation, and dex-

terity. Gao et al. [42] describes a modified version used for robotic surgery, which is presented

in Table 2.2. This approach allows standard and structured assessment of someone’s surgical

technical skill.

While post-analysis of surgical procedures with rating scales are often used for clinical studies,

they are severely limited as they require an expert clinician to analyse and evaluate each piece of

surgical data, leading to costly, time consuming, and biased results. By using artificial intelligence,

it is possible to automate this process by training a model to empirically evaluate large volume

of the data. Lam et al. [83] shows that, while the most popular methods were Hidden Markov

Models and Support Vector Machines, in recent years there has been a shift towards the use of

artificial neural networks and deep learning techniques. The authors argue that conventional ma-

chine learning methods require multiple stages of processing and feature extraction, and often an

expert is necessary to select these component, while the end-to-end framework of deep neural

networks can allow to directly capture the optimal features and high-level information to achieve

high accuracy.

The most common deep learning architectures used for skill assessment include Deep Neural Net-

works (DNNs), Convolutional Neural Network (CNN), and Recurrent Neural Network (RNN). These

models have been extensively applied in surgical skill evaluation to analyse kinematic data, video

recordings, and tool movement patterns. Jin et al. [70] conducted a study on general surgery,

demonstrating that deep learning models can effectively extract tool usage patterns, movement

range, and economy of motion as key performance metrics. Their approach involved analysing

surgical tool trajectories and hand movements to assess proficiency levels, showing CNN’s effi-

cacy for spatial feature extraction, while RNNs helped capture temporal dependencies in motion

data. Azari et al. [9] further validated the use of deep learning for skill assessment by confirming the

scalability and objectivity of automated rating systems based on the OSATS framework. Their work

highlighted how machine learning models could be trained on expert-annotated datasets to pro-

vide consistent and unbiased skill evaluations, reducing the variability found in traditional human

assessments. Beyond these studies, recent works have explored combining attentionmechanisms

and Transformer-based models to enhance skill assessment by focusing on important motion fea-

tures and critical surgical events [143, 170]. Such advancements indicate a growing trend towards

using more sophisticated architectures to improve the precision and interpretability of AI-driven

skill evaluation in robotic-assisted surgery.

However, the clinical adoption of AI technologies is still hindered by several constrains. Moglia

et al. [100] list three main factors that limit the widespread use of AI in healthcare: reliance of

AI on data properties, limited validation of datasets, and models interpretability. The authors ex-

plain that AI models are highly depended on data properties such as quality, quantity, and variety,

leading to cases where conventional statistics perform better [66]. Furthermore, most research
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Label No. Domain Rating Scale

1 Respect for Tissue 1—Very poor: Frequent or excessive pulling or sawing of
tissue

3—Competent: Careful handling of tissue with occa-
sional sawing or pulling

5—Clearly superior: Consistent atraumatic handling of
tissue

2 Suture/Needle Handling 1-Awkward and unsure with repeated entanglement and
poor knot tying

3-Majority of knots placed correctly with appropriate
tension

5-Excellent suture control

3 Time and Motion 1-Made unnecessary moves

3-Efficient time/motion but some unnecessary moves

5-Clear economy of movement and maximum efficiency

4 Flow of Operation 1-Frequently interrupted flow to discuss the next move

3-Demonstrated some forward planning and reasonable
procedure progression

5-Obviously planned course of operation with efficient
transitions between moves

5 Overall performance 1—Very poor

3—Competent

5—Clearly superior

6 Quality of final product 1—Very poor

3—Competent

5—Clearly superior

Table 2.2: Rating scale for the assessment of surgical skills across different domains. Each
domain represents an OSATS score used to evaluate a surgeon’s performance. Table repro-
duced from Gao et al.[42].
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studies mostly validate their models with their own datasets, making it harder to generalise and

validate externally [19]. Lastly, the need of clear and transparent way to explain cause and effect

in the system hinders the use of AI for non-experts, which surgeons even refer as unexplainable

”black boxes” which impede trust [100, 125]. The authors also remind that the use of AI in clinical

applications has challenges regarding privacy and confidentiality of patient’s data.

2.4 Conclusion

This Chapter has reviewed the background literature on robot-assisted surgery and the technolo-

gies platforms currently available in the market, with a focus on state-of-the-art robotic platforms

such as the da Vinci surgical system, which exemplifies the current capabilities and clinical adop-

tion of robotic teleoperation. The strengths of these systems, including enhanced precision, dex-

terity, andminimally invasive access, were highlighted to contextualise their widespread use.

However, current surgical robots remain fully manually teleoperated systems that depend entirely

on the surgeon’s input, without offering autonomous decision-making or active support. This re-

liance can lead to operator fatigue and limits the potential for the system to contribute to complex

or prolonged tasks. To address these limitations, the literature has introduced a spectrum of con-

trol systems ranging from fully manual teleoperation to fully autonomous robotic systems.

It is evident from the literature reviewed that there are three main intermediate forms within the

spectrum to support the surgeon: assisted control, shared control (including traded control), and

supervised control. These approaches aim to augment rather than replace the surgeon’s capabil-

ities, offering support through stabilisation, motion guidance, or execution of tasks under human

supervision. In parallel, artificial intelligence has emerged as a key enabler in these systems, capa-

ble of learning from surgical data to generate optimal tool trajectories, recognise surgical phases,

and provide real-time skill assessment. This thesis will build upon these concepts to investigate

the frameworks within the spectrum of cooperative robotic controls and ultimately design a system

framework that can achieve high task performance and improved perceived workload (Chapters 3,

4, and 5). Lastly, the work in this thesis will present the development of real-time skill evaluation

in surgical teleoperation that can assist in understanding surgeons’ performance in surgical tasks

(Chapter 6).
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Chapter 3

Shared Control in Peg Transfer

While the traditional control of surgical robots relies on fullymanual teleoperation, human-

robot cooperative systems promise to address issues such as workspace constrains

and laborious tasks. The first control paradigm we will explore in this thesis is shared

control, which can reduce the surgeon’s workload and improve the overall surgical per-

formance by supporting the surgeon effort during movements while keeping them in

charge of complex control phases. In this Chapter, we propose a segmentation of the bi-

manual peg transfer task that alternates manual and autonomous control based on task

demands. The authority allocation in this shared control framework considers both the

limitation of learning-basedmethods and the higher dexterity of humans during physical

interaction. The motion and strategies are transferred from an expert human to a dVRK

[76] using an epsilon-greedy on a maximum entropy inverse reinforcement learning al-

gorithm. The model generated enables to train an intelligent agent that can skillfully

collaborate with the human operator during the surgical task. The proposed control

framework is verified both on a virtual platform and then on a real dVRK to assess its

usability and robustness. The results show that, our method can achieve faster and

more consistent peg transfers than compared to traditional teleoperation. An analysis

of the participants’ effort also reveals a significantly lower perception of the workload.

The content from this Chapter was published in IEEE Robotics and Automation Letters (RA-L) [60],

June 2023, andwas presented in IEEE International Conference of Robotics andAutomation (ICRA),

May 2024: Hu, Z. J., Wang, Z., Huang, Y., Rodriguez y Baena, F., Burdet, E. “Towards Human-Robot

Collaborative Surgery: Trajectory and Strategy Learning in Peg Transfer”.
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3.1 Overview

Medical robots such as the da Vinci surgical system [40] offer surgeons increased dexterity and

visual feedback during minimally invasive surgery. The study in [64] showed that, compared to

traditional manual laparoscopic surgery, the da Vinci allows operators to perform quicker andmore

efficiently standardised exercises, making complex surgical proceduresmore accessible for people

without surgical experience. However, the operator’s performance can decrease over time when

carrying out long surgical operations, which can lead to errors [73, 157]. This is exacerbated by

repetitive or intensive actions during the procedure. For example, the frequent need to clutch (i.e.

pressing the pedal to reposition the hand controllers in an ergonomic position without affecting

the robot manipulators) is generally regarded as one source leading to longer completion times

which can affect the surgical workflow and operator’s cognitive load [28]. Recent work with fully

automated agents [68] has also directed the attention towards the use of automation to improve

surgical performance. These factors have motivated research in human-robot interaction to allow

the surgeon to collaborate with an autonomous agent during the completion of a task [73].

In [72], different collaboration models were presented: supervised, shared, and full autonomy. The

study reveals that a shared control, where the human and the robot sequentially alternate their

control authority on the manipulators (i.e. traded control), leads to results with higher specificity

and minimal effort to the participants. The works on shared control in surgery [110, 118, 158] cor-

roborated the idea of a cooperative shared framework between surgeon and autonomous robot.

However, while the segmentation of a shared control, or specifically traded control, has been widely

explored, the interchange of the control of the surgical tool between operator and autonomous

agent still needs an effective adaptive component to ensure a natural relationship that does not

interrupt the surgical workflow [69]. The agent needs to fit in the surgeon’s technique and strategy

for completing a task with intuitive movements to the human operator and smooth transitions be-

tween the operator and agent [63]. For example in the past, methods to automate surgical tasks

have been investigated through waypoints strategy [98], image-guided algorithms [81], and learning

from demonstration [117]. With these methods the agent learns the trajectory necessary to com-

plete a task, but not the strategy that ensures the natural surgical workflow and ergonomics of the

surgeon. Furthermore, it is still problematic to correctly define all the different costs associated

with the elements of the surgical environment. Maximum Entropy Inverse Reinforcement Learning

(MaxEnt IRL), a method used to obtain the utility function of the environment, had previously been

applied in [36, 87, 158, 172]. In [158], the authors implement MaxEnt IRL to generate the trajectory

of a suturing motion, however without proposing a method to increase the robustness of the policy

generated or analysing its effectiveness with human operators.

In this Chapter, we develop a collaborative control framework of the peg transfer task with task seg-

mentation and sequential human-robot cooperation scheme. Using this framework, we implement
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an EG MaxEnt IRL to learn both the trajectories and strategies from an expert user, maximising the

generalisation of the trajectories with the minimum number of expert demonstrations.

We then perform a user study with ten participants to evaluate the benefits of our method by com-

paring the bimanual peg transfer task completed by Manual Teleoperation (MT) against Shared

Control (SC). To validate and analyse our proposed setup design, learning algorithm and shared

control framework, we implement the system to perform a bimanual peg transfer task, which is

a fundamental skill of laparoscopic surgery [67, 68]. Several virtual platforms with standardised

tasks for robotic surgery are available to execute the testing and validation of an agent, however

simulators of the dVRK are designed either to simulate the actual surgical experience [33, 38] or to

develop fully autonomous agents for surgical procedures [165]. Therefore, in this work we modify

the SurRoL environment [165] to support a real-time simulator, which only requires Python. This

modification will enable the development of a framework that integrates interfaces to control and

interact with the autonomous agent in the same environment in which it was trained.

The Chapter is organised as follows: Section 3.2 describes the proposed segmentation of the bi-

manual peg transfer and the framework used for shared control. Section 3.3 describes adaptation

of the simulated environment and the training algorithm of the agent. Section 3.4 details the exper-

imental procedure on the simulated and real robotic platform, including protocols and evaluation

methods. Section 3.5 analyses the results, and Section 3.6 discusses them.

3.2 Working Principle

3.2.1 Shared Control during Peg Transfer Task

Previous works [110, 158] have shown that the surgical motion can be effectively segmented to

accommodate a shared control between human operator and agent. To ensure safety and take ad-

vantage of the robot dexterity, the segmentation of a task should account for surgical motions that

require higher attention of the human operator, such as when in proximity of objects and physical

interactions, in contrast to repetitive and laborious spatial relocation of the surgical tools. Physical

interactions are particularly complicated as they require the use of an adaptive control to solve the

instability of the system. Furthermore, physical interactions require to account for a larger domain

of physical dimensions which can be challenging for reinforcement learning training algorithms.

Therefore, to complete the peg transfer task, the control authority of the arm controlled by the

participant is divided as illustrated in Figure 3.1, where each subtask is appropriately allocated to

either the human or the agent skills and capacity. The proposed process begins by triggering the

trained agent to autonomously position the surgical hand in proximity of the target block (A). Once

the surgical tool is in a strategic position (i.e. the block can be successfully grabbed if approached

from above), which is learned during training from expert demonstrations, the human operator is

in control again and can continue the movement and easily grab the block (B). The task is followed
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by the autonomous motion of the agent that brings the block closer to the other arm (C). The oper-

ator then performs a hand-off by physically interacting with the human assistant (D) who places it

into the final peg position (E). This segmentation of the bimanual task is controlled by the human

operator through a pedal and it allows to preserve the natural coordination between the two arms

during hand-off while facilitating the control and workload of the human operator. In this work, we

intend to represent the motions that a surgeon would perform alongside an assistant to clear the

surgical space when removing debris or objects.

(A)
(C)

(E)

(B)

(D)

Figure 3.1: Segmentation of the bimanual peg transfer task using shared control. The seg-
ments A and C are controlled by the autonomous agent. B and D are carried out by the human
operator and E by a human assistant.

3.2.2 Control Framework

The proposed control framework for training and Human-Robot Interaction (HRI) testing of the

agent is shown in Figure 3.2. The demonstration of the task is provided by an expert user. In this

work, an operator is considered expert if they have more than 300 hours of experience with the

hand controllers.

To train the agent, the SurRoL environment is modified to integrate haptic controller interfaces

(sigma.7 and omega.7 Force Dimension). The setup developed in Figure 3.2 allows to train the

agent in the SurRoL platform and then subsequently quickly test it with a human assistant in the

same environment. This allows to rapidly train and test the agent and it permits to assess the
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model generated without alteration caused by the transition from sim-to-sim before implementing

sim-to-real [114]. The features of the expert demonstrations are extracted andmatched against the

motions of the agent in the simulation using a gradient-based optimisation, which then updates the

reward values of the environment. Once the training is completed, the model of the expert can be

tested in either the same surgical simulator or the physical dVRK platform with a human operator

by using a shared control framework.

EG MaxEnt IRL

Shared Control

Autonomous 
agent Teleoperation

Segmented 
task allocation

Expert

𝑟݁ܽݓ𝑟݀ ࣎ࢌ =෍࢙ࢌ்ߠ௦∈ఛ
IRL reward

Q-table update ActionState 
value

Feature extraction

Feature matching
with gradient-

based optimisation

Agent 
Trajectory

Expert 
Trajectory

Reward weight
Discretised 
state index

Agent command Operator command

Arm 
command

Arm 
command

Assistant

Figure 3.2: Process diagram for the training and testing of the bimanual peg transfer using
shared control.

Zhaoyang Jacopo Hu Assistance in Robotic Surgery 49



3.3. Autonomous Agent Shared Control in Peg Transfer

3.3 Autonomous Agent

3.3.1 EG MaxEnt IRL Algorithm

The EG MaxEnt IRL allows to retrieve the reward function of an unknown environment through

expert demonstrations. The expert trajectory used in our model is recorded in the same SurRoL

environment that will be used for training. The proposed algorithm uses Q-Learning to populate the

Q-table with the expected rewards for a specific action at a certain state. To encourage exploration

for a more robust policy, we use an epsilon-greedy method [153]. With this modification, the agent

will randomly choose an action with ϵ probability instead of the action with maximum reward.

Notice that epsilon-greedy is normally used as a tool to find a more optimal solution. However, the

proposed EG MaxEnt IRL uses it to update the reward function on a larger state space. This allows

the agent to generalise more the trajectory to the goal, making it more robust to states that have

not been visited by the expert.

Using EG MaxEnt IRL, we train the agent to generate a reward function of the environment from

one expert trajectory. During the training episode, the reward function is calculated according to

the MaxEnt reward equation [172]:

reward(fτ ) =
∑

s∈τ

θTfs θ ← θ + β∇L(θ) (3.1)

where fτ is the feature count of the trajectory τ , fs is the state feature count, and θ is the weight

vector that is optimised at the end of each training episode using the Lagrangian gradient with β

learning rate (Figure 3.2). The value function is then used to populate the Q-table and the policy

π(s, a) is generated using the Bellman equation:

Q(s, a)← Q(s, a) + α [r + γmaxa′ [Q (s′, a′)]−Q(s, a)] (3.2)

where s is the current state, a is the current action, r is the reward value calculated from Equation

(3.1), α is the learning rate, γ is the discount factor, and s′ and a′ is the next state and action. The

algorithm implementation is described in Algorithm 1 using the hyperparameters in Table 3.1.

3.3.2 Agent Training and HRI Environment

The SurRoL environment was modified to enable both training and HRI in an unified platform. The

models in the simulation consist of the dVRK robotic arms and the peg board with the blocks.

Since the EG MaxEnt IRL algorithm requires state dimensions in discretised form, the state space

of the SurRoL workspace is divided in a 22×22×22 grid with 2.5 mm sensitivity in the x, y and z

dimensions. The action space is simplified to movements along the three Cartesian dimensions,

discretised to a 2.5 mm step per action. Notice that the agent step length coincides with the
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Algorithm 1 EG MaxEnt IRL

1: Import expert trajectories dataset D = [τ1, . . . , τT ] and feature vectors f = [f1, . . . , fT ]
T

2: Initialise random reward weights θ = [θ1, . . . , θS]
3: function AGENT TRAINING

4: for 1 to N do
5: while Episode not done do
6: if nrand < ϵ then
7: a← random action
8: else
9: a← max[Q(s, a)]

10: end if
11: π(a | s)← Q-Learning
12: fτ ←

∑

s∈τ fs

13: end while
14: ∇L(θ)← f̃ −

∑

s∈S Dsfs

15: θ ← θ + β∇L(θ)
16: end for
17: return EG MaxEnt IRL model
18: end function
19: while Simulation not done do
20: EG MaxEnt IRL model← state
21: Update Simulation← action
22: end while

Table 3.1: EG MaxEnt IRL hyperparameters.

Hyperparameter Value

Weight θ learning rate 0.3

Input dimensions x, y, z

Bellman equation learning rate 0.3

Total number of states 10,648

γ Discount factor 0.99

Action step size 2.5mm

ϵ Epsilon-Greedy 0-0.1

sensitivity, which allows us to assume a deterministic transition probability of the movements.

With this approximation, the agent is represented by the dVRK end-effector which moves between

the 2.5×2.5×2.5 mm states. Since the action space for the expert demonstrator is continuous, we

discretise itsmovements in the simulator. This ensures to both preserve the trajectory features and

enable its implementation in SurRoL. It is worth noting that algorithms like the MaxEnt IRL method

suffer from the curse of dimensionality. This is because the state of the agent along the trajectory

in the surgical simulation is uniquely specified by flattening the 3-dimensional coordinates into a

1-dimensional index-array. This process implies that the numbers of possible states in which the

robot can be increases exponentially according to (gridsize)3 [158]. Therefore, the number of
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states created in the agent training is 10,648.

3.4 Experiment

Two experiments were conducted to verify the proposed method with both the surgical simulator

and the dVRK surgical robot. Ten subjects without motor impairment (6 males and 4 females,

mean age = 26±5 years, all right-handed and without previous surgical experience) participated

in the study. All participants were informed about the experiment’s purpose and protocol, and

signed a consent form before starting. Ten subjects joined the simulation experiment and eight of

them (4 males and 4 females, mean age = 25±2 years) joined the physical robot test on the dVRK

platform. The experiments were approved by the Research Ethics committee of Imperial College

London (21IC7042).

