
 
 

 

 

 

This thesis has been submitted in fulfilment of the requirements for a 

postgraduate degree (e. g. PhD, MPhil, DClinPsychol) at the University of 

Edinburgh. Please note the following terms and conditions of use: 

• This work is protected by copyright and other intellectual property rights, 

which are retained by the thesis author, unless otherwise stated. 

• A copy can be downloaded for personal non-commercial research or 

study, without prior permission or charge. 

• This thesis cannot be reproduced or quoted extensively from without 

first obtaining permission in writing from the author. 

• The content must not be changed in any way or sold commercially in 

any format or medium without the formal permission of the author. 

• When referring to this work, full bibliographic details including the 

author, title, awarding institution and date of the thesis must be given.



Learning human-like skills

for cutting soft objects

using force sensing
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Abstract

This thesis investigates the application of force sensing to learn robotic cutting of soft

objects.

The automation of deformable object cutting is a promising prospect for many import-

ant areas, ranging from the food processing industry to soft tissue surgery. However,

the remarkable robustness with which humans perform these tasks is far beyond the

capabilities of current robotics. Humans achieve this robustness by employing various

cutting strategies that rely on tactile feedback. This thesis investigates these abilities,

ways of sensing and modeling these, and approaches to exploit these for robotic

cutting, through four key research contributions.

The first formulates and confirms the hypothesis that forces play a key role in the

robustness of cutting skills. This study investigated the human skills of scooping a

grapefruit with a knife. The insight behind the hypothesis is that humans guide the

knife’s movement using tactile cues that arise at the pulp/peel interface. Experiments

conducted in this thesis indicate that similar torque-based movement adaptation is an

effective strategy in robotic grapefruit scooping. The proposed method can be used

in many practical applications where cutting along the medium boundary is required;

for example, in surgical excision of solid tumours within soft tissue.

A second study considered the practical implementation of robotic cutting systems

that must account for a number of constraints. In many cutting tasks, the required

adaptation of cutting movement is subject to a non-holonomic constraint that restricts

the lateral motion of the blade. This makes it difficult to encode cutting motions using

dynamical system-based methods, such as dynamical movement primitives (DMPs),

otherwise well suited for learning complex reactive behaviours. The non-holonomic

DMPs proposed in this thesis introduce a coupling term derived by the Udwadia-

Kalaba method that guarantees run-time satisfaction of a wide range of constraints,

including non-holonomic. We demonstrate how this approach can be applied to learn

robotic cutting skills from demonstration.

iii



A third study on the role of forces in surgical excisions has shown that the force

modality contains valuable information for skill understanding. It was found that in-

cision forces consist of subject-specific signatures that reflect excision assessment

by experts. We proposed a generative model of excision forces, which decomposes

cutting behaviour into amplitude and temporal components that encode meaningful

characteristics of the observed behaviour. Along with a novel sensorised instrument

developed for this study, this model can form the basis for surgical training systems

with objective skill assessment and opens up many opportunities for learning human-

like robotic excision of soft tissues.

Finally, these approaches were combined for learning human-like robotic elliptical

excision skills, following an approach using the previously developed sensorised in-

strument and the model of elliptical excision forces. We introduced a generative model

for pose trajectories of the blade in the elliptical excision task and used it to encode

the observed excision behaviours. We demonstrate how the proposed model of ex-

cision forces can be employed to optimise the robotic behaviour with respect to the

performance assessment of experts and the desired human-like characteristics of

cutting forces.

This work let us analyse complex cutting tasks, techniques and skills from human

demonstrations. Such analysis can lead us to understand better what underlies these

skills in humans and how these can be replicated by a robot.
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Lay Summary

A better understanding of what underlies the skill of cutting soft objects is critical for

many important areas, ranging from surgical training to automation of kitchen tasks.

Humans demonstrate remarkable robustness in cutting despite the overwhelming

complexity of physical processes involved. This raises the question of how this reliab-

ility is possible, given the seeming absence of a detailed physical model of material

deformation and separation processes.