3.4.1 Experiment Setup

3.4.1.1 Simulation Platform

The first experiment was conducted with the surgical simulation platform, which is the same envi-

ronment on which the agent was trained. The teleoperation system consists of local console and

remote virtual laparoscopic instruments. The local console includes two hand controllers (sigma.7

Force Dimension [63]) and two foot pedals. To ensure safety, we monitor operator presence by

only relinquishing control authority to the agent while the left pedal is being pressed – with control

released back to the user when the pedal is released. The right pedal is used as clutch foot to

uncouple the controller from the robotic arms to allow repositioning and better ergonomics [40].

Additionally, we add a constraint to Algorithm 1 to ensure that the agent movements are in the safe

state space that was learned from the expert trajectory. The local console communicates with the

remote virtual robot via TCP/IP to simulate the teleoperation delay between them. The hand con-

troller can remotely control the virtual robot in seven DoF (position, orientation and grasping). The

simulator monitor is equipped with Tobii Pro Fusion [4] to track the participant’s eyes and observe

eye related features which will be used to calculate concentration and stress.

3.4.1.2 dVRK Platform

The experiment was conducted with the dVRK platform as illustrated in Figure 3.3(b). Five par-

ticipants performed the task with direct vision of the peg board, while three additional subjects

were seated at the 3D dVRK interface console and tasked to perform the experiment with the 3D

visual image coming from the endoscope. The experiment conducted with these two visual sys-

tems show that the condition of direct vision, which replicates and validates the setup used with

the simulation platform, does not hinder the users during the task. We then formed a teleopera-

tion with the hand controllers (omega.7 Force Dimension [63]) as local console and patient side
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Figure 3.3: Experimental setup using surgical simulation and physical dVRK platform. (a)
Participant performing the task on the same surgical simulation environment on which the
autonomous agent was trained. (b) Users with experience on the surgical simulator validate
the controllers on the physical dVRK platform. (c) Bimanual framework for the unified real-
time simulator and reinforcement learning environment in a local-remote setup.

manipulators of the dVRK system as the remote robots, without using the dVRK master tool ma-

nipulators. The hand controller could move the end-effector of the Endo-wrist in 6 DoF motion

and grasping. The pedal interface is still used to allocate agent authority and activate the clutch-

ing function. The control of the robot works with the same modes and safety functions as in the

virtual platform.

3.4.2 Task and Control Modes

The participants were seated at about 1 m distance from the peg board (about 0.5 m eyeline dis-

tance) and they could easily reach the hand controller and the pedal. During the peg transfer task,

the handover requires the block to reach the robotic arm controlled by the assistant. The surgical

scenario that we intend to represent is the manoeuvre that the surgeon performs to pass objects

to an assistant to remove and clear the space of debris or gauzes. Two control modes were used

in the experiments. In the MT mode, the participants use their left hand to control the remote

virtual/physical left-side surgical instrument fully by themselves. In the SC mode, the intelligent

agent performs subtasks A and C (detailed in Figure 3.1) and the human operator cooperates with

the agent to perform subtasks B and D. In both control modes, the right-side remote robot is con-

trolled by an expert assistant.
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3.4.3 Experimental Protocol

3.4.3.1 Surgical Simulation

The participants were instructed on how to use the interfaces and how to complete the bimanual

peg transfer task by controlling the left arm of the robot using both types of control. The experi-

ment consisted of a total of 6 blocks. First, 2 blocks (MT and SC) of 5 minutes each to allow the

participants to get familiar with the task and the interface. This is followed by 4 blocks made of 2

consecutive MT blocks and 2 consecutive SC blocks of 5 minutes each and the participants were

instructed to complete as many peg transfers as possible. The order between MT and SC was

randomised to disregard the learning during the experiment.

3.4.3.2 dVRK Platform

The experiment asked 8 participants that had previous experience from using the simulated plat-

form to use again the two types of controllers in different order. However, unlike the surgical simula-

tor, the real robot cannot be rapidly reset to its original position. Therefore, the experiment metrics

were limited to measuring a total of 10 successful peg transfers for each control mode.

3.4.4 User Performance Evaluation

While conducting the experiments with each participant, the success rate and temporal perfor-

mance of only the user controlled arm were measured. The evaluation of the participants’ sub-

jective workload was performed using a custom NASA TLX [51] to score the perceived Control,

Mental, Temporal, Physical effort. The participants’ mental load were also analytically calculated

by processing the gaze data obtained from the Tobii Pro Fusion eye tracker.

3.5 Results

A comparison with the previous method applied in [158], which can be obtained by setting the

epsilon-greedy variable to zero, determined that the addition of the epsilon-greedy component in

the algorithm proposed allows to update a larger volume of the state space. The counting of the

fully explored states (i.e. the reward values associated with all possible actions in that state have

been updated) shows that the use of epsilon-greedy increases the fully explored states by 45%

while it decreases the fully unexplored by 34%. The increased exploration of the states enables

the agent to complete the task with initial starting states that are different from those provided

by the expert. We provide evidence of this in Figure 3.4(a), which illustrates the agent reaching

movement towards the target using deviated initial states. We then perform user demonstrations

of the entire human-robot cooperative peg transfer using MT and SC to validate control framework

developed. Typical trajectories of a trained user carried out at the end of the experiment are shown

in Figure 3.4(b).
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3.5.1 Performance Comparison between MT and SC

The successful peg transfer results of MT and SC are shown in Figure 3.5(a) and were analysed

using statistical comparison tests [78] that determine significant differences between the two con-

trollers. A peg transfer is defined as successful if the block is not dropped after the participant

attempts to lift it. The data obtained was normally distributed, as assessed by Shapiro-Wilk’s test

[78] (all p > 0.2). A paired t-test [78] was conducted to determine the effect of different control

schemes. When using MT mode, the participants could perform an average of 2 successful trans-

fers within 5 minutes; while when robotic assistance is added, SCmode achieved about 6 success-

ful transfers in the same time period, which is significantly higher than the MT mode (p < 0.001).

As shown in Figure 3.5(b), the average completion time has the similar tendency, with the average

completion time decreasing from using MT (134.9±89.9 s) to SC (37.3±5.69 s), (Wilcoxon Signed-

Rank test, p = 0.005). Figure 3.5(c) illustrates the average responses and the standard deviation

of the ten participants to the questionnaire. The rating results of mental effort and physical effort

were normally distributed for both control modes (p >0.06) and a paired t-test was used for nor-

mally distributed data and the Wilcoxon Signed-Rank test [78] for non-normally distributed data.

It is interesting to observe that participants felt they had more control on the virtual environment

when cooperating with intelligent agent rather than when they had full control of the virtual robot (p

= 0.008). In addition, the participants felt SC also had lessMental effort (p= 0.004) and Temporal

effort (p = 0.02) with respect to MT, but they did not felt significantly difference in Physical effort

(p = 0.06) when using both control modes.

3.5.2 Mental Effort Evaluation of MT and SC using Gaze Data

In addition to the questionnaire in Figure 3.5(c), the gaze data collected from the eye tracking unit on

the simulator platform can be analysed to assess mental load. Table 3.2 summarises the features

extracted from the raw gaze data, which have been studied in prior works investigating mental load

during teleoperation [32, 45, 92, 107, 135, 161]. These features can be divided into eye movement,

blink, and pupillary response. The two main eye movement features are fixations (periods where

the subject’s gaze ceases moving and remains fixed on a point) and saccades (rapid movements

of the eye between distant focus points). It can be seen that several of the eye movement features

exhibit a shift as a result of changing from theMT to SC condition in a significantmanner. Themean

fixation duration and max fixation duration both are higher during MT, while fixation and saccade

frequencies are also lower in MT. Within the blink features, it can be observed that the maximum

blink duration increased for MT. Finally for pupillary response, the Index of Pupillary Activity (IPA)

(IPA) is used to track the diameter of the pupil, and it has been linked to mental load responses,

where higher values indicated higher task difficulty [32].
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Table 3.2: Mean values across participants for gaze features associated with mental load
during the peg transfers.

Eye Movement Features Ratio MT/SC p

Fixation Frequency 0.54 0.0001

Mean Fixation Duration 2.02 0.001

Max Fixation Duration 1.64 0.001

Saccade Frequency 0.52 0.0001

Mean Saccade Duration 1.06 0.72

Max Saccade Duration 0.73 0.51

Mean Saccade Speed 0.94 0.20

Max Saccade Speed 0.81 0.14

Blink Features

Blink Frequency 0.60 0.0004

Mean Blink Duration 0.90 0.14

Max Blink Duration 0.74 0.01

Pupillary Response Features

IPA Left 0.90 0.19

Mean Left Pupil Diameter 1.02 0.16

Left Pupil Deviation 0.93 0.29

Max Left Pupil Diameter 0.98 0.26

IPA Right 0.75 0.01

Mean Right Pupil Diameter 1.01 0.23

Right Pupil Deviation 0.91 0.23

Max Right Pupil Diameter 0.98 0.13
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3.5.3 dVRK Platform Results

Eight subjectswere randomly selected to test the controllerswith the physical dVRK. Their temporal

performancewith the system is shown in Figure 3.6. The similarmeans and variations in the results

indicate that the performances between subjects 1-5 and 6-8 are comparable despite the different

visual system used. The participants required an average completion time of 29.77±4.05 s using

MTand 24.57±1.43 s via SCwithout significant difference (p= 0.15), whichmay due to the practice

with the simulator. However, we found that the performance between subjects varied considerably

especially under the MT control mode. In addition, as shown in Figure 3.6(b), the control mode

may have different effect to different subjects. To subject 2, 3, 6 and 8, SC control mode provides

obvious assistance to complete the task efficiently than MT, but this tendency did not appear on

subject 1, 5 or 7.
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(a)

(b)

Figure 3.4: (a) Agent trajectory with different starting states during target approach. (b) Bi-
manual peg transfer user trajectories achieved after the participants became familiar with the
task.
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Figure 3.5: Experiment results with the laparoscopic simulator platform. (a) Average number
of success trials. (b) Average completion time. (c) Subjective rating of questionnaire. Aster-
isks denote significant effects at *p<0.05, ** p<0.01, *** p<0.001.
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Figure 3.6: Experiment results with the dVRK system. (a) Average completion time of SC and
MT. (b) Completion time with 10 trials for each control mode per subject. *Subjects that used
console and endoscope during the experiment.
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3.6 Discussion

In this Chapter, EG MaxEnt IRL was used to create a model of the surgeon strategy and generate

trajectories for the bimanual peg transfer task. The algorithm was successfully implemented in

SurRoL for validation. The simulation environment was modified to directly integrate both a re-

inforcement learning training environment and a hand controller for remote teleoperation. Since

epsilon-greedy promotes both exploration and exploitation, the reward values in the Q-table are not

only updated near the states visited by the expert and the agent explores a larger volume of the

workspace, allowing to obtain a more robust policy.

Noticeably from Figure 3.4, the agent learned the expert strategy to approach the block from above

and not other directions. This shows the importance of using EG MaxEnt IRL: if the agent had only

learned to end at the target, it would have reached it from a non-specific direction, interrupting the

surgical workflow as the surgeon would have to manually reposition the end-effector above the

block. Instead, since the agent learned the strategy, the surgeon can just resume the directional

movement of the previous autonomous segment. This is clear in Figure 3.4(b) as the operator and

the agent continue each others trajectory without abrupt change in direction.

The results obtained from the surgical simulator (Figure 3.5) show that participants without surgi-

cal experience can achieve a higher success rate for the bimanual peg transfer task when using SC.

In accordance to the results of [68], which exhibited consistently higher success rates with a fully

autonomous agent than through direct human operation, our results find a similar performance

improvement while offering the possibility for the human to retain a certain level of control while

still using an autonomous agent to improve their performance. The results also suggest that the

learning curve for the participants when using SC is smaller than MT. The temporal performance

indicates that the users can achieve a higher consistency in the speed, with small time difference

between each successful attempt. The ratings in the questionnaire show that overall the users

perceive a lower workload when using SC instead of MT, in the categories analysed. A common

comment provided by the participants was that “the firm grip of the block was the most significant

challenge” when completing the task. Interestingly, although the SC mode only assists in the tra-

jectory and does not provide direct help in the grasping, the participants felt significantly more in

control during SC as they can simply continue the motion set by the agent.

The algorithm is then successfully implemented on the real dVRK platform with eight trained par-

ticipants. The results recorded in Figure 3.6 are comparable with those obtained on the simulation

platform. When using SC, the participants still maintained a higher time consistency. When using

MT, they required a shorted average time to complete the task if compared to the simulator exper-

iments. This can be attributed to both the previous training with the simulator and to the more rich

sensory information of the real surgical environment. As recommendation for future user studies,

we suggest to record the time spent per segment, as it would allow a breakdown of the time spent
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in each subtask across participants. This could potentially highlight the segments requiring the

most support and guide future assistance strategies.

From the gaze results in Table 3.2, we observed higher fixation duration and max fixation duration

in MT, along with lower fixation and saccade frequencies, when compared to SC. The increase in

saccades for SC may be a result of the experiment fixed time-limit and the increased number of

successful trials during this time limit. More successful grasps over the time span will result in

the operator performing more action sequences, thus requiring them to shift their attention more

times. Conversely, for MT, as fewer successful trials were accomplished within the time limit, the

higher fixation duration may indicate that the operator spent much more time focusing on specific

steps in their action sequences during a trial. While some prior works have shown that increased

fixation duration has a negative correlation with mental load [45, 135], a recent study has high-

lighted differing fixation behaviours depending on whether the subject is experiencing a perceptual

or cognitive load [92], where the fixation duration will either decrease or increase respectively. Given

the visual scene does not rapidly change during the experiment, it can be argued the subjects are

primarily experiencing a cognitive load and so the observed result is consistent with prior works.

Additionally, the maximum blink duration is higher during SC, which is again consistent with prior

studies that show a positive relationship between blink duration and mental load [45, 107, 161].

Furthermore, the right IPA is significantly higher during SC. While this indicates a higher load for

SC, it is possible that, similar to the fixation and saccade frequency feature, the higher value may

be linked to the greater number of successful trials the participant completes. The participants

perform more work, and so their eye must engage in more movement. It is not clear why the IPA

for the right eye indicates significance, while the left eye does not. While it is possible this is due

to head movements, alternatively it may be linked to dominant eye effects recently observed dur-

ing mental load studies considering pupil diameter sizes in response to challenging surgical tasks,

where in many cases the right pupil was observed to be larger than the left [17]. This discrepancy in

pupil behaviours may be used in future research for the effective assessment of mental load where

left or right eye dominance varies between individuals. Overall, these gaze features agree with the

subjective ratings, where the MT condition exhibited a higher mental workload.

3.7 Conclusion

The system demonstrated the benefits of training agents for shared control of surgical robots dur-

ing the completion of fundamental movements in robotic surgery using EG MaxEnt IRL. It showed

how shared control impacts mental load if compared to traditional manual teleoperation. We de-

veloped the algorithm in an unified simulator platform that can accelerate training and testing of

HRI control frameworks and successfully implement it on both a virtual and real dVRK. We showed

that our control framework can allow users to experience significant reduction of effort and mental

load while improving performance. As explained in [87, 158], a significant limitation of MaxEnt IRL
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is its susceptibility to large state space, which limits the number of dimensions that can be used

during training. Therefore a further improvement of the algorithm is to investigate methods that

can be adapted to directly handle continuous state space environments, [20, 90, 93]. In the next

Chapters, we investigate other techniques part of the human-robot cooperation spectrum, namely

supervisory control and assisted control, tackling the limitation found in MaxEnt IRL (i.e. Chapter

4) and implementing in more complex tasks such as suturing (i.e. Chapter 5).
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Chapter 4

Supervisory Control in Peg Transfer

This Chapter extends the work from Chapter 3 by analysing the human-robot coopera-

tive controllers in the surgical domain, focusing on both shared control and supervisory

control paradigms. To address the previous limitations (i.e. discretised observation and

action space), we propose a reinforcement learning algorithm, transverse generative ad-

versarial imitation learning (tGAIL), which is employed to train the robot from the expert’s

demonstration. The algorithm can accommodate a continuous workspace and shows

competitive generalisation ability compared to inverse reinforcement learning and con-

ventional tGAIL. We then propose a priority-changing control method to effectively com-

bine the surgeon and robot’s strengths by dynamically adjusting control priority based

on the deviation distance. We show that using this method in a supervision framework

boosts the performance of the human operator when completing the peg transfer task.

By learning from the expert and collaborating with the human during the task, the intel-

ligent agent can help to reduce operation time by 31.7% and the human input by 60.5%

compared to direct teleoperation.

The content from this Chapter was published in the proceedings of the IEEE International Con-

ference on Robotics and Automation (ICRA), May 2024: Chen, L.*, Hu, Z. J.*, Huang, Y., Burdet,

E., Rodriguez y Baena, F. “Human Robot Shared Control in Surgery: A Performance Assessment”.

*Co-first authors.
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4.1 Introduction

Robotic-assisted surgery employs robotic systems to assist a human operator during the surgical

procedure [16, 85, 131, 164]. These systems are designed to provide surgeons with increased dex-

terity and precision, allowing them to perform complex procedures with greater accuracy and less

effort than traditional surgical methods [64]. Despite these advantages, fully autonomous robotic

surgeries remain unrealistic due to the inherent complexity of surgical decision-making, potential

unpredictability, as well as ethical and legal implications. These issues have led to the concept of

human-robot cooperation, which is gaining prevalence in the field [72, 73, 89].

Human-robot cooperative controllers attempt to combine the advantages of humans and robots to

effectively complete the surgical task. This approach allows the surgeon to retain control over the

procedure while also taking advantage of the robotic system’s advanced precision and efficiency.

Furthermore, the robotic system can also be programmed to perform certain tasks automatically,

such as maintaining a specific surgical position [84] or performing repetitive motions [115]. There-

fore, human-robot cooperation systems can help to reduce the surgeon’s cognitive load and fatigue,

which could lead to improved surgical outcomes. Several benchmarks [67] are available to evalu-

ate the performance of these controllers, however, the operator can struggle with the task due to

inexperience or limited environmental information. Therefore, a study involving novices who oper-

ate in an adequately challenging environment is necessary. Performance assessments have been

used before to analyse different control methods in [72], however the analysis was not performed

on standardised tasks of laparoscopic surgery [67], such as peg transfer.

Common techniques used for human-robot cooperative control include shared control [60] and

supervisory [123] methods. Shared control methods, such as segmented control, have a level of

pre-determined and fixed autonomy, meaning that the operator cannot obtain control authority un-

less the agent permits it or a specific switch event occurs. [60] and [158] implement a switch of the

control authority between a human operator and a fully autonomous agent according to the task

demands. However, to ensure the constant presence of the human surgeon, the fully autonomous

component of the segmented control could be replaced by a supervisory type of control. Supervi-

sory methods in shared control allow a dynamic adjustment of the level of autonomy in a surgical

robot based on the current task demands and the capabilities of the human operator. An exam-

ple is the Smart Tissue Autonomous Robot (STAR) [130], which is a robot that uses supervisory

shared control to perform surgical procedures autonomously, under the supervision of a surgeon.

The controller can achieve seamless switching by adopting real-time context awareness of the

surgery. Another supervisory method called guidance priority adaptation, or priority-changing [123,

148], allows the human operator to provide both forces and high-level priority commands to the

robot if errors or issues occur during completion of the task. Guidance priority adaptation allows

for the reduction of the human operator’s cognitive load, by providing the robot with the appropri-
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Figure 4.1: Control system and experimental setup. The agent is trained from the demonstra-
tion of an expert (i.e. a user withmore than 300 hours of experiencewith the control interface).
The priority-changing strategy incorporates the input from both operator and agent to control
the robot.

ate level of autonomy while performing the surgical task, which can also be divided into different

stages. In [14], the control during the peg transfer task is divided into a supervised autonomous

phase during coarse operation and a manual control phase during precise operation. Compared to

peg transfer, in suturing [158] the task can be broken down into more stages and the robot can per-

form needle pulling, translating, and reorienting. Simple or repetitive stages are usually allocated

to the robot, while the human is responsible for the most important tasks.

The prevalent control methods involve authority switching between surgeon and trained agent,

with the latter primarily handling course control. Therefore, a more focused study on the role of

supervision-based control can help understand how performance and acceptance affect novices

and inexperienced users of a surgical robotic system.

In this Chapter, we propose a control strategy based on guidance priority adaptation to increase

the automation in surgical robots. The priority is determined by the distance between the agent’s

trajectory and the robot hand, and represents the surgeon’s trust in the agent. We choose to imple-

Zhaoyang Jacopo Hu Assistance in Robotic Surgery 65



4.2. Methodology Supervisory Control in Peg Transfer

ment this supervision control strategy on both a virtual and physical dVRK [60, 76, 165] and conduct

experiments with two detailed user studies. The main contributions of the work in this Chapter are

as follows:

• We introduce tGAIL, a novel reinforcement learning algorithm designed to learn from expert

demonstrations. The algorithm offers improved robustness and consistency in learning.

• We implement a novel priority-changing control approach on the dVRK.

• We perform an evaluation study on supervision, segmented, and manual control in a real

surgical robotic system in the peg transfer task.

The Chapter is structured as follows: Section 4.2 introduces tGAIL, the priority-changing control,

and the simulation user study findings. Section 4.3 details the real-world experiment. Section

4.4 elaborates on the results. Section 4.5 discusses the findings of the user study, ending with

conclusions in Section 4.6.

4.2 Methodology

4.2.1 Transverse Generative Adversarial Imitation Learning

In the first experiment, we implement an Epsilon-Greedy Maximum Entropy Inverse Reinforcement

Learning (EG MaxEnt IRL) algorithm to validate the feasibility of utilising our expert trajectories

dataset for learning from demonstration in a peg transfer task, as in Chapter 3 [60]. As an EG

MaxEnt IRL trained agent has already been established to be working effectively in [60], we aim to

use the same agent and perform a first study in a simulated environment to determine the most

effective role of supervision in a segmented framework. Subsequently, for the real dVRK study, we

present a refined supervisory algorithm which we call transverse generative adversarial imitation

learning (tGAIL), shown in Figure 4.1 and Algorithm 4.1. Built upon generative adversarial imitation

learning (GAIL) [58], tGAIL traverses the expert’s trajectory τE , encompassing the expert’s policy

πE . Starting from the worst point ϕi responsible for most failures, tGAIL seeks to minimise the

generator’s score while maximising the expert’s score. Unlike sequential learning, tGAIL covers all

scenarios simultaneously, resulting in accelerated learning, as demonstrated in Figure 4.2.

The EG MaxEnt IRL agent’s discretised observation space, governed by the q-table, encounters

challenges in high-resolution observation spaces. In contrast, GAIL uses generative adversarial net-

work techniques, accommodating a continuous workspace. By training both the generator and dis-

criminator, the GAIL agent can potentially exhibit higher generalisation compared to the EGMaxEnt

IRL agent. Both training methods utilise the same expert demonstrations and environment.
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Figure 4.2: Training comparison between GAIL, Random GAIL and tGAIL, with same initial
settings. Random GAIL starts training at random points and tGAIL starts at points with the
most failure rates.

Algorithm 4.1 Transverse Generative Adversarial Imitation Learning

Require: Expert trajectories τE ∼ πE , initial policy and discriminator setting parameters
1: for i = 1, 2, 3... do
2: Sample trajectories τi and find the worst starting point ϕi

3: Update the discriminator D and the generator (policy) G with cost function
minG maxD V (D,G)ϕi

4: end for

4.2.2 Priority-changing Control

Control priority governs the operator’s influence relative to the agent’s input. Dynamic control prior-

ity enables the surgeon to exert control as needed, saving effort when the robot operates effectively.

The control strategy that switches control priority is defined as:

∆x(t) = (1 + kα)∆xh(t) + (1− kα)∆xa(t) (4.1)

where∆x(t) is the overall command passed to the robot,∆xh(t) is the human input and∆xa(t)

is the agent’s input. The parameter kα is the relative coefficient that achieves guidance priority

adaptation, defined as:
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Figure 4.3: Performance and questionnaire results from an experiment with participants. (a-
b) Completion time and success rate of each participant using the three controllers: supervi-
sion (SUP), segmented with supervision (SEG-S) andmanual control (FC). (c) Subjective rating
of NASA TLX questionnaire.
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(4.2)

where D is the distance between the autonomous agent pattern and end-effector position in one

time step, while Dmin and Dmax are the minimal and maximal interference distances, respec-

tively.

The guidance priority is determined by the deviation of the robot’s end-effector from the path gen-

erated by the agent. While the distance between these is less than the minimum interference dis-

tanceDmin, slight trembling will not affect the agent’s task. As the distance increases, the control

priority is gradually transferred to the human. If the deviation becomes larger than the threshold

of maximum interference Dmax, the human receives full control priority.

The work in [123] uses force and deviation distance to achieve guidance priority adaptation, but

the human needs to apply a relatively large force to get involved in decision-making when the end-

effector follows the robot’s desired trajectory. By allocating the same control priority at the start

of the task, the human and the robot can work as partners. This allows the robot to perform its

assigned task without scaling, which will later occur during the negotiation of the control author-

ity after the switching point. Using our proposed method, the agent can conduct the task without

external aid; if any correction is needed, the human can get involved in the task with partial prior-

ity.
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4.2.3 Control Methods

Initially, we validate the supervised control method in simulation, integrating it with EG MaxEnt IRL,

as it is well established for discrete observation space applications. Eight participants (4 females

and 4 males, 22-27 years old, with little to no experience with teleoperation devices) used a local

teleoperation console to operate a virtual environment with a simulation of the dVRK robot. We

employed a real-time simulator, integrating the modified SurRoL environment [60] with a hand in-

terface (omega.7, Force Dimension) to control a virtual dVRK. The participants were instructed on

how to use the interfaces and how to complete the peg transfer task by using three types of control:

supervision, segmented, and manual control. In this initial study, we aimed to use the established

EGMaxEnt IRL to determine the overall user experience with the three different methods and inves-

tigate the effectiveness of the proposed supervisory control formulation. We also integrated the

guidance priority adaptation with a collaborative framework [110] in order to allow more freedom

and control to the human when using segmented control. The description of the three controllers

are as follows:

1. Supervision Control (SUP): The agent generates the trajectories required for completing the

peg transfer while the human operator can provide high-level commands to the agent at any

time in a shared control fashion.

2. Segmented Control (SEG): The control priority is exchanged between human and agent. The

task stages where the human operator has full control were determined according to [60].

During movements towards targets, the agent performs the task under supervision (SEG-S)

or autonomously (SEG-A). This corresponds to the approach and repositioning of the block.

When in close range to the target, the authority is switched to the human that performs the

necessary physical interactions. This corresponds to picking up and placing down the block.

3. Fully Manual Control (FC): The controller simply filters tremors from the human operator’s

hand but no agent is involved in controlling the surgical tool.

The controllers used to teleoperate in the surgical simulator are summarised in Table 4.1, where

the operator is the human and the agent refers to the trained model.

During the experiment, successful peg transfers are defined as the relocation of the block from the

starting peg to the goal peg without failures, which are events such as peg dropping or collisions

with the environment. The participants were required to complete three successful peg transfers

with each controller and the success rate was calculated as success rate = sucesses
failures+successes

∗

100. The entire experiment consisted of a total of four phases: a first training phase in which the

participants would get familiar with the interface and simulator, followed by two phases for SUP

and SEG-S, and a fourth phase for FC. The order of SUP and SEG-S was randomised to prevent bias

due to learning. While conducting the experiments with each participant, the success rate, operator

input, and temporal performance of the user were measured. The evaluation of the participants’
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subjective workload was performed using a custom NASA TLX [51] to score the perceived Control,

Mental, Temporal (i.e. perceived time spent on the task), and Physical effort experienced.

Table 4.1: Controllers summary

Approach target Interact with target

Supervision Operator+Agent Operator+Agent

Segmented Opertaor+Agent Operator

Manual Operator Operator

4.2.4 Simulation Experiment Results

The data was normally distributed as tested using the Shapiro-Wilk’s test. We used one-way ANOVA

to analyse the effect of the control modes and post-hoc comparison with Bonferroni correction

between single pairs. The results from the study conducted with eight participants are shown in

Figure 4.3(a-b). We compared the data of the single controllers with each other using the least

significance difference test. We found that SUP is faster than FC (p = 0.055) and similar to SEG-S

(p = 0.118), while SEG-S and FC resulted in a similar average and standard deviation, i.e. (σ, µ) =

(289.2, 93.6) and (305.9, 92.7), respectively. All three controllers exhibited similar success rates

with the SEG-S (74.1, 20.3) showing moderately better performance than SUP (69.4, 15.5) and FC

(59.7, 28.3). Overall, both newly proposed methods revealed a tendency to outperform the manual

teleoperation.

The responses obtained from the questionnaire are illustrated in Figure 4.3(c). The participants

felt similar control confidence when using the three controllers (p = 0.398), with SUP being the

highest rated (7.6, 0.74), followed by SEG-S (6.9, 1.9), and FC (6.1, 2.1), with the latter present-

ing the largest standard deviation of the three. The user’s rating of mental effort shows the same

pattern with a similar standard deviation for all three methods. The subjects’ temporal effort was

felt different among the three modes (p = 0.028). SUP demonstrates less effort than traditional

FC (p = 0.028). This is followed by SEG-S which required less temporal effort compared to FC,

but with no statistical significance (p = 0.196). The same result is reflected in the scoring of

the participants’ physical effort, with SUP (3.1, 2.2) and SEG-S (3.3, 2.1) having analogous ratings.

From users’ feedback, a common issue with SEG-S is the switching between manual and super-

vised control. The users found that a sudden and not voluntary switch between the two controllers

initially caused confusion and it could only be fully learned towards the end of the block.

Overall, the integration of the supervision in the segmented framework does not seem to outper-

form SUP. Therefore, we decided to proceed to implement the same controllers in the user study

on the dVRK, with the supervision component of the segmented control converted back to fully

autonomous, i.e. SEG-A.
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4.3 Experiments

A user study was conducted on the real dVRK with 20 participants (10 females and 10 males, 22-

44 years old, all without previous experience with the surgical robot system). The experiments

were approved by the College Research Ethics Committee of Imperial College London (21IC7042).

Participants were informed about the experiments’ purpose and protocol and signed a consent

form before starting.

4.3.1 User study on dVRK

Figure 4.4: Generalisation ability test of EG MaxEnt IRL (left), GAIL (middle) and tGAIL (right).
The three algorithms are trained with the same ten expert trajectories (marked with colored
lines), and the successful trials’ starting points are marked as initial states.

While themajority of the experimental settings remain consistent with the simulated study, the real-

world experiment introduces an added layer of complexity by including a physical obstacle. This

increases the difficulty of the task and tests how the control strategies affect the user’s experience

and performance when interacting. To ensure safety throughout the study, we allow the operator

to switch back to manual by pressing a pedal. Another pedal is used as a clutch to uncouple the

controller from the robotic arms and allow repositioning for better ergonomics [40].

The task commences from a random position and encompasses twelve distinct trials, representing

different combinations of mode, target, and obstacle. The experiment includes three modes (SUP,

SEG-A, and FC) and two target objectives: placing the block into either a close peg or a far peg, as

depicted in Figure 4.5. As inexperienced participants are more prone to causing collisions between

the pegs and the robot’s arm, pegs on the right are excluded from the experiment to mitigate this

risk. The trials are evenly divided, with six incorporating an obstacle and the other six without. The

obstacle’s function varies depending on the stage of the experiment. During the transfer of the peg

to the closer pillar, the obstacle serves as a visual barrier, challenging the perception of the user

and reliance on the agent. Conversely, when the peg is transferred to the more distant pillar, the

obstacle takes on a physical role. The situation reflects challenges in surgery that the agent may

struggle to overcome, such as unpredictable events not encountered in the training data.

Each participant, initially, is allocated a five-minute training to familiarise with the system and task.
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OBSTACLE

INITIAL PEG

CLOSE PEG

FAR PEG

Figure 4.5: Obstacle in the peg transfer task. The obstacle features a soft top and hard base.
When transferring to a close peg, it serves as a visual barrier; when transferring to a far peg,
it becomes a physical impediment.

Figure 4.6: Performance and questionnaire results from real-world experiment. (a-c) Com-
pletion time, human input and clutch usage of each participant using the three controllers.
(d) Subject rating to questionnaire using NASA TLX. The terminology co, cw, fo, and fw stand
for close obstacle, close without obstacle, far with obstacle, and far without obstacle, respec-
tively.

Following this phase, the experiment commences with a randomised sequence of inclusion and

exclusion of the obstacle. At each round, the experiment is then conducted across three different

control modes, in a randomized sequence to ensure unbiased evaluations. Upon completion of all

trials, participants are requested to complete a questionnaire.
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4.4 Results

4.4.1 Generalisation Assessment

A test was conducted to assess the generalisation ability and performance between EGMaxEnt IRL

and tGAIL. In this generalisation ability test (Figure 4.4), both methods were trained on the same

dataset, which consists of ten expert trajectories, all starting and ending at the same locations.

By providing a limited number of expert trajectories, the evaluation focuses on the algorithms’

adaptability and robustness.

Following training, the agent’s performance is assessed by starting it from random points. Each

initial state is denoted by a blue circle in Figure 4.4, representing the agent’s starting positions. In

the generalisation ability test, EGMaxEnt IRL succeeded in 117 states, GAIL achieved success in 452

states, and tGAIL succeeded in 508 states. Despite the added complexity of training GAIL and tGAIL

with discriminator and generator components, it demonstrated superior learning and adaptability

compared to EGMaxEnt IRL. GAIL excels near expert trajectories and in reaching distant positions,

however it lacked consistency and robustness. In contrast, tGAIL consistently maintained steady

performance.

4.4.2 Real-world Experiment

In the user study, despite the presence of a far obstacle, SEG-A exhibited an 85% success rate, a

notable decrease compared to other tasks, which all achieved near 100%. The increased success

rate compared to the simulation can be attributed to gaining 3D perception. The likelihood of ob-

stacle interaction varied across modes: it was highest in FC, reduced in SEG-A, and minimum in

SUP.

The performance analysis from the real-world experiment is depicted in Figure 4.6 (a-b). The three

control modes showed difference in efficiency (p < 0.001). SUP demonstrates to be faster com-

pared to SEG-A (p < 0.001) and FC (p = 0.001), aligning with the simulation results. SEG-A

and FC showed similar time performance (p = 0.075). The average and standard deviation (σ, µ)

for FC, SEG-A, and SUP are (92.1, 26.0), (78.9, 19.3), and (62.9, 13.8), respectively. The human

input results showed to be not normally distributed, therefore we used Friedman test which rev-

eled a difference in the group (p < 0.001). SUP not only completes the task in the least time

but also requires the least operator’s input (0.047, 0.029) compared to FC (p < 0.001) and SEG-A

(p = 0.005). FC exhibits the largest average and standard deviation (0.105, 0.033), and SEG-A

falls in the middle with (0.084, 0.037). The experiment also examined clutch usage, as illustrated

in Figure 4.6 (c). The clutch is used to adjust the hand pose when it reaches workspace limits,

and its use costs time and diverts the surgeon’s attention [35]. Figure 4.6 (c) represents the aver-

age time spent with the clutch enabled for each trial. Compared to FC, both SUP and SEG-A allow

the operator to concentrate on the task rather than the workspace limits. This focus enhances
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efficiency and safety by potentially reducing surgery time.

As shown in Figure 4.6 (d), SUP scored the lowest across all metrics, albeit with greater variabil-

ity than SEG-A. Some participants exhibited conflicting decisions with the agent in SUP, a phe-

nomenon absent in SEG-A. Both SUP and SEG-A were found to conserve participants’ mental and

physical effort, with SUP showing higher performance on average.

4.5 Discussion

tGAIL’s strategy of training from the worst starting point improved the policy generalisability, when

compared to EG MaxEnt IRL and GAIL. This approach improves on the algorithm’s ability to over-

came learning challenges and exhibits enhanced robustness compared the other methods.

In the simulation study, increased autonomy in the task reduced the completion time, enhanced

and stabilized the success rate, and predominantly saved participants’ effort. This suggests that

inexperienced users have a preference for shifting the control authority to the agent in order to

improve performance, possibly due to unfamiliarity with the task.

In the real dVRK user study, SUP surpassed SEG-A in completion time, human input, and question-

naire ratings. In contrast, FC consistently demonstrated higher standard deviations. As autonomy

increases, efficiency rises, simplifying the task for new users by reducing the required effort and

minimising variability. Although the increased complexity introduced visual and physical barriers

to the operators, users’ feedback after failing indicated that failures often arose from participant

overconfidence as they became familiar with the task. Furthermore, the use of clutch significantly

decreased in SEG-A and SUP compared to FC. This can be attributed to the fact that in FC the par-

ticipants required more time and attention to adjust the controller. Conversely, in SUP and SEG-A,

the clutch served as a pause to observe the environment or make quick adjustments.

Approximately 10% of users found SUP challenging due to conflicts with the agent’s path selec-

tion, leading to varied user experiences. Users who effectively collaborate with the agent reported

smoother experiences with minimal manual intervention. In contrast, 90% of users perceived FC

as the most demanding mode, requiring full concentration and significant physical and mental ef-

fort. Among users, 45% preferred SEG-A for its reduced attention demands, while 55% favored

SUP. When considering the user’s perspective as potential patients, 45% expressed a preference

for SUP, 30% for FC, and 25% for SEG-A. These preferences indicate the feasibility of implement-

ing supervisory control methods in surgery that provide continuous support and assistance. It is

important to note that all participants were new to the surgical system. Due to their inexperience,

they are likely to have found SUP akin to autonomous control, which offered a sense of safety,

while still having the ability to make adjustments to the robot. Furthermore, as Figure 4.6 shows,

targeted support in specific task segments can reduce effort and time. This indicates that correctly

identifying and supporting key segments is essential and a distributional analysis of task time by
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segment and participant is recommended as future work.

The user study in the peg transfer task highlights SUP’s advantages in reducing completion time,

human input, and enhancing the overall user experience. Although obstacles were used to emulate

the challenge of a physical or visual barriers during the task, it is essential to acknowledge that, due

to the simplified nature of this standardised task, the results cannot be directly translated to real

surgical scenarios and that further work is needed to study more complex tasks that can actively

engage the user, such as suturing.

4.6 Conclusions

In this Chapter, we introduced and validated a novel priority-changing control method used with

tGAIL, which demonstrated improved learning ability and robustness. The experiment conducted

on the dVRK system demonstrated the feasibility of this control strategy.