This thesis investigates complex cutting behaviours in humans and explores the po-

tential to replicate these on a robot. Specifically, we study the role of force sensing in

shaping these behaviours. In the first part of the thesis, we focus on decomposing

cutting movements into fixed and adaptive components and explore how to learn

these from demonstrations. This lets us to endow the robot with human-like movement

adaptations in cutting tasks involving complex trajectories.

In the second part of the thesis, we look into latent characteristics of cutting forces

observed in human-executed cutting tasks. This enables us to model these tasks in

terms of the blade-object interaction forces and characterise the individual perform-

ances from force measurements. In the context of task automation, we show how

such characterisation can be applied for optimising the robotic cutting movements to

achieve the human-like characteristics of task execution. This has particular relevance

in surgical robotics and the field of robot-human interaction.
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6.1 The proposed framework to generate human-like excision behaviours op-
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Chapter 1

Introduction

1.1 Preface

Humans demonstrate impressive object-to-object manipulation skills thanks to dex-

terous hands and the ability to learn using them. This unique set of features led

early humans to create new tools from existing ones while perfecting manual skills

to operate these. In this thesis we focus on the automation of cutting skills, one of the

oldest tool-using skills applied by humans [7]. More specifically, we study the skills

of cutting soft objects, which remain relevant to this day in activities like cooking or

surgery.

The cutting tasks studied in this thesis can be defined as the controlled separation

of soft objects using a blade. However, the simplicity of this general definition can

be deceptive. The automation of cutting soft objects is an extremely challenging

task. It involves a complex interplay between nonlinear deformation and fracture –

physical processes that are extremely difficult to model accurately or efficiently. On

the other hand, it seems highly unlikely that humans rely on high-fidelity models

of these processes when using knives. While apparent skill demonstrated by chefs

or surgeons requires years of systematic practice, even the least trained of us will

outperform almost any robot at neatly cutting regular food items like cheese.

When faced with the task of making a clean cut with a blade, humans employ various

strategies to handle large deformations and cutting resistance of soft objects. These

involve tool manipulation strategies, such as modulation of the cutting motion, and

direct manipulation of the object by a non-dominant (guiding) hand to control the

deformation via shear strain. In this thesis, we focus on the former.

1
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(Straight cut) (Curved cut) (Slicing)

(Scraping) (Scooping) (Piercing)

Figure 1.1: Various types of cutting motion. Images adapted from [5].

The development of tool-use strategies went hand-in-hand with the evolution of cutting

tools. The sharp edge of fractured siliceous rocks allowed early humans to amplify

the pressure applied by hand. However, it is the introduction of a handle that enabled

the variety of possible grips for precision and control. The ulu knife [8] used by the

Inuit is a great example of how cutting techniques exploit the design features of the

tool. The distinct curve of the blade with a handle located above it concentrates the

applied force at a small region of the blade, making it highly effective for chopping

and slicing through a gentle rocking motion. Another example is a conventional knife

with a pointed single-side blade that enables various cutting actions beyond slicing,

such as piercing, picking and scooping – all can be performed with great precision

and power [9].

We use various types of knives in our everyday lives: paring knives, bread knives,

meat knives, etc. Each tool employs a distinct cutting technique (Fig. 1.1). For ex-

ample, we use a serrated knife with a gentle sawing motion when cutting crusty bread.

When chopping harder vegetables, we use a cleaver with a downward force applied

on the back of the blade. This repertoire of cutting techniques is among the basic

manual skills that most of us possess.

One point to observe is that a considerable part of cutting behaviour is anticipatory –

we prescribe a particular cutting strategy before committing to cutting action, based

on an anticipated blade-object interaction [10]. At a high level, the physical properties

of an object to be cut dictate the type of knife to be used, and in turn, the choice

of the knife determines the cutting technique. The tool’s design and its relation to
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the intended technique can offer valuable insight into a better understanding of the

skill required for the task. In the context of task automation, we should leverage the

knowledge encoded in the shape and kinematics of the tool, as well as the set of

motions that form a technique.

Another part of the cutting behaviour is reactive. When cutting, we respond to sensed

cutting forces by actively adjusting the blade’s orientation or employing additional cut-

ting movements. Even in the simple straight cut (Fig. 1.1), where the primary motion

involves pushing the knife downwards, a minor change to the blade’s orientation can

significantly affect the cutting forces. For example, tilting the blade will introduce a

longitudinal motion component which effectively lowers the cutting forces [11, 12] –

this mechanism forms the basis for slicing techniques, which we will discuss in the

next chapter.