The user studywith the dVRKhas further revealed the advantages of the various control approaches,

with SUP showing notable performance improvements over SEG-A and FC. These findings, together

with the higher acceptance of SUP than FC, highlight the feasibility and importance of incorporating

autonomous assistance during surgical applications while maintaining user acceptance. There-

fore, in Chapter 5 we focus on the last remaining method in the spectrum of teleoperative controls

which can support and augment the surgeon’s input in a continuous and adaptive manner: assis-

tive control. Following the results from the user studies, we address problems such as adaptation

to an unstructured environment and seamless switching between different type of controllers in

the suturing task setting.
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Chapter 5

Intent detection in Robotic Suturing

Robotic-assisted procedures offer enhanced precision, but while fully autonomous sys-

tems are limited in task knowledge, difficulties in modeling unstructured environments,

and generalisation abilities, fully manual teleoperated systems also face challenges

such as delay, stability, and reduced sensory information. To address this and the limita-

tions discussed in the previous Chapters, we developed an interactive control strategy

that assists the human operator by predicting their motion plan at both high and low

levels, complementing the strengths of the human with the robot. At the high level, a

surgeme recognition system is employed through a Transformer-based real-time ges-

ture classification model to dynamically adapt to the operator’s actions, while at the low

level, a Confidence-based Intention Assimilation Controller (C-IAC) adjusts robot actions

based on user intent and shared control paradigms. The system is built around a robotic

suturing task on the dVRK, supported by sensors that capture the kinematics of the robot

and task dynamics. Experiments with users of varying skill levels demonstrated the ef-

fectiveness of the proposed approach, showing statistical significant improvements in

task completion time and user satisfaction compared to traditional teleoperation.

The content from this Chapter is currently under review in IEEE Robotics and Automation Letters

(RA-L): Hu, Z. J., Xu, H., Kim, S., Li, Y., Rodriguez y Baena, F., Burdet, E. “Confidence-based Intent

Prediction for Teleoperation in Bimanual Robotic Suturing”.
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5.1 Introduction

Traditional teleoperation is based on a leader-follower relation, where the human operator has full

control of the robot’s movements [139]. While this approach offers clear roles and responsibili-

ties, it does not fully utilise the capabilities of both the robot and the operator. Robots such as

the da Vinci surgical system are equipped with sensors and models that can provide valuable lo-

cal information not accessible to the human operator due to, for example, visual occlusions, or

because they operate in different sensory modalities. To address such limitations, the concept

of human-robot cooperation has emerged. By spanning across the spectrum between traditional

fully manual teleoperation and full autonomy, human-robot cooperation uses the benefits of both

to enhance teleoperation with the robot’s sensory data and control [69]. Human-robot cooperation

methods have previously been used to assist the surgeon during suturing [39, 136], however these

methods overlook the effect on positional information and suturing motion by the unstructured na-

ture of tissues, environmental unknowns, or instrument errors. For example, during robotic surgery

it is common for the camera to be occluded by elements in the environment such as body material

or parts of the robot’s manipulators [154].

To address these shortcomings, in this Chapter we aim to develop a system framework and an in-

teraction control strategy that implement human-robot cooperation on the da Vinci surgical system

as an information exchange between a human operator and a robot agent [88], inspired by recent

studies on collaborative human-human interaction [41, 150]. These studies revealed how the incon-

spicuous exchange of sensory information between two agents is beneficial to both, so that even

the partner with superior sensorimotor control improves their performance from the interaction.

Importantly, the partners share not just their current position but their motion plan, allowing each of

them to continuously anticipate the other’s actions and optimise their ownmovements accordingly

[149].

To successfully interact with the human operator, the robot must predict their motion intention at

different levels. At the task level, the robot first needs to identify the operator’s desired high-level

action. In robot-assisted surgery for instance, specific hand gestures, or surgemes, define inter-

ventions [7]. These surgemes can be used to infer the surgeon’s task throughout the procedure

(Figure 5.1). For example, in [111] online gesture classification was used to automate the camera

motion. Similarly, in [120], a recurrent neural network was used to successfully switch between

assistance modes based on general bimanual gestures. After recognising a surgeme, the robot

can then estimate the operator’s motion intention at a lower level to achieve seamless adaptation

during collaborative tasks through a parameter, such as confidence [71, 88], which would allow to

dynamically modulate the control over the manipulators, akin to the interaction observed between

connected humans carrying out a simple tracking task [88, 149]. The works of [21, 60, 151, 169] sug-

gest that incorporation of the humanmotion intentions and adaptation canminimise the operator’s
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Figure 5.1: Bimanual robotic suturing can be described as the composition of four surgemes:
(1) Needle tip positioned at the entry point on the phantom surface; (2) Needle pushed inside
the phantom reaching the exit point; (3) Needle pulled out from the exit point; (4) Needle
passed back to the starting manipulator. During the suturing, a da Vinci Si camera tracks the
relative pose of the elements in the surgical setting using markers.
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Figure 5.2: High and low level inference of task actions. At the high level, the system com-
prises of a kinematic gesture recognition for multi-action tasks. At the low level, the system
uses a target detection to understand the control of the human, which is regulated by a dy-
namic confidence parameter.

effort. This system framework is summarised in Figure 5.2.

The Intention Assimilation Controller (IAC) algorithm of [151] can be used by the robot to identify the

operator’s motion plan and combine it with its own plan according to the task requirements and the

robot’s sensing, using a convex combination based on human and robot inputs. However, [151] did

not specify the criteria for transitioning between these modes. This transition may be regulated

based on the robot’s confidence on its sensors [71, 88]. For instance, confidence scores can be

used to avoid collision [23] or improve trajectory tracking [130], facilitating negotiation between

human and robot based on information received. In this work, we will consider the camera data

to be more accurate than forward kinematics for estimating position, but also more susceptible to

occlusions and fluctuations.

This Chapter describes a human-robot cooperation framework with interaction control strategy

integrating task-level prediction with Confidence-based Intention Assimilation Controller (C-IAC),

implemented on the da Vinci surgical system. This four-armed robot with high-definition cameras

offers to surgeons an immersive experience, but limited sensory information can make tasks such

as suturing tedious and time consuming through repetitive actions and sustained attention to the

dynamics of the environment [109]. We hypothesise that, by combining human and robot sensing

and motion planning, one can obtain the benefits of sensory augmentation to enhance suturing

performance [88] and comfort.
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To test our hypothesis, we first developed a kinematic suturing dataset and trained a Transformer

model to infer suturing activity in real-time on the dVRK by decomposing it into surgical gestures.

We then designed an IAC-based controller with confidence level computed from Bayesian inference

analysing kinematic and camera data. This controller was implemented to assist the operator in

four key suturing surgemes. We also developed the Compact Holder for Enhanced Needle Align-

ment (CHENA), a mechanical device that can automatically and easily position the suturing needle

orientation into a known position on the manipulator. Experiments with two groups of eight and

nine users evaluated the system’s performance and validated the interaction control approach. To

our knowledge, this is the first implementation of human-robot cooperation for bimanual robotic

suturing with use of real-time kinematic gesture recognition on a real dVRK using a Transformer-

based model, which dynamically provides the correct assistance to manipulators using shared

control paradigms.

The main novelties presented of this work are as follows:

• Robot-Camera calibration system for tracking of markers on a suturing task.

• Improved design for needle holders to facilitate needle grasping and reduce position uncer-

tainty.

• Integration of human-robot cooperation with gesture recognition model for bimanual robotic

suturing using the real dVRK.

• Implementation of a dynamic parameter to compute the confidence component based on

Bayesian inference.

• Development of a confidence-based IAC controller used to teleoperate the da Vinci robot

within a human-robot cooperation framework.

• User studies to demonstrate the performance of the C-IAC during the suturing task.

5.2 Compact Holder for Enhanced Needle Align-
ment

During suturing, operators often require multiple manipulations of the needle to achieve the cor-

rect and optimal orientation [43, 113]. This can be observed on the JIGSAWS dataset [42], where

multiple hand-offs of the needle are performed before starting the insertion motion of suturing.

Previous attempts in solving this problem include [137], which created a component whose ge-

ometry would allow the alignment of the needle and that could be easily attached to the existing

surgical tool without requiring a complete replacement. However, the device can be difficult to use

as it increases the size of the end-effector, making the grabbing of the needle awkward. Therefore,

we propose a low-cost Compact Holder for Enhanced Needle Alignment (CHENA), which improves

Zhaoyang Jacopo Hu Assistance in Robotic Surgery 80



5.3. Kinematic Gesture Recognition Intent detection in Robotic Suturing

Figure 5.3: Design of the CHENA. (a-b) The structure comprises of walls that create a con-
cavity where the needle is attracted and maintained fixed by a magnet. (c-d) The needle can
self-align using to two independent acting forces: the jaw pushing and the magnet pulling the
needle towards the cavity.

on the previous designs in the literature [113, 137] by easing the grabbing and holding of the needle

(Figure 5.3). The needle aligner in [137] was intended for autonomous suturing and required a large

rear wall and catching area to guide the needle towards the grasping position. The necessity of

these parts force the components to extrude over the opposite side of the surgical tool, limiting its

maneuverability and maximum jaw open angle. In contrast, CHENA self-aligns and constrains the

position of the needle without the need of large extrusion in the catching area through two possible

mechanisms: the minimalistic geometry of the catching area and the use of a magnet to create a

driving force for the needle to align even without closing the jaws. This design further improves

on previous needle holders as it requires less mechanical effort to place the needle on the surgical

tool regardless of the manipulator orientation.

5.3 Kinematic Gesture Recognition

Gesture recognition through kinematic data analysis has been explored using various machine

learning models, including Long Short-Term Memory and Convolutional Neural Networks [6, 30,

156]. The Transformer model [160] improves upon existing models with its ability to process and

analyse data in parallel with its novel attention mechanism. This architecture, which typically in-

cludes both an encoder and a decoder, has shown promising results in surgical gesture recog-

nition [140]. Moreover, encoder-only configurations of the Transformer have proven effective in

classification tasks [91, 167], suggesting their potential applicability in surgical gesture classifica-

tion. Building on this foundation, we introduce a real-time gesture recognition system that uses

the encoder-only Transformer model. This system integrates kinematic data from the two Patient

Side Manipulators (PSMs) and two sigma.7 devices, processing a continuous window of real-time

kinematic data to classify surgical gestures dynamically.

5.3.1 Suturing Dataset

A significant obstacle in the field of gesture recognition in robotic surgery is the lack of datasets

with annotated demonstrations [7], with one of the few being JIGSAWS [42]. To accommodate our
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specific surgical task setting, we have constructed and labelled a dataset of bimanual suturing

motions made of kinematic data from the dVRK and hand interfaces on which we train our gesture

recognition model. We refer to the dataset collected at Imperial College London in the Hamlyn

Centre as Suturing Task in Imperial’s Tracking Collection for Hamlyn’s Evaluation Set (STITCHES).

The dataset includes continuous real-time kinematic data captured from the two sigma.7 devices

and PSMs using the dVRK software. We record a kinematic dataset froma user performing suturing

tasks on the dVRK along with video data at 20 Hz. The user has more than 900 hours of prior

practical experience using the dVRK. The recorded kinematics captures movements from the two

PSMs and two sigma.7s, documenting a total of 19 kinematic features per device. These features

include the end effector position (3), rotation matrix (9), linear velocity (3), angular velocity (3), and

the gripper angle (1). Gesture labels were manually added to the kinematic data using the video for

reference, introducing an additional feature for a total of 77 features per time step. We collected

10 recordings in total with each recording having four throws. A throw, or suture, is defined as the

combination of the surgemes to complete one stitch or loop on the wound.

5.3.2 Gesture Recognition Algorithm

The architecture of the proposed gesture recognition algorithm is shown in Figure 5.4. The kine-

matic window captures the linear velocity (3), rotational velocity (3), and gripper angle (1) from

each of the four devices at a rate of 20 Hz, resulting in 28 features per time step. This window

spans 60 time steps, equating to 3 seconds of data. The captured data is then processed through

a classification network composed of two Transformer encoder blocks, each with their attention

heads, followed by two fully connected layers of 64 units each and a softmax activation function

for classification.

To improve stability in real-time, we incorporate two post-processing techniques: the application

of an esponential moving average (EMA) window of size 10 over the output probabilities and a

probability threshold of 0.8 applied to the averaged probabilities. The EMA window smooths fluc-

tuations in probability values caused by noise and transient errors in gesture execution, leading to

more stable and reliable gesture predictions. Additionally, the EMA gives more weight to the recent

data points, making the system more responsive to new gestures compared to a regular moving

average. The probability threshold ensures that only gestures with high-probability are recognised.

To validate the model, we employed a 5-fold cross-validation approach, dividing the dataset of 10

recordings into five folds, each comprising a pair of recordings. The results of this validation are

presented in Section 5.8.

5.3.3 Suturing Gesture Classification

Suturing is considered a fundamental task of laparoscopic surgery [127]. In [42], the authors distin-

guished 15 different gestures in robotic surgery (Table 5.1), 10 of which are used in robotic suturing.

However, a simpler classification of suturing can be achieved with just 4 fundamental gestures [7,
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×

Figure 5.4: Architecture of the proposed real-time gesture recognition system. The kinematic
data from the dVRK captured in a moving window is fed to the classification network com-
posed of N Transformer encoder blocks followed by fully connected layers and a softmax
activation function. Classification probabilities are then averaged with an EMA window. Ges-
tures are only updated when they have an averaged probability over the predefined threshold.
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Figure 5.5: Four surgemes for robotic suturing. We use an additional Other class to refer to
gestures fundamentally different from any of the surgemes in (a-d).

137]. We show here that this classification can in fact be viable using the JIGSAWS dataset [42],

which has been widely recognised as a benchmark dataset for kinematics based on the dVRK.

We propose two different strategies for grouping the original gesture labels into 5 classes. The 5

classes include the fundamental gestures (a) Positioning, (b) Push, (c) Pull, and (d) Hand-off, as

illustrated in Figure 5.5, and an additional Other class to group the remainder of the gestures in

JIGSAWS.

Table 5.2 illustrates the two proposed classifications of the gesture labelsG in JIGSAWS. For strat-

egy 1, only the original gesture G is labelled as the corresponding surgeme with the rest labelled

as Other. For strategy 2, gestures G that are deemed similar in motion to the four main gestures

are grouped together and the rest is labelled as Other.

We argue that if a Transformer-based model can classify with similar accuracy using both strate-

gies, then a simplification of the surgical task into four essential surgemes is in fact valid. We then

can implement strategy 2 for the Transformer-based model that will be used in the human-robot

cooperation system.
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Table 5.1: Surgemes in JIGSAWS

Surgeme Gesture Description

G1 Reaching for needle with right hand

G2 Positioning needle

G3 Pushing needle through tissue

G4 Transferring needle from left to right

G5 Moving to centre with needle in grip

G6 Pulling suture with left hand

G7 Pulling suture with right hand

G8 Orienting needle

G9 Using right hand to help tighten suture

G10 Looseing more suture

G11 Dropping suture at end moving to end points

G12 Reaching for needle with left hand

G13 Making C loop around right hand

G14 Reaching for suture with right hand

G15 Pulling suture with both hands

Table 5.2: Proposed surgeme labels (a-d) compared to jigsaws

Surgeme Strategy 1 Strategy 2

(a) G2 G2, G5

(b) G3 G3

(c) G6 G6, G10

(d) G4 G4, G8

Other G1, G5, G8, G9, G10, G11 G1, G9, G11
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5.4 Confidence-based IAC

5.4.1 Intention Assimilation Controller

The idea of the Intention Assimilation Controller (IAC) is for the robot to extract the human opera-

tor’s motion plan from their interaction force, which can then be combined with the robot’s motion

plan [151]. Assuming that the robot has information about the force uh applied by the operator and

the system position x and velocity ẋ, IAC can predict the human operator’s motion plan and induce

a stable human-robot interaction [151] using the simple linear robot controller:

uh = −L1(x− τ)− L2ẋ (5.1)

where L1, L2 are the stiffness and viscosity matrices [59, 151], while the target τ is extracted from

this equation during the movement by applying a Kalman filter to compute the predicted state

estimate of the human target τ̂h. Finally, the robot is controlled using a linear controller as defined in

Equation 5.2. In this equation, the robot is using as target the convex combination of the estimated

human target τ̂h and its own target τr , selected according to its task and sensing information:

τ = λτr + (1− λ)τ̂h (5.2)

where the confidence factor λ determines how much the robot relies on the information from

the human relative to its own, affecting the assistance behaviour during the human robot inter-

action.

When λ = 0, the robot considers its own information unreliable and will follow completely the

predicted human target position τ̂h. Critically, 0 < λ < 1 sets a cooperation between the human

and robot control inputs, considering both of their targets. This configuration allows to benefit from

the speed of reaching the predicted human target instead of the current human position and allows

to adjust the confidence based on the sensory information detected by the robot. While when

λ = 1, the robot disregards the human interaction and a coactive behaviour arises with the robot

trying to achieve its own target. This assumes that the robot has all the necessary information,

which allows it to optimally complete the task without being delayed by the teleoperation latency.

When λ > 1, the robot can also display an antagonistic behaviour where it tries to counteract the

human control input to achieve its own target. Since we aim to support the user, the system needs

to ensure 0 ≤ λ ≤ 1. The implementation of the confidence-based IAC compared to traditional

teleoperation is illustrated in Figure 5.6. Being able to continuously and dynamically adjust λ is key

to achieving a smooth and situation-specific interaction between user and robot. The proposed

method allows to optimise the control authority in real-time according to the system’s confidence

on either the human or robot performance.
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Figure 5.6: Comparison between a) traditional and b) C-IAC teleoperation of the dVRK. While
traditional teleoperation has inherent delay to reach the current relative position of the user’s
hand, C-IAC allows to control the robot to move directly towards the predicted position. A
confidence component λ is used in the shared control scheme to adjust the assistance from
the robot. In cases of high confidence (λ ≈ 1), the teleoperation delay can be minimised by
allowing the robot to follow its own target.

5.4.2 Confidence with Bayesian Inference

We define two sensory information for the robot: vision and proprioception. Visual information

is acquired by tracking the markers placed on the robot’s manipulator and phantom, specifically

one keydot kd and one ChArUco ch marker, respectively. Proprioception, on the other hand, is

estimated using the robot joint angles. While proprioception information is consistently available,

visual information can be prevented if obstructions occur, leading to loss of tracking.

In this work, we define confidence as the trust towards the sensory data exchanged between the

different sensors of the system. The work in [46] demonstrated that Beta distributions are effective

in inferring the human agent’s trust in the robotic agent’s performance by analysing the robot’s per-

formance history. We adopt Bayesian inference to calculate the trust in sensory data continuously,

giving more importance to the most recent observations. Specifically, vision is modeled proba-

bilistically using the Beta distribution, while proprioception is not probabilistically modeled as it’s

treated as always available but less reliable. The Beta distribution is represented with its shape pa-

rameters, denoted asB(α, β), and they are updated empirically over time and dynamically as new

sensory signals are received. Bayesian inference fuses current visual performance data with prior

confidence using the Beta posterior, with the Bayesian posterior mean acting as a soft reliability
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weight between robot and human targets, integrating over time via recursive updates.

In this work, we use the Bayesian inference explored in [46] to estimate the confidence, or trust,

of the robot agent in the visual information received. We define the performance on the ith time

step as pi ∈ {0, 1}, where pi = 1 corresponds to a successful tracking of the markers, and

pi = 0 a failure. The system’s performance history in a given window of lengthn is then denoted as

P = {p1, . . . , pn}. Effectively, the visual information yields a booleanmessage for both the keydot

marker or ChArUco that indicates if in a given time step the information is received or absent. This

determines an arbitrarily assigned performance: 0 if the system does not have confidence, and 1

if the system has confidence (i.e. kd ∨ ch, illustrated in Table 5.3).

Table 5.3: Visual Information Performance Assignment

kd ch Performance pi Gain wpi

✗ ✗ 0 w0

✓ ✗ 1

✗ ✓ 1 w1

✓ ✓ 1

The Beta distribution dynamics [46] are used to model the system’s trust in the visual tracking for

two main reasons:

1. The distribution is bounded within the the interval [0, 1] which is consistent with the confi-

dence boundaries to achieve the interaction behaviour needed (Figure 5.6).

2. The distribution dynamics enables the property of influencing the confidence at the current

moment i by previous time steps i− 1 [86].

As the marker tracking performance is received, at every ith time step the system’s trust dynamics

is calculated as:

Bi (αi, βi) (5.3)

αi =

⎧

⎨

⎩

αi−1 + w1, if pi = 1

αi−1, if pi = 0

βi =

⎧

⎨

⎩

βi−1 + w0, if pi = 0

βi−1, if pi = 1

(5.4)

where αi and βi are the shape parameters of the distribution, andwpi are the corresponding gains.

The posterior mean is then used to estimate the system’s confidence:
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λ = E (Bi) =
αi

αi + βi

(5.5)

Equation 5.5 ensures a continuous value within [0, 1] to assess the confidence of the system in its

own sensory information. The value can also be scaled tomeet all interaction behaviours described

in Section 5.4.1, depending on the task needs.

It is important to note that the confidence defined is highly dependent on the visual information

and less on proprioception. In fact, we assume that, when available, visual information of the end-

effector position ismore reliable than proprioception after a robust hand-eye calibration of the cam-

era. Since the dVRK is a cable-driven system, the manipulator is subject to large positioning error

due to the elasticity of the cables and long kinematic chains [48, 113]. For our specific human-robot

cooperation framework, we empirically tuned the gains wpi and assigned a positive performance

whenever kd or ch is detected, and a zero when they are not, as shown in Table 5.3.

5.4.3 Shared Control Paradigms

Wepropose the following shared control paradigmsbased on the generalisation of the suturing task

into the four fundamental surgemes illustrated in Figure 5.5. Note that the constraints and targets

implemented in the shared control paradigms proposed can be chosen arbitrarily and ours is just

one possible solution after consulting a neurosurgeon from Imperial College London for insights on

suturing. We employ the following terminology to represent quantitiesmeasured relative to the task

frame depicted in Figure 5.7 with respect to the manipulator tracked with the keydot marker:

• τ = (x, y, z) ∈ R
3 is target position computed by the C-IAC.

• λ = (x, y, z) ∈ R
3 is the confidence parameter applied on the end-effector.

5.4.3.1 Positioning

If we imagine the curved needle as a semicircle surface, during Positioning the user is trying to align

the needle’s plane to be perpendicular to the wound. During this gesture, the needle tip should be

touching the insertion point at a fixed height from the tissue. The insertion point can be in different

parts along the tissue near the wound. Therefore, the manipulator should be free to move along a

plane parallel to the tissue surface and at a fixed target height.

τ = (τxh , τ
y
h , τ

z) , λ = (0, 0, λz) (5.6)

As the needle plane needs to be perpendicular to the wound for an effective insertion of the needle,

we apply a further control option to allow the human to control the DoF for the orientation of the

Zhaoyang Jacopo Hu Assistance in Robotic Surgery 89



5.4. Confidence-based IAC Intent detection in Robotic Suturing

Figure 5.7: Task frame position on the tissue surface using a ChArUco marker. The x-axis is
parallel to the wound, the y-axis is perpendicular to the wound, and the z-axis is perpendicular
to the tissue surface. During the suturing task, the robot refers to the task frame Cartesian
coordinates for knowledge of the environment’s objects pose, such as wound orientation and
insertion point.

end-effector autonomously through a pedal.

5.4.3.2 Push

During the Push surgeme, the needle plane should remain perpendicular to both the tissue sur-

face and the wound direction. Movements along the wound direction are particularly dangerous

as tissues can be lacerated and damaged. Therefore, we restrict movements of the manipulator

along the wound axis, while allowing free motion in the other Cartesian coordinates. This allows

to correctly make a circular motion that can permit the tip of the needle to emerge from the other

side of the wound.

τ = (τxj , τ yh , τ
z
h) , λ = (λx, 0, 0) (5.7)

where xj refers to the jth entry point position in x during the suturing task. To ensure that the

needle is maintained perpendicular to both wound and tissue surface, we make the control for the

end-effector orientation autonomous as done in the Positioning phase.

5.4.3.3 Pull

Rakita et al. [120] described that when two hands are working in close proximity, with one hand rela-

tively stationary and the other with higher translational and rotational velocity, keeping the station-

ary hand stable can help the user to successfully complete the task. As this scenario is equivalent

to pulling during suturing, we implement a similar type of constraint to the right hand by keeping it

steady above the tissue surface. A steady right hand above the tissue can allow the user to con-
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centrate on the pulling motion with the left hand. To ease the next throwing motion, we also set

the robot target to the next entry point position.

τ = (τxj+1 , τ y, τ z) , λ = (λx, λy, λz) (5.8)

5.4.3.4 Hand-off

The hand-off of the suturing needle usually requires a coordination between the two manipulators

to allow a correct grasping. However, with the CHENA this is greatly simplified as the needle self-

aligns to the end-effector. Therefore, we simply make sure that the Hand-off gesture occurs in

proximity of the next entry point to facilitate the next Positioning gesture, but we allow the PSM1

manipulator to freely move towards the PSM2.

τ = (τxj+1 , τ yh , τ
z) , λ = (λx, 0, λz) (5.9)

5.4.3.5 Other

In the classification of Other hand movements, the user is passing kinematic movements to the

robot’s PSMs that do not resemble any of the first four surgemes. To account for the unstructured

and unpredictable nature of these movements, we set the robot to not apply any constraint on the

manipulator, which corresponds to a the λ = 0 for all Cartesian coordinates.

τ = (τxh , τ
y
h , τ

z
h) , λ = (0, 0, 0) (5.10)

Notice that it would be possible to set hard constraints to impose forbidden movements to the

user for each control paradigm, but interaction forces with the human user may disrupt the con-

trol. Instead, the C-IAC allows to create softer and more dynamic constraints by predicting the

user intention and considering the system’s confidence throughout the task. The complete system

framework is shown in Figure 5.8.
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Figure 5.8: Bimanual suturing control scheme using C-IAC and Transformer for gesture clas-
sification. The markers and robot kinematics constitute the sensory information for the robot.
The quality of the sensory information is processed through a Bayesian inference which pro-
vides the confidence parameter λ to the IAC. The kinematics are instead used by Transformer
to decide the correct target τr according to the gesture that the user is performing. In IAC, the
user input uh is used to predict the human’s target τh which, together with τr , determines the
target for the robot’s manipulator.

5.5 Experimental Setting

For the experiments, we use the dVRK from Intuitive Surgical. The robot includes two PSMs: right

PSM1 with DeBakey Forceps and left PSM2 with Large Needle Drivers. Only the PSM1 is equipped

with a CHENA since we assume that the users are right handed. The needle used is a 1/2 circle, 24

mm chord length with triangular cutting point. The robot is controlled in Cartesian space using the

dVRK software. Two sigma.7 hand interfaces are used to control the robot, using the TCP/IP proto-

col to communicate with the dVRK. Similarly to [64, 132], we renounce to the binocular vision sys-

tem and provide instead a 2D high resolution display to the human user using a RealSense camera,

with a 50 ms delay introduced by the teleoperation system to observe the effects on performance

between different controllers [126]. One element that can contribute to increase the complexity

and unpredictability of the task and surgeon’s performance is latency, which is considered one of

the biggest hurdle to enable telepresence [147]. [108, 126, 166] showed that a latency below 200

ms is ideal for telesurgery, but as little as 50 ms can already cause effects on the users perfor-

mance. Our setting aims to highlight the difference in sensory information between human and
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Figure 5.9: Experimental dVRK setup with sigma.7 devices and additional da Vinci Si Cam-
era. The phantom is marked with an ChArUco marker and the end-effector is equipped with a
CHENA and keydot marker. While the user has a 2D visual feedback from the surgical setting,
the robot uses the da Vinci Si camera to obtain three-dimensional information from the mark-
ers.

robot, which will be reflected in the performance results. We maintain pedals options for functions

such as clutching and control of the end-effector orientation.

For the suturing phantom, we create a layer of about 1 mm thickness using Ecoflex 00-50. The

phantom layer emulates the setup used in JIGSAWS to ensure comparable conditions, which are

well established in the literature for gesture recognition. Similarly, the wound and entry-points are

manually marked, measured and recorded relative to the ChArUco marker fixed on the phantom. A

keydot marker is also attached to the CHENA to track the PSM1 hand and needle pose. This setup

implies that while C-IAC is used to teleoperate both PSMs, only the one with the keydot marker

can employ confidence-based properties, since it is both tracked kinematically and visually. Both

markers in this setting are tracked using a da Vinci Si endoscope, which provides high resolution

images to the robot.

5.6 Robot-Camera Calibration

From the sigma.7s and the dVRK manipulators we can obtain the poses of the user’s hands and

end-effectors as sigma
baseS T and ee

baseT , respectively, where sigma is the hand interface, ee is the PSM’s

end-effector, and baseS and base are the sigma.7 and dVRK base coordinates.

5.6.1 Sigma.7 to dVRK

Tomap the pose from the hand interfaces to the PSMs, it is necessary to transform the position and

orientation of both hands. This task can be challenging as the sigma.7 and the PSM have different

joint limits [132]. We implement the following transformation to match the hand pose:
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sigma
baseS T ·

baseS
base T · eebaseT

−1 = sigma
ee T (5.11)

Notice that while in traditional teleoperation we scale the absolute position of the sigma.7 hand

interface, when C-IAC is implemented, the translations in the transformation matrix are passed to

the dVRK as depicted in Figure 5.6 (b).

5.6.2 Hand-Eye Calibration

The system comprises of a camera that tracks a marker on the robot’s end-effector, as shown

in Figure 5.9. To solve the robot-sensor calibration problem, we employ the hand-eye calibration

method [138]:

AX = Y B (5.12)

where A is the transformation from the da Vinci Si Camera to the keydot marker (i.e. kd
camT ), B is

the transformation from global robot coordinates to end-effector (i.e. ee
baseT ), while X and Y are

the unknown fixed homogeneous transformations between marker-end-effector and camera-base,

respectively.

To calculate the unknownsX and Y of Equation 5.12, which correspond to ee
kdT and base

camT , respec-

tively, we record 50 poses of the robot arm with the keydot marker and use a separable solution

[138]. We propose to use two sensory information channels to estimate the robot’s tool position:

vision, based on the data arriving from the markers tracking, and proprioception, derived from the

kinematics of the robot to estimate the keydot pose. In the following paragraphs, we detail how

the manipulators are brought to the desired pose.

5.6.2.1 Vision

The system uses an endoscope of a da Vinci Si to track a keydot marker on the CHENA and a

ChArUco marker positioned on the phantom. From the continuous visual tracking of the keydot

and ChArUco, we use a separable solution to estimate the following transformations:

cam
kd T, camch T (5.13)

where kd and ch refer to the keydot and ChArUco markers, and cam denotes the frame for the da

Vinci Si camera.

5.6.2.2 Proprioception

As the dVRK manipulators are cable-driven systems, their position estimates can become inaccu-

rate over time [48, 113]. Therefore, the proprioception proposed relies on the update of the keydot

pose whenever vision is available. To distinguish the keydot position estimated by the robot kine-
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matics alone or camera alone, we name them kd1 and kd2, respectively. Assuming that visual

information is more representative of the reality and less prone to errors than proprioception, we

can calculate the offset compared to when visual tracking of the robot’s marker is present to com-

pensate for the uncertainties derived by the cable-driven system as:

cam
kd1 T

−1 · camkd2 T = kd1
kd2T (5.14)

We then calculate the keydot position from proprioception:

(B · Y )−1 ·X =
(

ee
baseT ·

base
camT

)−1
· eekd1T = cam

kd1 T (5.15)

cam
kd1 T ·

kd1
kd2T = cam

kd2 T (5.16)

Notice that the final transformation matrix obtained uses kd2which is the keydot estimated by the

camera. However, camkd2 T is solely reliant on the robot’s kinematics and its kd2 can be considered

as the robot’s “memory” of the keydot pose when visual tracking ceased.

As the ChArUco is used to estimate the phantom’s position for the task, we compute the offsets

from the keydot marker to the desired pose for both vision and proprioception as:

kd
camT ·

cam
ch T · chd T = kd

d T (5.17)

where d is the desired pose position and orientation relative to the camera. Therefore, this allows

the robot to obtain the offsets to estimate its pose in the real-world environment.

5.7 Experiments

The experiments were approved by the College Research Ethics committee of Imperial College

London (21IC7042). Participants were informed about the experiments’ purpose and protocol, and

signed a consent form before starting. A first set of experiments was carried out to validate our

Transformer-basedmodel, the STITCHESdataset, and tomeasure the needle pose estimation error.

Following this, we conducted user study experiments to compare traditional teleoperation against

C-IAC across two tasks: (i) target reaching, to systematically analyse the controller’s performance,

and (ii) four surgical throws, to represent a key surgical function. To ensure a fair comparison,

the PSM1 was equipped with a CHENA throughout all experiments. We evaluated the controllers’

performances by analysing completion time and user satisfaction, which was assessed using a

NASA TLX questionnaire.
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5.7.1 Target Reaching User Study

The suturing task involves a relatively complex and unstructured environment that can affect a

detailed evaluation of the controllers used. To determine the efficacy of C-IAC compared to tradi-

tional teleoperation in a standard manner, we design a target reaching experiment that consists of

Positioning and Push gestures. We recruited 8 participants (1 female and 7 males, all right handed,

age 23-30) who had little to no experience in teleoperation or robotic suturing. After 10 minutes

of familiarisation with the dVRK setup and suturing movements, the subjects are tasked to con-

trol the PSM1 from a fixed starting position and reach four different entry points in the phantom.

At each entry point, the reaching movement is considered completed upon needle insertion. The

same starting pose is used for each of the four reaching movements, with entry points positioned

on a straight line at {15, 30, 45, 60}mm from the starting position (Figure 5.10), thus challenging

the user’s depth perception.

For this experiment, we compare two types of teleoperation: traditional and C-IAC. Each of the

controllers is tested on four subjects. In order to set a consistent setting and obtain comparable

results between the participants, the confidence component λ in the C-IAC is gradually increased

from 0 to 0.8 using a linear function instead of the method described in Section 5.4.2. This allows

us to ensure that the same type of assistance is implemented between the trials that use that type

of controller. We use Equation 5.7 as control paradigm throughout the trials with C-IAC. Notice that

control paradigm and the maximum value of λ are chosen arbitrarily based on the context of the

experiment and to allow the human operator to always retain some control.

5.7.2 Suturing Task User Study

To evaluate the benefits of C-IAC among 9 users (allmales, age 21-41, all right handed)with different

suturing skill levels, we compared the proposed controller against traditional teleoperation using

a full suturing task with four entry points that requires four suturing throws. For this experiment,

we aim to both examine the performance of all users with the system and compare participants

of different skill levels: novice, intermediate, and expert. The skill level refers to their experience

in suturing, but none of the subjects had experience with surgical robots. The novices (7 subjects,

age 21-29) do not have any medical experience. The intermediate (1 subject, age 23) is a fifth year

medical student. The expert (1 subject, age 41) is an neurosurgeon with practice in the medical

field. Each participant trained on the system for eight sessions, split between the two controllers,

of 20 minutes each before carrying out the experiments using traditional teleoperation and C-IAC,

in a randomised order.

A clinical criteria for a successful suturing includesmaintaining perpendicularity of the needle plane

to the wound and skin [43, 113]. Since the needle is kept perpendicular to the manipulator using

the CHENA, we tracked the manipulator orientation through the keydot marker which allowed us

to assess if the needle was maintained perpendicular during the task. Additionally, we also mea-
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Figure 5.10: Visual feedback during target reaching user study. The users perform Positioning
and Push at each entry point. For each target reaching movement, the manipulator is reset to
the same starting position.

sured the average accuracy of the Transformer model throughout the task and the time required to

complete it. At the end, the participants were asked to fill out a NASA TLX questionnaire to analyse

perceived task load and their satisfaction with the system.

5.8 Results

5.8.1 Transformer for Two Classification Strategies

The Transformer model is applied on the two strategies described in Section 5.3.2 to demonstrate

the feasibility of reducing the suturing task into four fundamental surgeme motions, along with

one for general movements. Figure 5.11 (a-b) compares the confusion matrices for the two strate-

gies. The Transformer-based model achieves an overall accuracy of 77.67% and 76.72% for strat-

egy 1 and strategy 2, respectively. Furthermore, the confusion matrices exhibit a consistent trend

across the two strategies, with some misclassifications between the surgemes Positioning and

Push, which are both predominantly right-hand gestures. The class Other has the lowest accuracy

in both strategies, while Push was the highest.

The similarities between the results obtained indicate that the robotic suturing task can indeed

be generalised with only four fundamental surgemes as in strategy 2, which was thus used for
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(a) Strategy 1 (b) Strategy 2

(c) STITCHES Dataset Valida�on

(d) Real-�me Recogni�on Performance

(e) Real-�me use of EMA and Probability Threshold

(s)

(s)

Figure 5.11: Use of Transformer model and STITCHES dataset validation. (a-b) Transformer ges-
ture classification using labelling strategy 1 and strategy 2. (c) 5-fold cross validation average
accuracy of STITCHES dataset. The overall accuracy is 81.19% using the proposed labelling for the
suturing task. (d) Real-time sample comparison between ground truth and predicted gesture. (e)
Real-time suturing throw sample with use of EMA and probability threshold.

subsequent experiments.

5.8.2 STITCHES Dataset Validation

Training, validation, and experiments of our Transformer-based model were conducted on the

STITCHES dataset consisting of 10 recordings. With the implementation of the proposed post-

processing techniques (i.e. EMA and probability threshold), the model demonstrated a classifica-

tion accuracy of 81.19%. This result is shown in Figure 5.11 (c-d), which illustrates the confusion

matrix obtained during the validation and the comparison between the actual gestures and the

predicted in a sample. Figure 5.11 (e) provides a graphical representation of the post-processing

technique applied in real-time during one suturing throw in one sample of the dataset.

5.8.3 Needle Pose Estimation Error

Due to the size and shape of the suturing needle, it is hard to place markers to establish a ground

truth and estimate its pose through visual tracking [113, 137]. However, with the CHENA, the plane of

the needle can be approximately considered in a fixed orientation perpendicular to themanipulator’s

gripper. Therefore, to compute the needle pose error, we compare the pose of the CHENA between

the estimation received from visual tracking and the kinematics of the robot. In Table 5.4, we move

the robot to 80 random positions and calculate the mean and standard deviation for the position

and orientation between the two poses estimated.
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Table 5.4: Needle Pose Estimation Error Results

Position (mm) Orientation (deg)

DoF x y z Roll Pitch Yaw

Mean 0.65 0.93 0.84 2.51 2.30 1.24

Std. 1.00 0.87 0.68 2.73 1.83 1.38

5.8.4 Target Reaching User Study

As the reaching movements end with the insertion of the needle into the skin, we can evaluate the

time required by the participants to perform accurate insertions. As the data for the traditional

teleoperation were not normally distributed, a Wilcoxon rank-sum test was used to compare the

two controllers, which revealed a difference between the two groups (p = 0.004). The average

time required by the participants for each entry point and the total average time for each controller

are reported in Table 5.5. For each entry point, the C-IAC decreased the average time to reach

the target and perform a precise insertion, with a total average and standard deviation of (σ, µ) =

(36.1, 15.4), and (61.9, 39.6) for traditional control.