1.1.1 Human-like cutting

Cutting skills observed in humans set an excellent reference for desired robotic be-

haviour. When we observe a chef or a surgeon at cutting, we can highlight the con-

fidence of execution as we notice the apparent consistency, stability and predictability

of the movements. One can also emphasize the efficiency of the cutting – the blade

is manoeuvred with intent, and the cut is achieved with ease and with no wasted

effort. Professional cutting is fluid and responsive – movement adjustments are subtle,

judicious and timely. Because of the measured and careful trajectories, professional

cutting appears safe.

These characteristics are highly desirable for robotic cutting skills in many practical

applications. For example, future human-robot cooperation in the operating theatre or

domestic settings will depend on organic, legible and predictable interaction between

humans and machines [13,14]. An accurate model of human behaviour plays a crucial

role in shared control systems, where a human operator is guided by a robot [15].

Most importantly, human-like robotic cutting behaviour is critical for ensuring safe and

appropriate tool-tissue interaction in surgery [16].
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There are two challenges associated with recreating human-like cutting in robots.

First, defining and measuring the behaviour characteristics that reflect the skill is

challenging. Despite the apparent necessity, the objective assessment of manual sur-

gical skills remains largely elusive. The lack of universal metrics and the discrepancy

between expert ratings are among the major obstacles yet to be overcome. Second,

even if we can define and measure the human-likeliness of behaviour, it is not clear

how to replicate this in a dynamic and highly uncertain environment.

This thesis explores how we can capture characteristic features of human-like blade-

object interaction in cutting tasks. This leads to the analysis of the blade motion and

the cutting forces exhibited in human demonstrations. We draw our attention to the

internal structure of the cutting techniques applied by humans and raise the questions

of what characteristics shape the cutting skills in humans, and how we can endow

robot behaviour with these.

1.1.2 Composition of cutting behaviour

As discussed above, cutting behaviour in humans consists of anticipatory and reactive

components. Fig. 1.2 shows the typical movements applied when cutting various

kinds of cheese. In each case, the cut is achieved by moving the blade down through

the cheese until it touches the chopping board. However, to minimize the deformations

and cutting resistance, the movement is modulated to utilize the slicing effect [11]. In

some cheeses with dominant viscoelastic properties, the cutting rate can drastically

affect its mechanical response. While these properties can be anticipated, the actual

response is extremely hard to predict. The neat cut, therefore, relies on reactive

movement adjustments based on visuotactile feedback.

A similar mechanism is employed when scooping a grapefruit. Regardless of the geo-

metry of the fruit, this type of cut is achieved by following a typical scooping motion.

Because of visibility constraints, the movement is guided by tactile cues. The scooping

motion proceeds until the hand senses a sudden increase in the cutting forces, which

prompts the immediate blade’s reorientation. Humans can actively adjust the knife

based on the sense of touch without damaging the fruit or thrusting the blade inside

the peel.
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Figure 1.2: Various types of cheese and their cutting strategies. Firm cheeses, like
Manchego, can be cut by simply pressing the blade downwards (top row). For cutting
semi-soft cheeses, like Tomme, the deformations are compensated by applying a
slicing-like movement (middle row). Softer cheeses with distinct viscoelastic proper-
ties, like Halloumi, are highly deformable and require dynamic adaptation of cutting
movement for neat separation (bottom row). Screenshots from [6].

This thesis proposes the decomposition of these cutting movements into nominal

(anticipatory) and adaptive (reactive) movement components – chapters 3, 4 and

6 build upon this idea. Fig. 1.3 shows the movement composition of curved and

scraping cuts. The nominal component implements the baseline motion that achieves

the cut along the desired trajectory, whereas the adaptive movement improves the

robustness and efficiency of the cutting process. In general, these motion components

act along different degrees of freedom. For example, the nominal cutting movement

in the curved cut follows the desired cutting path by translating the knife along the

normal axis and rotating about the longitudinal axis (roll). In response to the sensed

cutting forces, the cutting is assisted by active modulation of the inclination angle

(pitch) and the cutting depth (translation along the longitudinal axis).