Table 5.5: Duration of Target Reaching (in seconds)

Controller Traditional C-IAC

Entry point 1 61± 6.8 25± 5.4

Entry point 2 61± 33.3 45± 24.4

Entry point 3 41± 10.6 39.5± 13.5

Entry point 4 84.8± 72.8 35± 9.8

Total 61.9± 39.6 36.1± 15.4

5.8.5 Suturing Task User Study

Table 5.6: User Study Suturing Task Performance based on Participant Suturing Experience

Novices Intermediate Expert

Traditional C-IAC Traditional C-IAC Traditional C-IAC

Avg. ⊥ Error in Push (◦) 28.83±10.11 7.27±5.26 21.98 4.25 34.47 2.19

Real-time Classification Accuracy (%) — 65.50±15.25 — 67.37 — 67.17

Avg. Positioning Time (s) 26.31±18.99 19.94±9.23 24.82 22.87 36.95 32.93

Avg. Push Time (s) 43.07±18.97 38.05±21.95 42.00 47.83 47.33 40.07

Avg. Pull Time (s) 76.91±40.68 48.26±17.35 65.65 50.97 87.10 66.12

Avg. Hand-off Time (s) 54.09±19.21 35.29±14.17 36.86 27.68 74.84 49.66

Avg. Throw Time (s) 222.70±73.80 155.94±40.41 214.66 181.15 290.27 218.46

Total Suturing Time (s) 892.18±204.53 652.55±158.71 859.01 724.95 1161.51 873.87

During the user study with subjects of different suturing skill levels, the participants (i.e. novice,
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Figure 5.12: Novice gesture recognition online performance during the suturing task with C-
IAC.

intermediate, and expert) performed four consecutive suturing throws. Their performance is illus-

trated in Table 5.6. The results demonstrate the superiority of C-IAC, yielding a smaller perpendicu-

lar error and reduced duration in all surgemes composing the suturing task. Statistical analysis was

carried out on the performances of the 7 novices. As the data is not normally distributed, we use

Wilcoxon Signed Rank test to compare them, which revealed a significant improvement with C-IAC

in the perpendicular error during Push (p < 0.001). Furthermore, an analysis of the singular throw

time indicates that C-IAC yields faster performance than traditional teleoperation (p < 0.001), in

particular during Pull (p < 0.001) and Hand-off (p < 0.001).

The responses to the NASA TLX questionnaire from the 7 novices are analysed in Figure 5.13, which

shows that the workload is perceived to be smaller with C-IAC than traditional teleoperation. After

ensuring the normality of the data, we performed t-test comparison to evaluate the scores given by

the 7 novice subjects. The results are summarised in the box charts of Figure 5.13. The statistical

analysis found that the participants felt to perform better with C-IAC (p < 0.01), while requiring

less effort (p < 0.05). Similar tendencies are exhibited for temporal demand (p = 0.079) and

frustration experienced (p = 0.083).
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Figure 5.13: NASA TLX results from suturing task participants (i.e. novices, intermediate, and ex-
pert) for traditional teleoperation and C-IAC. In the spider charts, we first compare the two con-
trollers using the average answers of the novices and the intermediate and expert’s individual
scores to provide a perspective from participants with different suturing skills. As all participants
are inexperienced with the surgical robot, we then average all participants scores for Traditional vs
C-IAC. In the box charts, we present a detailed view of the scores given by the novice participants
(n = 7) during this user study.

5.9 Discussion

The classification accuracy results obtained using a reduced number of surgemes confirmed the

feasibility of simplifying the suturing gestures into four fundamental surgemes and a general one.

While Push had the highest overall accuracy, Other received the lowest one, likely due to the aggre-

gation of very diverse kinematic gestures in one class. To train the Transformer model, we created

the STITCHES dataset and implemented strategy 2 (i.e. labelling of the data using five classes),

which yielded a similar trend in accuracy as with JIGSAWS, as illustrated in Figure 5.11.

During the creation of STITCHES, we observed that for the first 1-2 throws, the user has to perform

bimanual hand movements to pull out more thread from the tissue in order to have enough thread

to perform the next suturing throws (i.e. G9 in Table 5.1). This can be observed in the samples

illustrated in Figure 5.11 (d-e), where the Other gesture appears after the Pull gesture for the first

few throws. This implies that although this movement is not a fundamental gesture for a single
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suturing throw, it is necessary when performing a series of suturing motions. In [111], this char-

acteristic of the suturing task was not detected due the limitation to two suturing throws, which

makes our implementation of online gesture recognition for user assistance closer to real-world

implementation.

From the results derived from the Robot-Camera calibration, needle pose estimation exhibited an

error in position and orientation consistent with the literature [113, 137] and was sufficiently accu-

rate to carry out the next experiments. As for the first user study, the target reaching experiment

focused on speed and precision, it offers an insight on the behaviour of the C-IAC method. This

study revealed difference between the traditional teleoperation and C-IAC. After a statistical anal-

ysis, C-IAC proved to be faster than the traditional method, also leading to a smaller standard

deviation.

To better understand the system’s applicability, we conducted an additional user study with four

complete and consecutive throws. We tested on users with different skill levels in suturing (i.e.

novice, intermediate, and expert), however none of them had previous experience in robotic sutur-

ing. Overall, the C-IAC lead to faster task completion than traditional teleoperation, both relative to

average throw time and total task time. For the perpendicularity requirement during needle inser-

tion (i.e. Push gesture), C-IAC showed to produce significantly less error, while maintaining similar

average Push time between the two controllers. This noticeable performance was accompanied

by the improvement in Pull, Hand-off, and throw time compared to the traditional method, indicat-

ing that the autonomous component was well integrated in the system’s workflow and facilitated

operation without disturbing.

For these experiments, the comparison between ground truth, which was obtained with manual

labelling, and the real-time classification with the Transformer-based model showed an accuracy

that is lower than the one obtained during the dataset validation. This was expected as the dataset

was recorded on a different user and not on the participants, due to the controller’s requirements.

Additionally, as both the intermediate and expert had already developed their own style for suturing,

their gesture recognition is more affected than the novice. Furthermore, the participants required

more suturing time than the demonstrations in STITCHES, which can affect the accuracy of the

trained model. Interestingly, the expert required the most time for completing the task despite

having more experience in traditional suturing. This may be attributed to the strong bias of the

surgeon for non-robotic laparoscopic suturing, which affects the learning curve [74, 95].

Figure 5.13 reports the scores to the NASA TLX questionnaire given by the novices. On average,

C-IAC imposes less workload than the traditional controller. Specifically, C-IAC shows significant

improvement in performance and less effort. The relatively small variability noticed in both Table

5.6 and Figure 5.13 for C-IAC across all participants also suggests that the proposed controller

can lead to a more constrained variability between surgeons and novices. Notice that the suturing

time for four throws across the participants is higher than previous works [42, 137, 146]. This is
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attributed to the specific surgical setting, which is designed to challenge the user’s sensory infor-

mation and promote human-robot interaction. Limitations such as latency, 2D display, different

hand interfaces, and inexperience with the surgical setup of the task settings are the main contrib-

utors to the overall higher suturing time.

A sample comparison between ground truth gestures and predicted gestures is shown in Figure

5.12. The different accuracy and misclassifications compared to Figure 5.11 (d) can be attributed

to the nature of the C-IAC’s Transformer model dataset. Since C-IAC requires a trained gesture

recognition model, if the suturing dataset used from its training is constructed from C-IAC, this

would require a trained model as well. Consequently, the suturing dataset used to train the C-IAC

Transformer model was constructed from traditional teleoperation movements, and as a result,

the C-IAC model is fundamentally based on these movements. This solution demonstrates the C-

IAC ability to handle lower accuracy models by adjusting the confidence λ parameter. In our tests,

we found that setting a maximum value for the confidence parameter to a value lower than 1 is

preferable due to the sensors restriction of both the human and the robot. This suggests that a

robotic system with richer sensory information and task knowledge, such as additional cameras,

force sensors or complex path planning, can allow to increase the confidence to full automation

(i.e. λ = 1). Such changes can potentially further improve the performances obtained in Figure

5.13.

5.10 Conclusion

At the two ends of the spectrum of control, we can observe traditional teleoperation, which is af-

fected by delay and sensory limitation, and full automation, which is limited by sensory reading

inaccuracies and lack of broad knowledge and understanding about the task. In this Chapter, we

addressed these challenges by developing a unified human-robot system made of high and low

level intent detection to improve suturing task performance, while relieving the cognitive workload

of the human operator. To our knowledge, this represents the first implementation of real-time

intent detection for the interaction control in bimanual robotic suturing, while accounting for con-

fidence across multiple sensory modalities.

First, we provided tailored assistance to the human user by inferring the surgical actions performed

in real-time using a Transformer-based model trained on a dataset we constructed from a dVRK

setup. The dataset, called STITCHES, was validated and used in the control framework using kine-

matic data from the dVRK to classify four fundamental suturing gestures and a general one.

We presented C-IAC, a new interaction control framework that integrates IAC and a confidence

system based on Bayesian inference for use in the teleoperated suturing task. We constructed

a setting where the higher sensory information from the robot can be integrated with the human

skills to achieve a higher task performance while lowering the cognitive load.
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We gave visual information to the robot by placing markers on the phantom and needle alignment

device (CHENA) with a high resolution da Vinci Si camera. A calibration method was provided for

Robot-Camera calibration to enable the robot to estimate the needle position using both vision and

proprioception. The complete systemwas tested and validated on the dVRK robot where a series of

user studies are conducted to evaluate its use against traditional teleoperation. The user studies

were conducted on participants with a wide range of skills, from novices to an expert surgeon,

revealing that C-IAC provides faster time performances than the traditionalmethod. Early results on

the novice participants suggested a lower cognitiveworkload perceived throughout the experiment.

A direct comparison with the surgeon’s performance gave an indication that themethod can reduce

variability between surgeons and novices, which makes it desirable for real-world use. Overall, the

teleoperation system proposed provides the possibility to assist the human operator to perform

more efficient gestures with less cognitive workload. This system framework can be expanded

beyond robot-assisted surgery as it can be easily transferred to other any field requiring remote

teleoperation tasks.

We acknowledge that future work should consider larger datasets, as Transformer-based archi-

tectures are inherently data-intensive and their performance typically scales with the amount of

available training data. In the future, a larger sample size will be acquired to analyse the use of

the C-IAC under different parameters, such as different probability thresholds and λ limits. Fur-

thermore, to enrich the environmental information, other data can be provided to the robot (e.g.

contact forces, multi-arm tracking, markless methods, and path planning algorithms) and to the

human (e.g. 3D vision and haptic feedback).
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Chapter 6

Skill Assessment in Robot-Assisted
Surgery

Automated feedback systems in robotic surgery remain a critical challenge in developing

objective skill assessment for training and evaluation. In this Chapter, we investigate the

key criteria to achieve higher performances for predicting the surgical skill level in real-

time based on Objective Structured Assessment of Technical Skills (OSATS) scores. To

accomplish this, we carry out three main analyses focusing on model architecture, real-

time performance, and skill-level-based cross-validation. For the model architecture, we

evaluate the effectiveness of multimodal deep learning models for predicting surgical

skill levels using synchronised kinematic and vision data from the JHU-ISI Gesture and

Skill Assessment Working Set (JIGSAWS) dataset. Our models include separate uni-

modal baselines and fusion architectures that integrate features from both modalities

and are evaluated using mean Spearman’s correlation coefficients, demonstrating that

the fusion model consistently outperforms unimodal models for real-time predictions.

For the real-time performance, we observe the prediction’s trend over time and high-

light correlation with the surgeon’s gestures. For the skill-level-based cross-validation,

we separately trained models on surgeons with different skill levels, which showed that

high-skill demonstrations allow for better performance than those trained on low-skilled

ones and generalise well to similarly skilled participants. Our findings highlight the po-

tential of multimodal learning for fine-grained evaluation of surgical performance and

underscore the value of expert-level training data for model generalisation.

The content from this Chapter is currently under review in IEEE Robotics and Automation Letters

(RA-L): Hu, Z. J., Ranne, A., Abdelaal, A. E., Bhattacharyya, K., Burdet, E., Okamura, A. M., Rodriguez

y Baena, F. “How are my stitches? Model selection and real-time skill assessment for robotic sutur-

ing”.
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6.1 Introduction

Skill assessment in robotic surgery is a critical component in improving surgical training and en-

suring patient safety. With the increasing adoption of robotic systems like the da Vinci surgical

system, there is a growing demand for reliable, objective, and efficient methods to evaluate sur-

gical performance. Traditional approaches to skill assessment rely on post-procedure analysis,

often involving subjective expert evaluations and manual review of recorded data. While these

methods provide valuable insights, they lack immediacy and scalability, making it challenging to

offer real-time feedback to surgeons during procedures.

To address this limitation, researchers have developed machine learning models capable of auto-

matically assessing surgical skill. A widely used resource for training such models is the JHU-ISI

Gesture and Skill Assessment Working Set (JIGSAWS) [42]. JIGSAWS includes multimodal data

captured during robotic surgical tasks, combining synchronised vision and kinematic data streams.

The dataset is widely used as a common standard for investigating surgeon movements during

robotic surgery. However, in the context of skill assessment, the annotations of technical skills

in these kinds of datasets are severely limited due to using a single score per trial. Due to this

constraint, most existing studies have focused on post-hoc analyses that assign a single score

to an entire trial, in contrast to a more granular approach that can provide frame- or window-level

assessments, thereby leaving a gap in the development of real-time evaluation methodologies.

Additionally, the difficulty in recruiting expert surgeons often leads to datasets with participants

of diverse surgical experience, casting doubts over the quality of the data and which users should

be prioritised for training or evaluation [52]. Furthermore, a clear splits exists in the literature be-

tween vision-only and kinematic-only based models, ignoring the potential benefits of multimodal

models.

In this Chapter, we aim to address these gaps by investigating how high-performing skill assess-

ment models can be achieved by conducting three analyses. To assess the model architectures,

we first use different deep learning models commonly used in the literature that are capable of pro-

cessing different data streams for predictions of skill levels during robotic surgical tasks, specif-

ically robotic suturing. To explore the real-time performance, we then observe and highlight key

findings that resulted from the real-time implementation through a manual visual observation of

themodels’ predictions and actual surgeons’ gestures. Lastly, to investigate how the users’ skills in

the dataset can affect the model performances, we implement skill-based cross-validation.

The contributions of this work are as follows: (1) We perform real-time granular skill assessment,

which shifts the paradigm from post-hoc evaluations to real-time feedback mechanisms; (2) We

present a comparative analysis of seven fundamental models using unimodal and multimodal ap-

proaches; (3) We investigate how the surgeon’s skill level can affect the performance of the skill

assessment models.
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6.2 Related Work

Surgical skill assessment has commonly relied on an expert reviewing videos of the surgical task

and manually scoring the performance of the surgeons. Zia et al. [171] highlighted the biased and

time-consuming nature of manual assessments, emphasising the need for automation.

Several approaches have been explored to automate surgical skill assessment. Early methods

used Hidden Markov Models for modeling surgical gestures and classifying skill levels [152]. More

recent studies have applied deep learning architectures, such as convolutional and recurrent neural

networks (CNNs, RNNs), to extract spatiotemporal features from kinematic and video data. For

instance, Zia et al. [171] introduced a feature fusion approach using sequential motion texture,

discrete Fourier transform, and discrete cosine transform to classify skill levels in the JIGSAWS

dataset.

Several studies have also focused on categorical skill classification, grouping surgeons into novice,

intermediate, or expert levels [42, 162]. However, these methods often lack the granularity needed

for real-time, continuous assessment. One of the most widely adopted skill assessment frame-

works is the Objective Structured Assessment of Technical Skills (OSATS), which evaluates sur-

gical performance based on predefined criteria such as respect for tissue, time and motion, and

overall performance which allows a granular study of the surgical skills. Benmansour et al. [13] pro-

posed a Convolutional Neural Network and Bidirectional Long Short-Term Memory (CNN+BiLSTM)

model for predicting OSATS scores directly from kinematic data, achieving state-of-the-art perfor-

mance. However, the use of BiLSTM limits the architecture to only perform post-hoc analysis on

the recorded data. Additionally, many surgical skill datasets provide only a single label for an entire

trial, typically assigned after task completion. While useful for global assessment, this labeling

approach limits the ability to evaluate skill progression throughout the procedure. However, it is

possible to use these trial-level labels to supervise in a finer-grained manner, enabling models to

infer skill continuously over time despite the coarse annotation [57].

This work extends prior research in surgical skill assessment by introducing three primary contri-

butions:

• Performance analysis with different input modalities: We analyse the performances of

models based on different data channels (i.e. kinematics and vision) using Spearman’s cor-

relation coefficient and Root Mean Square Error (RMSE).

• Real-time OSATS Score Prediction: Unlike studies that classify user skills into discrete cat-

egories (novice, intermediate, expert), our approach focuses on predicting continuous OS-

ATS scores in real-time. This allows for a more nuanced evaluation of surgical performance

throughout a procedure.

• Comprehensive Dataset Analysis: Existing studies often apply machine learning models
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without extensive dataset analysis. We conduct a detailed study of the dataset, addressing

potential limitations in the OSATS labels.

Our approach aims to enhance the precision, interpretability, and practical applicability of real-time

surgical skill assessment in robotic surgery training.

6.3 Data Pre-processing

The JIGSAWS dataset is a collection of labeled dry lab tasks performed by 8 surgeons on the da

Vinci surgical system. In this Chapter, we focus on the dataset’s suturing data, as it is a widely

studied and analysed task for state-of-the-art models [50, 61]. The dataset consists of three parts:

kinematic data, video data, and manual annotations. Both the kinematic and video data are cap-

tured at 30 Hz and synchronised. The kinematic data are collected from the da Vinci surgical

system while the video data captures the surgical scene from an endoscopic camera. The dataset

also includes manual annotations for the gesture labels (i.e. the surgical activity performed by the

surgeon in a segment of time) and skill assessments using the OSATS metrics.

6.3.1 Kinematic data

The dataset provides 76 kinematic variables (3 for Cartesian position, 9 for the rotation matrix, 3

for linear velocities, 3 for angular velocities, and 1 for gripper angle, for each manipulator) obtained

from the manipulators of the da Vinci platform: the patient-side manipulators (PSM1 and PSM2)

and surgeon-side tool manipulators (MTM1 and MTM2). These variables can then be used to con-

struct the features. To represent the interaction between two hands, Rakita et al. [120] showed that

it can be achieved using six features which can be computed as scalar-valued features to represent

a single time point:
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(6.1)

where pd
t , q

d
t , p

n
t , and qn

t are the positions and orientations of the dominant and nondominant

hands at time step t, respectively. The six scalar values calculated, as shown in Equation 6.1,

produce relative coordinates (in contrast to absolute coordinate frames): (i) hand offset (distance

between hands), (ii) hand offset velocity (rate of change of hand offset), (iii) translational and (iv)

rotational velocities of the dominant hand, and (v) translational and (vi) rotational velocities of the

Zhaoyang Jacopo Hu Assistance in Robotic Surgery 108



6.3. Data Pre-processing Skill Assessment in Robot-Assisted Surgery

nondominant hand. To account for variations in the kinematic features, min-max normalisation

was then applied to scale the features.