These components of cutting motion are constrained. Depending on the type of cut-

ting technique, the blade can favour one movement and discourage the others. In

most cutting tasks, the movement is aligned with the direction of the least cutting

resistance. When slicing, it is typically avoided to move the blade in the pure lateral
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Figure 1.3: Decomposition of a cutting motion into nominal and adaptive components.

direction or to turn the knife on the spot. In other scenarios, the side of the blade

can be leveraged to displace the offcut (e.g. in scooping) or to maximize the contact

region (e.g. in scraping). We will return to this important subject in Chapter 4, where

we investigate the non-holonomic nature of cutting motions in more detail.

The composition of cutting motions and the implicit relation between the blade’s ori-

entation and the movement direction provide a powerful structure for robot learning.

Imitation learning techniques, such as Dynamic Movement Primitives (DMPs) [17],

let us implicitly capture this structure from a demonstration. This thesis explores how

these methods can be applied to learning cutting behaviours and constraints that

underlie cutting tasks.

1.1.3 Role of cutting forces

Force-based control is a well-established field within robotic science. Robot manipu-

lators with force and torque sensing capability show robustness to modelling errors

and uncertainties. Traditionally, contact forces are controlled along the axis perpendic-

ular to the direction of motion [18], as in deburring or polishing tasks. These compliant

robot behaviours are typically achieved by a direct force loop control, or indirect, where

the deviation from the commanded position is related to the applied force [19].
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The cutting task, however, is unique in two important ways. First, the cutting motion of

the blade is predominantly aligned with the direction of the cutting forces. Second, the

cutting behaviour is not compliant – when cutting a soft object, the blade moves stiffly

to initiate and propagate the crack. The cutting forces are controlled by employing

additional cutting movements that change the fracture dynamics and enhance the

separation process [20].

When cutting a soft object, several forces act on the blade – deformation, fracture

propagation and friction [21]. These forces encode useful information about the mech-

anical properties of the object, as well as the state of the cutting process. This in-

formation is likely to play an important role in the reactive adaptation of the cutting

motion, e.g. inducing slicing motion. However, these cutting forces are extremely

difficult to predict [22], which begs the question of how the forces are mapped into

an appropriate adaptation of cutting behaviour.

Numerous studies have characterised fracture dynamics in various tissues [23] and

different cutting conditions [24]. However, the typical loading conditions studied in

material science literature differ considerably from dynamic cutting tasks exhibited

by humans. Such tasks involve complex kinematic trajectories with tight coupling

between blade movement and orientation that varies throughout the execution.

This structure that underlies the cutting motion can be exploited to construct task-

specific blade-object interaction models. More specifically, instead of building a com-

prehensive high-fidelity model of cutting dynamics capable of predicting the interac-

tion forces for most conditions, we can look for task-specific models that describe

local blade-object interactions relevant to specific cutting tasks. For example, we can

learn the distribution of cutting forces from various movement adaptations around

the nominal cutting behaviour. In other words, we can learn “how it feels to scrape a

vegetable at various orientations of the blade” or “how it feels to cut at the interface

between a softer and harder medium. In Chapter 3 we provide an example of such

learning.

Given the above propositions, cutting like humans means to apply human-like cutting

forces by executing human-like cutting movements. As discussed previously, we can

encode human-like cutting movements using parameterised policies, such as DMPs.

However, there are no guarantees that these will produce human-like cutting forces,

which depend on the appropriate blade-object interaction and, hence, on the correct

adaptive cutting behaviour (Fig. 1.4A). Given the desired (human-like) characteristics

of cutting forces and the ability to measure them, we could try aligning learned motion
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Human-like 
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B

Figure 1.4: A Depending on the blade-object interaction, the human-like cutting
motions can produce cutting forces that do not resemble forces from human demon-
strations. To achieve human-like cutting forces under most conditions, the force-based
motion adaptation must be similar to humans. B Reactive adaptation in real-time
task execution relies on the interaction model that maps the sensed cutting forces
into appropriate adaptive motion. The cutting behaviour can be adjusted (offline) by
optimising the parameters of the interaction model.

policies with human-like cutting behaviour (Fig. 1.4B). Chapter 6 proposes this beha-

viour alignment framework for reproducing human-like cutting skills in robots. It relies

on the interaction model characterising the cutting behaviour from measured forces,

which will be introduced in Chapter 5.
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1.2 Problem statement
In this thesis, we study the human skills of cutting soft objects. Our main objective is

to model the human-like control of the blade and to reproduce this skill in robots.

We approach the problem by a) investigating the role that forces play in shaping

the cutting behaviour in humans, b) learning the implicit structure of the constrained

cutting motion from demonstrations, and c) constructing the framework for endowing

robotic cutting behaviour with human-like features.

We pose the following questions:

• What role does force sensing play in robust cutting observed in humans?

• How can sensed cutting forces be mapped to movement adaptation?

• Can we identify key features of cutting forces characterising human-like cutting?

• How can we endow robotic cutting behaviours with these features?

1.3 Thesis outline
We begin this thesis by formulating and confirming our hypothesis that force feed-

back plays an important role in human cutting skills. In Chapter 3, we explore the

applicability of DMPs for encoding cutting movements, with a hand-engineered control

scheme for reactive motion adaptation. Here, we introduce a data-driven model for

the desired interaction forces learned from multiple task executions. We follow this

work in Chapter 4, where we extend the original DMP formulation to enforce various

constraints relevant to cutting, e.g. non-holonomic constraints.

In addition to cutting motions, we study the interaction forces that arise during cutting.

Chapter 5 presents a novel sensorised instrument for measuring in situ cutting forces.

Using this instrument, we collect a dataset of elliptical excision forces from trials

involving professional surgeons and medical students. We explore the characteristics

of force measurements capable of identifying the skill and describing the manner

of task execution. In this chapter, we propose a generative model that encodes the

behaviour using latent features of elliptical excision forces.

This model can be used to align robotic policy with desired human-like behaviour

characteristics. In Chapter 6, we employ a Bayesian Optimisation scheme to optimise

robotic elliptical excision behaviour with respect to the latent features of the proposed

force model. Here, we demonstrate how we can endow the robotic cutting with human-

like characteristics of blade-object interaction forces.
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Figure 1.5: Thesis map.

Fig. 1.5 shows the map of this thesis. It can be split into two major themes, as follows:

• Cutting movement and cutting forces: Chapters 4 and 6 focus primarily on the

cutting motions, and chapters 3 and 5 on cutting forces.

• Online and offline behaviour adaptation: Chapters 3 and 4 address the online

movement adaptation strategies, and chapters 5 and 6 focus on offline beha-

viour optimisation with respect to the desired blade-object interaction features.

1.4 Major contributions

The key contributions of this thesis can be described as follows:

• Uncertainty-driven control scheme for cutting along the interface between two

soft mediums. A novel approach to reactive cutting, with an error signal encoded

in the decision boundary of a binary medium classifier trained on torque meas-

urements. This enables robotic cutting along the boundary of two mediums

guided by a difference in material properties. (Chapter 3)

• DMP formulation for learning movement primitives subject to a wide range of

constraints, including non-holonomic, with guaranteed constraint satisfaction at

run time. The proposed approach enables learning human-like reactive blade

movement adaptations in cutting tasks characterised by non-holonomic con-

straints. (Chapter 4)
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• Novel design of a low-cost and easy-to-replicate sensorised scalpel capable

of measuring cutting forces. This gives us the ability to conduct large-scale

field studies on the blade-tissue interaction forces across wide range of surgical

procedures. (Chapter 5)

• A generative model of elliptical excision forces capable of characterising ex-

cision performance using subject-specific signatures of force measurements.

This model lets us decompose the excision behaviour into a set of independ-

ent, meaningful features that uniquely describe the manner of task execution.

(Chapter 5)

• Method for aligning robotic cutting behaviour with human-like force characterist-

ics. This allows us to learn human-like blade-object interactions in complex cut-

ting tasks. Moreover, the proposed framework opens up opportunities to study

the effectiveness of surgical techniques and explore ways for their optimisation

with respect to safety and tissue outcomes. (Chapter 6)



Chapter 2

Background

The task of cutting deformable soft objects is an example of quasi-static manipulation,

characterized by both kinematics and forces [25]. For example, surgical excisions

simultaneously depend on precise motion control along carefully planned trajectories

and judicious application of forces while following these trajectories. [26]. Therefore,

a comprehensive analysis of the cutting skills must consist of a balanced treatment of

these task components.