As in Rakita et al. [120], the features st only encode a single, discrete hand pose event. For the real-

time implementation, we set up awindowω withmany such events together in a long concatenated

vector ft to encode motion over time:

ft =

⎡

⎢

⎢

⎢

⎢

⎢

⎣

st−ω
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(6.2)

Each kinematic sequence and corresponding vision frame sequence were segmented using a slid-

ing window approach. A fixed window size ω of 50 time steps with a stride of 10 was selected

to maintain a fine-grained temporal resolution while ensuring overlapping contextual information.

This approach enabled the model to capture temporal dependencies within both kinematic and

visual data streams.

6.3.2 Video data

The video data was preprocessed to ensure consistency and facilitate model training. Each video

was first converted into a sequence of frames extracted at a fixed 30 Hz frame rate to standardise

temporal resolution across all samples.

Each frame was resized to 224×224 pixels to maintain consistency across samples. The images

were converted into tensors and normalised using standard ImageNetmean ([0.485, 0.456, 0.406])

and standard deviation ([0.229, 0.224, 0.225]), ensuring compatibility with pretrained models. Fi-

nally, as mentioned, the frames were organised into fixed-length sequences, with overlapping slid-

ing windows used to preserve temporal continuity and provide context for the model.

6.3.3 OSATS rating for skill evaluation

In the JIGSAWS’s suturing dataset, the surgical skills of the participants are annotated in a standard

way by using a modified OSATS approach. These are six scores manually assigned by a cardiac

surgeon for each trial (“Respect for tissue”, “Suture/needle handling”, “Time and motion”, “Flow of

operation ”, “Overall performance”, and “Quality of final product”), and each rating is scored on a

Likert scale of 1 (Worst) through 5 (Best). In this Chapter, we use the notation OSATSn to denote

the n-th score, and OSATSn-m to indicate a range of scores from n to m, inclusive.

It is important to note that these scores are designed for post-hoc evaluation, which the literature

was limited to due to the single score label per trial. As our aim is to implement a granular prediction

that can be used in a real-time scoring framework, their interpretation must be adjusted to reflect
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the temporal nature of the evaluation. For instance, while “Respect for Tissue” can naturally be

assessed in real-time, “Flow of Operation” should require analysis over a longer time window to

provide meaningful feedback. As such, in the context of real-time scoring, these scores will be

interpreted with respect to the specific time window under consideration.

6.4 Models

In this work, we implement seven machine learning frameworks to investigate the usefulness of

kinematic and video information in skills estimation tasks. Holistically, we have chosen two classes

of architectures, both of which are well studied in the literature, and adapted these to fit the re-

quirements set out (i.e. use of unimodal and multimodal models). The first is the Long Short-Term

Memory (LSTM) approach, where we fed each frame of the kinematic/video sequence window one

by one into the network, thus iteratively generating a score at each instance. The second is the

Transformer approach, where the network predicts the score sequence at once with multi-headed

attention. We will investigate the effect of using each modality individually, as well as the effect of

fusing them together. Henceforth, vision-only and kinematic-only refer to unimodal training of the

models, while fusion refers to the use of both kinematic and video data channels.

All models were trained with mean squared error loss and Adam optimiser, with a learning rate

of 5 × 10−5 for 10 epochs, chosen empirically due to the limited dataset size. Furthermore, we

implemented early stopping that triggers if the validation loss increases for more than 2 epochs.

Both of these measures were designed to reduce overfitting.

In JIGSAWS and derived studies, the two cross-validation techniques used to evaluate the perfor-

mance of models are:

• Leave-one-supertrial-out (LOSO): the model is trained on data from all subjects, but one trial

from each subject is used for validation. The model’s performance is evaluated across all

participant ensuring the robustness of a method.

• Leave-one-user-out (LOUO): the model is trained on data from all subjects except one, which

is used for testing. This process is repeated for each subject, ensuring that the model’s

performance is evaluated with a subject that has not previously been seen in the training

dataset.

We also propose a third cross-validation technique:

• Leave-one-score-in (LOSI): the model is trained on data that includes at least one matching

score among the first three OSATS scores (i.e. ∃i ∈ OSATS1–3 s.t. i = n), namely “Respect

for Tissue”, “Suture/Needle Handling”, and “Time and Motion”. For instance, if a trial has

OSATS1-3 equal to (1, 1, 2), it would be included in the training set for folds corresponding to

scores 1 and 2 but excluded from folds for scores 3, 4, and 5. This approach ensures that
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each fold contains trials with at least one overlapping score, allowing themodel to generalise

across similar skill levels.

In this work, we performed cross-validation in the LOSO, LOUO and LOSI manner, by dividing the

data into windowed folds, leaving one fold out, then evaluating on the rest, and repeating for the

next fold. Data augmentation was not implemented on the video data to avoid distorting or remov-

ing key information from within the frame, such as the suturing needle, the target suturing point,

etc.

6.4.1 CNN-LSTM-V (Vision only)

We begin by performing initial feature extraction on the input tensor of shape (Batch, Channel, Win-

dow Time, Height, Width) via a ResNet-18 backbone, a powerful CNN that specialises in identifying

features at different scales, as it uses square kernels of size 7 and 3 with a high count of learned

filters [54]. This is followed by flattening the 2D feature maps into a single array (Batch, Window

Time, CNN Channel× Height×Width), stacking it along a new dimension, then passing it into 3×

LSTM blocks for themodel to learn temporal dependencies between features. LSTM processes the

features in a sequential manner, reading in the current time stamp and the previous recurrent state,

before generating the current prediction. We picked the LSTM hidden dimension to be comparable

in size to CNN Channel × Height × Width to capture the complexity of the data, but not larger to

avoid making the model too large.

Dropout and batch normalisation were applied to the output of the LSTM to encourage themodel to

utilise its full capacity, and generalise better to unseen data. A bridging linear layer was introduced

to translate the LSTM output to OSATS scores.

6.4.2 LSTM-K (Kinematic only)

In comparison to vision, kinematic recordings have fewer features (18 features for kinematics vs

224 × 224 pixel features for vision). Therefore, the need for complex feature extractors is not

justified. As a result, we passed the windowed kinematic data of shape (Batch, Window Time,

Features) into 3 LSTM blocks to extract temporal features with a hidden dimension size of 128.

This dimension is intentionally larger to increase model complexity. Following the LSTM module,

the output is passed into a linear layer with dropout and batch normalisation to generate the score

predictions.

6.4.3 DualLSTM-F (Fusion)

LSTM focuses on refining outputs over time and distilling data via its gated architecture. Thus, we

have opted to use two LSTMs, one for each type of data, to first generate two time-independent

encoded feature arrays, stacking these along a new dimension, before performing a series of 2D
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convolution with kernel size 2 to condense them further. Finally, a series of fully connected layers

was used to generate the final score.

6.4.4 CNN-V (Vision only)

To benchmark the significance of incorporating temporal information into the model creation, we

also designed amodel consisting of CNN layers alone. Following feature extraction via ResNet, the

feature maps were flattened, then averaged across time, before being passed to a fully connected

layer. We hypothesise that average pooling would have a significant impact on the results, as the

model loses the ability to identify variations, and the ability to highlight key frames/features and

use these critical information to its advantage.

6.4.5 Transformer-V (Vision only)

Transformers capture global information from across the entire input array, even if key information

is sparse. By combining themwith CNN feature extractors, themodel is able to capture both spatial

and temporal features, using the advantages of both methods [31, 121].

As described in the original Transformer architecture [160], the input array is passed to the en-

coder, where self-attention takes place, allowing the model to look for correlations within the array

elements and generate the attention map. Thereafter, cross-attention is performed between the

map and the desired target array during training. While inferencing, the target is then set to zero,

such that the model can generate it. Due to the large number of computations needed to perform

attention, Transformers are known to be computationally intensive, demanding large datasets for

training [18, 31].

In this case, given the absence of a time dependent target array, the Transformer will only consist

of a ResNet-18 feature extractor, with 3 layers (hidden dimension 50) of self-attending encoder

that attends across the time dimension. Two bridge layers, one after the ResNet, and another after

the Transformer are included. The first reduces the size of the feature array in hopes of saving

computational resource, while the second bridges the encoder embeddings with the final score

predictions. In all of our Transformers, we opted for sinusoidal positional encoding to improve

computational efficiency.

6.4.6 Transformer-K (Kinematic only)

The kinematic Transformer consists of 3 simple layers of self-attending layers with a hidden di-

mension of 50, equivalent to that of the sliding window length. Following embedding by self-

attention, the attention map was flattened and linear layers were used to generate the final output

score.

Zhaoyang Jacopo Hu Assistance in Robotic Surgery 112



6.5. Results and Discussion Skill Assessment in Robot-Assisted Surgery

6.4.7 DualTransformer-F (Fusion)

In our fusion Transformer, we incorporate an additional decoder module that cross-attends be-

tween the kinematic and vision features. The intuition behind this decision is that the model may

utilise key frames and features in time from kinematics, identified by two independent self-attention

branches, to assist its decision making in the main branch, which focuses on the video data. As a

result, we selected the query and keys to be the vision encoder output, while the values are drawn

from the kinematic encoder output. The generated attention map from the decoder output is a

sound representation of the key features. Using such information, we hypothesise that the model

will outperform its counterparts that only rely on one data modality.

6.5 Results and Discussion

Using the neural networks architectures described in Section 6.4, we trained models for the robotic

suturing task. A total of three separate analyses were conducted to understand how high perform-

ing skill assessment models can be achieved:

• Model performance analysis thorugh ρ and RMSE: Using all seven models described in

Section 6.4, the average of the mean Spearman’s correlation coefficients and Root Mean

Square Error of all OSATS in each trial is calculated to evaluate models with different input

modalities and compare with the results in the literature.

• Visual highlights of real-time OSATS predictions and correlation with surgical gestures: We

used the single OSATS score per trial provided by JIGSAWS to perform granular predictions

for the entire trial and observed the correlation with surgical gestures. We performed real-

time prediction of the single OSATS score as it is often overlooked in favor of post-hoc eval-

uation. By highlighting potential patterns learned across trials, we aim to extract additional

information from the single label restriction and explore its use for real-time feedback.

Due to computational constraints, we focus on representative kinematic-, vision-, and fusion-

based models (i.e. LSTM-K, CNN-LSTM-V, and DualLSTM-F).

• Analysis of LOSI cross-validation: We performed a validation with the LOSI setup using vision-

only and kinematic-only models to observe learning performance across data with different

user skills. This analysis aims at understanding the quality of datasets that contain different

skilled users, highlighting the most useful data.

The experimental evaluation was conducted by calculating theRMSE values between the ground

truth and predicted OSATS scores and using the Spearman’s correlation coefficient ρ, which is an

evaluationmetric that also provides a check for statistical significance using the p-value. The value

ρ can be within -1 and +1, with a value closer to +1 indicating a stronger correlation between the

predicted and ground truth OSATS.
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6.5.1 Mean ρ and MeanRMSE

By using the cross-validation methods LOSO and LOUO proposed by [42], we compared the perfor-

mances of the models. Table 6.1 shows the results from averaging the mean Spearman’s corre-

lation coefficients and Root Mean Square Error (ρ | RSME) of all OSATS in each trial for all the

suturing dataset. Overall, it can be observed that using video data allows the models to perform

better in both the LOSO and LOUO setups. In particular, in LOSO, models that use video data (i.e.

CNN-LSTM-V, DualLSTM-F, CNN-V, Transformer-V, and DualTransformer-F) can achieve a ρ > 0.8

while keepingRSME ≤ 0.6. LOUO displays a similar trend, with all models trained on video data

performing ρ > 0.6 and RSME ≤ 0.8. The best performing model in LOSO is CNN-V, while

in LOUO is CNN-LSTM-V. Noticeably, CNN-LSTM-V is the second best performing model in LOSO,

while CNN-V is sixth in LOUO. The worst performing models are those reliant solely on kinematic

data (i.e. LSTM-K and Transformer-K), with the worst performing in both LOSO and LOUO being

Transformer-K. Interestingly, while the non-Transformer fusion model (i.e. DualLSTM-F) did not

show improvements with respect to the model trained on vision data only, the DualTransformer-F

improved its performance with respect to the Transformer models trained on video or kinematic

data only.

The results obtained can also be directly compared with those in the literature. Compared to the

study from Zia et al. [171], deep learning models outperformed the use of holistic features in auto-

mated skill assessment, regardless of the cross-validation scheme used. In the LOSO setup, Ben-

mansour et al. showed that their kinematic-only based state-of-the-art model obtained an overall

ρ of 0.65 using CNNBiLSTM. Our results on fusion models then indicate that the adoption of both

video and kinematic data can further improve this performance. Guo et al. [44], which used a vision-

only Transformer model, also shows comparable results for LOSO and LOUO, with ρ of 0.87 and

0.75, respectively. Our results suggest that a fusion with kinematic data could further improve the

performance, especially considering the lower computational demands of kinematic-based mod-

els.

In order to analyse each OSATS more accurately, Table 6.2 presents the model-wise comparison

of performance across six OSATS criteria in LOSO and LOUO using the Spearman’s correlation

coefficient and Root Mean Square Error (ρ | RMSE) checking for statistical significance.

In the LOSO setup, CNN-V, which relies solely on visual input, achieved the highest overall per-

formance, with ρ values exceeding 0.89 in all metrics and a remarkably low RMSE. This sug-

gests that visual cues alone carry rich information regarding skill assessment in suturing. The

CNN-LSTM-V model, which incorporates temporal modeling of visual features, also performed

well, particularly in Time and Motion (0.894 | 0.504) and Suture Handling (0.885 | 0.539), show-

ing that temporal modeling offers benefits over static visual features. Interestingly, the fusion

model (DualLSTM-F), which uses both visual and kinematic data, demonstrated competitive and

consistent performance across all metrics, indicating the advantage of multimodal inputs. All im-
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Table 6.1: Performance comparison for Suturing based on ρ | RSME , using different archi-
tectures and source data under LOSO and LOUO evaluation methods (highest performances
in bold).

Suturing

LOSO LOUO

CNN-LSTM-V 0.861 | 0.516 0.843 | 0.553

LSTM-K 0.642 | 0.887 0.612 | 0.881

DualLSTM-F 0.857 | 0.522 0.671 | 0.698

CNN-V 0.898 | 0.431 0.568 | 0.810

Transformer-V 0.821 | 0.592 0.635 | 0.825

Transformer-K 0.560 | 0.850 -0.0133 | 1.004

DualTransformer-F 0.808 | 0.606 0.654 | 0.758

provements were statistically significant (p < 0.05). In contrast, the LSTM-K model using only

kinematic data showed comparatively lower correlation values across all metrics, suggesting that

visual data plays amore pivotal role under LOSO. Transformer-basedmodels showedmixed results.

The Transformer-V model showed strong performance, e.g. (0.911 | 0.418) in Quality of Final Prod-

uct, though slightly behind CNN-V and fusion models. However, the Transformer-K model again

underperformed, consistent with other kinematic-only approaches.

The LOUO setup, which is generally more challenging due to the higher variance introduced by un-

seen users, resulted in lower overall performance across models. Nonetheless, several models

remained robust. The CNN-LSTM-V model achieved strong performance in most metrics, notably

in Overall Performance (0.925 | 0.415) and Suture Handling (0.888 | 0.536), confirming its gener-

alisation capability. The fusion model (DualLSTM-F) retained moderate performance across met-

rics but did not outperform the vision-based CNN-LSTM-V. The DualTransformer-F model under

LOUO performed relatively well in Suture Handling (0.848 | 0.5642) but struggled in Quality of Final

Product (0.302 | 1.003), suggesting limitations in generalising fusion learning across users. The

Transformer-Kmodel failed to generalise under LOUO, with negative or near-zero correlation across

most metrics (e.g., (-0.2028 | 0.9827) in Quality of Final Product), reinforcing the trend observed in

the LOSO setup.

Overall, models utilising visual data, especially CNN-based architectures, demonstrated superior
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performance across both LOSO and LOUO. Fusion models yielded competitive results, particularly

under LOSO, indicating potential for a multimodal approach. Kinematic-only models consistently

underperformed, and Transformer-based models showed promise but require further tuning and

data to achieve better performance.

Table 6.2: Performance comparison for Suturing based on ρ |RSME , using different archi-
tectures and source data under LOSO and LOUO evaluation methods (highest OSATS perfor-
mances in bold).*p < 0.05

LOSO
Respect for tissue Suture handling Time and motion Flow of operation Overall performance Quality of final product

CNN-LSTM-V 0.8118 | 0.515 0.885 | 0.539 0.894 | 0.504 0.870 | 0.494 0.872 | 0.508 0.836 | 0.534

LSTM-K 0.594* | 0.837 0.612* | 0.970 0.674* | 0.971 0.699* | 0.820 0.678* | 0.890 0.597* | 0.821

DualLSTM-F 0.852* | 0.496 0.831* | 0.612 0.854* | 0.538 0.863* | 0.483 0.845* | 0.575 0.894* | 0.403

CNN-V 0.893* | 0.392 0.897* | 0.425 0.899* | 0.460 0.900* | 0.423 0.867* | 0.508 0.929* | 0.363

Transformer-V 0.766* | 0.583 0.825* | 0.573 0.809* | 0.699 0.791* | 0.621 0.822* | 0.624 0.911* | 0.418

Transformer-K 0.558* | 0.848 0.638* | 0.893 0.559* | 0.902 0.481* | 0.811 0.521* | 0.849 0.605* | 0.791

DualTransformer-F 0.773 | 0.590 0.865* | 0.540 0.770* | 0.733 0.819* | 0.574 0.785* | 0.639 0.835* | 0.539

LOUO
Respect for tissue Suture handling Time and motion Flow of operation Overall performance Quality of final product

CNN-LSTM-V 0.729* | 0.667 0.888* | 0.536 0.848* | 0.573 0.861* | 0.534 0.925* | 0.415 0.806* | 0.565

LSTM-K 0.520* | 0.881 0.645* | 0.976 0.513* | 0.964 0.638* | 0.801 0.688* | 0.895 0.660* | 0.744

DualLSTM-F 0.814* | 0.578 0.694* | 0.741 0.619* | 0.766 0.572* | 0.718 0.700* | 0.633 0.629* | 0.735

CNN-V 0.713* | 0.703 0.624* | 0.854 0.500* | 0.929 0.488* | 0.810 0.668* | 0.700 0.417* | 0.837

Transformer-V 0.647* | 0.712 0.705* | 0.892 0.695* | 0.730 0.617* | 0.761 0.657* | 0.730 0.492* | 1.065

Transformer-K -0.167 | 0.970 0.192 | 1.074 0.101 | 1.057 -0.034 | 0.940 0.031 | 0.996 -0.203 | 0.983

DualTransformer-F 0.731* | 0.727 0.848* | 0.564 0.679* | 0.750 0.638* | 0.757 0.725* | 0.680 0.302 | 1.003

6.5.2 Real-time OSATS predictions

To further illustrate the typical temporal behavior of the models, we visualise the real-time predic-

tion trends with two representative trials in Figure 6.1. Across both trials, the fusion model demon-

strates consistently more stable and accurate predictions compared to unimodal baselines. In the

first trial, the fusion outputs closely follow the ground truth labels, even in gesture-rich segments

involving frequent transitions between G2, G3, and G6. While the kinematic model exhibits high

variance and the vision model tends to underestimate, the fusion model smooths over these vari-

ations, suggesting it effectively utilises complementary cues from both modalities.

The benefits of fusion become even more evident in the second trial. Here, the kinematic model

again produces noisy predictions, particularly during prolonged pulling (G6) and pushing (G3) phases,

where the amplitude fluctuates. The vision model, while smoother, remains insensitive to certain

transitions, leading to flattened predictions across gestures. In contrast, the fusion model main-

tains a higher alignment with the ground truth and adapts more sharply to gesture changes.

These qualitative results support our quantitative findings and highlight the robustness of the fu-

sion model in dynamic surgical scenarios. The model’s ability to maintain label alignment and

smooth fluctuations in real time suggests strong potential for future applications in surgical skill

monitoring and intraoperative feedback systems.
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Figure 6.1: Real-time prediction of OSATS scores for two representative sample subjects.
Each subplot corresponds to a different OSATS1-3 component, where the x-axis denotes time
and the y-axis reflects the prediction scores. The lines represent the ground truth label, and
the predictions from the kinematic-only-basedmodel, vision-based-only model, and the fusion
model. The background is segmented with colored bands indicating the active gesture label
G as provided by JIGSAWS, providing contextual cues from the temporal evolution of surgical
gestures.

Additionally, we observed a recurring pattern, where the kinematic model exhibits sharp upward

spikes while the vision model simultaneously shows prediction drops, especially during segments

labeled as the pulling gesture (G6). This divergence can be attributed to the different sensitivities

of each modality. From the kinematic perspective, the pulling motion is relatively smooth and may

be interpreted as skillful, leading to higher predicted scores. However, the vision model captures

more context: as the needle is pulled through tissue, the skin is often visibly displaced or stretched,

sometimes excessively as shown in Figure 6.2, which introduces a perceived risk of laceration. The

vision model appears to correctly associate this with a decline in performance quality, hence the

drop in its prediction. This highlights the value of visual input in capturing subtle but clinically

relevant indicators of technique that purely motion-based data might miss.

6.5.3 LOSI analysis

While LOSO and LOUO are used in the literature for intra-task generalisation [56], we proposed the

LOSI cross-validation to analyse the learning of skill levels within the JIGSAWS suturing dataset.

The motivation of this section lies in the significant limitation in surgical datasets concerning the

diversity and imbalance of participant expertise within such data. Recruiting expert surgeons is

difficult, often resulting in datasets that contain a broad range of skill levels. This raises concerns

about the reliability of labels and the influence of user skill level on model performance [52]. To

investigate this, we focus on skill-level-based cross-validation, examining how models trained on

participants of varying expertise perform and generalize across different user groups. The LOSI

approach allows the investigation of skill structures within the suturing and prioritises data from
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Figure 6.2: Gesture G6 (Pulling) in JIGSAWS’s trial. As the needle is pulled out, the tissue is
visibly torn (highlighted in red).

datasets during training for optimal model training. This analysis approach relies on the idea that

datasets may be imbalanced, potentially reflecting the difficulty of recruiting expert surgeons or an

over-representation of novice participants and that, as robotic surgery becomes more widespread,

larger datasets will need prioritisation of the most useful data.

We apply LOSI cross-validation, where themodel is trained on trials that share at least one common

score among the first three OSATS dimensions (i.e. OSATS1-3). Essentially, we train a model on

trials that contain a given score in any of the first three OSATS parameters, and evaluate it on the

remaining trials, while testing on trials that have all same values in OSATS1-3. We plot theRMSE

performance of the five resulting models across these conditions to assess generalisation across

skill levels. Figure 6.3 and Figure 6.4 present the results obtained using the kinematic and vision-

basedmodels, respectively. Themotivation for training on trials that contain a given score in any of

OSATS1-3, rather than requiring all three to match, is that scores typically cluster closely for a given

participant. This setup helps to maximise training of participants’ trials and account for potential

reviewer bias, as evaluators often assign similar scores across categories.

The trends that can be extracted from the results indicate that models trained on trials with a score

of 1 in OSATS1-3 perform the worst, struggling to generalise to participants with higher skill levels.
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Figure 6.3: Results from LOSI cross validation using kinematic-only model LSTM-K with test-
ing on OSATS1-3 = [n, n, n].

Interestingly, this is not true formodels trainedwith a score of 5 in the first three OSATS dimensions,

which instead generalise effectively on participants with similar skill level, with the performance

declining with participants of lower skill level. As the result is true for both models trained on kine-

matic and video data, this suggests that the skill level is detectable in both information channels

and that data from higher skill level users have greater importance for skill level detection. This is

likely due to the fact that robotic suturing requires a structured and consistent gesture pattern that

is encoded in participants with a high skill level. This likely reflects the lack of consistent patterns

in low-skill performances. However, as even low-skilled participants (except those with OSATS

equal to 1) showed a similar trend, this indicated that even moderate skill levels exhibit structured

gestures that models can learn from. An additional general trend shows that models trained on

adjacent skill levels tend to better predict intermediate trials, with those trained on higher scores

often outperforming those trained on lower ones, with the model trained on OSATS1 always scor-

ing the worst. For instance, in the kinematics result (Figure 6.3), for trials with OSATS1-3 scores of

3-3-3, the model trained on score 4 yields betterRMSE than the one trained on score 2, followed

by models trained on 5 and then 1, resulting in a performance order of 4 > 2 > 5 > 1.
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Figure 6.4: Results from LOSI cross validation using vision-only model CNN-LSTM-V with
testing on OSATS1-3 = [n, n, n].

6.6 Conclusions and Future Work

This Chapter explored real-time surgical skill assessment by developing unimodal and multimodal

models that integrate kinematic and video data. To understand how performance can be enhanced

for OSATS predictions in a real-time setup, we investigated: (1) the use of deep learning architec-

tures with different data channels, (2) real-time prediction correlation with surgeons’ gestures, and

(3) cross-participant generalisation across different skill levels.

The results provide insight into the effectiveness of multimodal models for assessing surgical skill

using both kinematic and video data. Quantitatively, the mean Spearman correlation coefficients

demonstrate that fusion models are more consistent than unimodal architectures, suggesting that

combining visual and motion cues provides a more robust representation of surgical performance.

Notably, models trained on trials labeled with higher scores in OSATS1-3 generalise better across

participants, while those trained on low-skill examples perform poorly, likely due to a lack of struc-

tured gesture patterns in novice executions.

Real-time prediction analysis further supports these trends. Visualisation of trials’ performances

shows that the fusion model yields smoother and more accurate temporal predictions, closely

aligning with ground truth labels. These predictions are more stable and context-sensitive, partic-

ularly during gesture transitions. Interestingly, we observe gesture-specific behaviors: kinematic
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predictions often spike during pulling gestures, while vision predictions dip, indicating that, while

motion data may interpret pulling as smooth and high-skill behavior, visual input can capture risky

tissue deformation missed by kinematics alone.

Our LOSI results show that models trained with the lowest score trials (i.e. score 1) perform poorly

when predicting higher-skill trials, highlighting the limitations of learning from under-performing

demonstrations alone. In contrast, models trained on any higher scores generalise better to neigh-

boring and lower scores. This suggests that using data from participants with at least some degree

of proficiency ismore beneficial than relying solely on those with the lowest skill level, underscoring

the importance of including skilled individuals in training datasets. We also observe that trials with

certain scores are best predicted by models trained on adjacent scores, with models trained on

higher scores generally outperforming those trained on lower ones. This suggests an asymmetry

in generalisation: high-skill demonstrations offer richer learning signals for cross-level prediction

than low-skill ones. These findings emphasise the importance of balanced training sets that in-

clude mid-to-high scoring trials, especially in automated skill assessment systems. Furthermore,

these findings also help support the development of frameworks aimed at establishing paradigms

for predicting surgical performance and patient outcome [94]. It is worth noting that some of these

observations might be dataset-specific due to the dataset’s size. The small dataset size restricts

the model’s capacity to generalize and may result in suboptimal performance or overfitting. De-

spite this limitation, we aimed to evaluate the model’s feasibility and preliminary performance on

the available data and futureworkwill focus on larger datasets to fully leverage the representational

power of Transformer architectures and achieve more robust and generalizable results.

There are several avenues that can be addressed in future works. The single-label-per-trial an-

notation setup limits temporal resolution and introduces potential biases from subjective expert

scoring. Future work should involve more granular annotations, for instance, surgeon-provided

scores for every 10 seconds window, to better evaluate the temporal validity of real-time predic-

tions. Additionally, the suturing dataset size restricted our analysis primarily to the first three OS-

ATS dimensions. As larger, more diverse datasets become available, future models should aim

to predict all six OSATS dimensions and explore differences between annotators to mitigate label

bias.
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Chapter 7

Conclusions

This thesis has investigated advanced human-robot cooperation strategies for teleoperating the

dVRK, with the goal of enhancing assistance for the human operator to achieve high performance

and low perceived workload. A range of paradigms were explored, progressing from shared to su-

pervisory and assisted control systems, each building on insights from the previous to design a

high-performing system framework. Chapters 3, 4, and 5 addressed distinct control frameworks

that progressed through the full spectrum of autonomy, from predefined subtask sharing to dy-

namic role switching and predictive assistance, highlighting key aspects for developing an effective

controller, such as continuous adaptation, real-time assistance, and use of expert demonstrations.

These studies demonstrated how autonomy can be utilised to improve surgical task performance,

reduce user workload, and adapt in real-time to user intent and behavior. Chapter 6 expanded

the scope from assistance to assessment, providing a deep dive into automated skill evaluation

in robotic surgery using multimodal data and deep learning. Through this investigation, we iden-

tified the architectural, data-driven, and validation choices that most impact model performance

and generalisation. Together, these Chapters present a comprehensive framework for both aug-

menting and evaluating surgical performance in robotic-assisted procedures. In this final Chapter,

we summarise the main contributions of each chapter, reflect on the broader implications of this

work, discuss remaining limitations, and propose directions for future research in cooperative and

intelligent surgical systems.
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7.1 Summary of Thesis Achievements

In Chapter 3, a shared control framework for human-robot cooperative surgery was developed us-

ing inverse reinforcement learning and evaluated in the bimanual peg transfer task. The task was

segmented into subtasks assigned either to the human or the autonomous agent, allowing the

robot to handle relocation movements while the human retained control over physical interactions.

The agent was trained using EG MaxEnt IRL, enabling it to learn movement strategies from an

expert demonstration. Experimental results demonstrated that shared control significantly out-

performed manual teleoperation across multiple metrics. Participants achieved more successful

peg transfers under shared control within the same time period. Task completion times were also

significantly reduced and performance variability between trials decreased, indicating improved

consistency. Subjective workload assessments showed reduced mental and temporal effort, and

participants reported feeling more in control when collaborating with the autonomous agent. Eye-

tracking data supported these findings, revealing shorter fixation durations and higher saccade

frequencies under shared control, indicators of reduced cognitive demand. These results demon-

strate the effectiveness of integrating human-robot cooperation frameworks to improve surgical

performance and reducing user workload by maintaining surgeon engagement while offloading

routine operations to the robot.

In Chapter 4, we explored a further type of control framework: supervisory control. A novel priority-

changing control strategy was developed and evaluated to enhance human-robot cooperation dur-

ing surgical tasks. This approach allowed dynamic adjustment of control authority between a

human operator and an autonomous agent depending on the robot’s deviation from the agent’s

planned trajectory. The new reinforcement learning method tGAIL was proposed to improve the

agent’s generalisation and robustness from 10 expert demonstrations. Experimental results demon-

strated the effectiveness of this approach through both simulation and real-world user studies us-

ing the dVRK. In simulation, supervision control consistently outperformed segmented and fully

manual control, achieving faster task completion and lower reported mental and physical work-

load. These trends were confirmed in real-world experiments, where supervision control required

the least human input, minimised clutch usage, and delivered the highest user satisfaction. Users

generally preferred supervised control for its reduced effort and improved performance, although

some noted occasional conflicts with the agent’s decision-making. Overall, Chapter 4 concludes

that the proposed control strategies, especially the supervised mode, significantly enhance effi-

ciency, reduce user effort, and are well-received by novice users. These findings reinforce the po-

tential of human-robot cooperative teleoperative controllers that integrate an agent that can inter-

vene with continuous actions in both the state and action spaces, and suggest that such methods

can be further extended to more complex procedures like suturing. The subsequent Chapter builds

directly on these findings.
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In Chapter 5, we developed a system based on the assisted control framework. A novel control

framework was introduced for bimanual robotic suturing that combines high-level gesture recogni-

tion with a low-level confidence-based intent prediction. The system utilises a Transformer model

for real-time gesture classification and a C-IAC to dynamically combine the system’s confidence in

its own sensory inputs with the operator’s predicted intentions. This dual-layered approach allows

the robot to support the user by anticipating their actions and adjusting assistance accordingly,

particularly during tasks affected by visual occlusion or teleoperation delays. Experimental evalua-

tions demonstrated that C-IAC significantly improves suturing performance compared to traditional

teleoperation. Across both novice and more experienced participants, the system led to reduced

task completion times, lower perpendicularity errors during needle insertion, and decreased cog-

nitive workload.

To further investigate the use of AI in robot-assisted surgery, in Chapter 6, a studywas conducted to

understand the key factors for high performing real-time surgical skill assessment (OSATS scores)

using deep learning models. To achieve this, three main analyses were conducted. Firstly, deep

learning frameworks used in the literature were compared to understand the performance differ-

ences according to architecture and data channel (i.e. kinematics, vision, or fusion). Then, the

real-time predictions of the OSATS scores were displayed and visually analysed for correlation with

performance and surgeon’s gestures. Lastly, a user-skill-based cross-validation method was used

to determine the most influential data in the dataset. The study demonstrated that multimodal

models, particularly those trained on high-skill data, outperformed unimodal ones and generalised

better to users of higher skill levels. These findings reinforce the value of expert demonstrations in

training effective assessment models. The work shows that automated skill assessment benefits

from both data fusion, particularly video data, and a dataset with high-skilled participants.

7.2 Limitations

The work on this thesis investigates the human-robot cooperative controllers starting from shared

control, to supervisory control, and to assisted control in Chapters 3, 4, and 5, respectively. Each

Chapter presented has specific limitations which are generally addressed in the next by building

on prior findings.

One key limitation of the shared control framework presented in Chapter 3 is its reliance on fixed

task segmentation. While this method effectively divides control between the human operator and

the autonomous agent, it lacks adaptability to real-time context changes. Surgical procedures are

inherently dynamic and may require fluid transitions in control authority based on the patient’s

condition, surgeon intent, or unexpected complications. The Chapters 4 and 5 tackle precisely this

limitation, allowing the robot to dynamically interact with the surgeon. Another limitation concerns

the autonomous agent used, which is based on the EG MaxEnt IRL approach. While this method
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showed promising results in capturing strategy, its discrete actions and limited training data can

hinder generalisation to alternative or more realistic trajectories. The framework also does not

account for inter-user variability or incorporate mechanisms to adapt the agent to specific surgeon

behaviors over time, which would be crucial in a clinical setting.

The approach described in Chapter 4 introduces a more flexible control scheme by allowing dy-

namic priority adjustment between human and agent. However, this flexibility also introduces new

challenges. In particular, the supervision mode occasionally resulted in control conflicts, where

the user and the agent issued competing commands. This conflict not only affected task fluency

but also led to inconsistent experiences among participants. A further limitation lies in the partic-

ipant pool used for the user studies. All participants were novices with no prior experience using

surgical robots. While this choice helped highlight the accessibility and potential of human-robot

cooperative frameworks for new users, it limits the applicability of findings to trained surgeons.

Experienced users may interact with the system differently, and their feedback could surface more

nuanced issues related to control authority, timing, and task execution. As such, Chapter 5 involved

more surgical professionals to validate the system.

A primary limitation of the proposed system in Chapter 5 lies in its reliance on the pre-trained ges-

ture recognition model to detect high-level operator gestures. While the Transformer-based classi-

fier achieved good accuracy during validation, its real-time performance was lower due to domain

shift. Specifically, the model was trained on data from a different user than those participating

in the experiments. This suggests that classification accuracy may degrade when generalising to

new users or variations in movement patterns. A second limitation regards the user studies, which

were conducted in controlled settings with phantoms and a limited participant pool, mostly com-

posed of novices. While this helped assess the usability and learning curve of the system, it limits

the generalisability of the results to expert surgeons or real clinical settings.

Finally, the main limitation of the work in Chapter 6 is the reliance on trial-level OSATS scores for

supervision, while the model operates at a frame level. This mismatch in granularity can affect the

precision of training and evaluation, especially when short segments do not reflect the overall trial

score. Additionally, some models, such as Transformers, require large amount of data to achieve

high performance, while the dataset from JIGSAWS constitutes a relatively small sample size with

39 trials.

7.3 Further Work

The work in this thesis represents a step towards the implementation of human-robot cooperation

in robotic surgery but several challenges need to be addressed for future clinical adoption.

Future research should focus on enhancing the adaptability of the control framework presented

in Chapter 3 by incorporating real-time intent recognition and context-aware task segmentation.
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This would allow the system to dynamically shift control between human and agent, generalising

to more tasks. Another important direction is to validate the framework in more complex and clin-

ically relevant tasks, such as suturing, similar to Varier et al. [158]. These tasks involve greater

variability in movement and timing, presenting a more rigorous test of shared autonomy. Integrat-

ing multimodal sensing, such as vision and force, could also enable the system to operate in a

richer perceptual space, improving its utility and safety in real surgical procedures.

Chapter 4 showed that controllers that can provide continuous assistance, as in supervision con-

trol, enable better performance than discrete approaches. Building on the promising results of

the dynamic priority-changing control approach, future work should explore personalised control

strategies that adapt to individual user behavior and skill level. Incorporating user modeling or

adaptive autonomy could help resolve conflicts observed in supervision mode by adjusting control

authority more intelligently. Additionally, integrating trust estimation or confidence metrics may

enable smoother and more intuitive collaboration between human and agent, as done in Chapter

5. Further validation is needed with expert surgeons, expanding the evaluation beyond peg transfer

which will provide more insights into the method’s generalisation and effectiveness.

To extend the capabilities of the C-IAC framework presented in Chapter 5, future work should ex-

plore its application integrating richer sensory feedback, such as force sensing or 3D vision, which

could improve the confidence estimation mechanism and allow the robot to operate with higher

autonomy. Another critical direction involves personalising the system to individual users. By mod-

eling user-specific intent patterns and learning adaptive thresholds for confidence λ, the control

framework could offer more intuitive and seamless support. Expanding the dataset with a larger

and more diverse group of users, including experienced surgeons, would also help refine gesture

classification and better assess generalisation.

Finally, to address the granularity mismatch identified in Chapter 6, future work should focus on

collecting or generating finer-grained labels, such as gesture-level or frame-level skill annotations.

These would provide more accurate supervision signals aligned with the model’s temporal reso-

lution and improve the system’s ability to offer precise, real-time feedback during surgical tasks.

Future efforts should also explore larger-scale data collection and incorporate data augmentation

or synthetic data generation. Architectures like Transformers would then be able tomodel complex

temporal and multimodal patterns in the surgical data.

In conclusion, by spanning shared, supervisory, and assistive control systems, and integrating real-

time skill assessment, the work in this thesis proposed intelligent systems in human-robot collab-

oration frameworks that can effectively support surgical tasks without compromising the surgical

workflow. These findings not only advance the technical capabilities of surgical platforms but also

underscore their potential to implement automation, reduce workload, and promote safer, more

efficient procedures. The impact of this work can extend to the autonomous assistance in other

safety-critical domains, most notably autonomous driving [8], which has already demonstrated
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how adaptive autonomy, multimodal sensing, and continuous intent prediction can be deployed at

scale. As robotic surgery continues to evolve, such systems lay a strong foundation for the next

generation intelligent assistance in surgical settings.
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