We begin with a question of the control structure behind the cutting tasks. When

humans cut soft objects, they primarily control the motion of the blade to achieve

material separation that follows a desired cutting contour. However, increased cutting

forces can induce object deformations, altering the intended contour. Additionally,

depending on the composition and material properties of the object, increased cutting

forces can result in unexpected fractures and tearing at the cutting front, leading

to untidy cuts. Because of these factors, cutting relies on adaptation of the blade

trajectory in response to fluctuations in cutting forces and object deformations.

Humans use both hands when cutting. While controlling the cutting motion, the guid-

ing hand actively handles object deformations. When slicing a loaf of bread, we grasp

it from above and apply pressure to the sides, giving it a firmer texture, which lowers

the deformations caused by cutting. Another example is surgery – the following is the

quote from the surgical textbook [27]: “Traction of the surrounding area is critical and

if no assistants are available, the surgeon must learn how to use the non-dominant

hand or must rest the fifth finger of the dominant hand on adjacent skin to apply mild

tension on the surgical site”. While this is an important part of human-like cutting

behaviour, in this thesis, we only focus on the control of the blade.

12
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When cutting soft objects, humans also control the blade-object interaction forces.

In most cases, the goal is to minimise cutting forces, which lead to undesired de-

formations, cutting resistance, and stress. However, in specific scenarios, the goal

can be more complex. For example, professional surgeons exhibit greater cutting

forces compared to inexperienced trainees in the task of glioma division [28]. In

addition to magnitude, skilful cutting implies the appropriate set of other cutting force

features, such as derivatives [29] or temporal structure [2]. Controlling cutting forces

involves adjustments to cutting velocity, depth, blade orientation, and surface tension.

Throughout the task execution, these variables undergo dynamic changes, adding

complexity to the analysis of cutting forces.

While acknowledging the role of feedback in cutting behaviour, it is valuable to study

the robustness of feedforward (open-loop) cutting strategies observed in human cut-

ting. As discussed in the Introduction chapter, a significant part of cutting behaviour

is predetermined. These nominal cutting trajectories encode the structure underly-

ing the robust cutting behaviours. For example, let us consider a sawing motion

executed in an open-loop fashion. The implicit slicing movement makes sawing a

robust strategy to cut with minimum deformation. Sawing-like cutting, however, is

undesirable in a surgical context where one of the objectives is to prevent uneven and

jagged excisions [27]: “In order to avoid a jagged edge, use firm confident strokes”. In

these tasks, the desired interaction is often characterised using motion-based [30] or

forces-based [29] metrics.

The remaining part of the chapter will lay out the main concepts and principles that

underlie cutting motion and its effect on the cutting process. We begin with a brief

overview of cutting tasks, the techniques required for task execution, and skills en-

abling these techniques. We follow with the basics of cutting mechanics and the

characteristics of soft objects. We end the chapter with an overview of methodologies

for modeling the cutting process and discuss its relevance within the context of task

automation.
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2.1 Cutting tasks, techniques and skills

Cutting tasks are essential for cooking and surgery. Cutting food can have a significant

influence on the taste and plate presentation. In surgery, cutting tasks are performed

judiciously and carefully, prioritising patients’ safety and post-surgical recovery. Re-

gardless of the task, the objectives are achieved by employing appropriate tools and

techniques that maximise the tool’s effectiveness. The key, however, is the skill of tool

use that embodies both tacit and conceptual knowledge of the task.

2.1.1 Kitchen knife skills

Cutting is the most elemental building block in cookery; hence, knife skills are con-

sidered fundamental skills of the chef. Cutting plays a role in the texture and consist-

ency of the dish. It also can affect the taste. For example, finely minced ingredients

intensify their flavours, while coarser cuts retain distinct textures, resulting in different

tastes.

Cutting skills involve using different knives, each designed to handle specific tasks

[31]. For example, a paring knife characterised by a short, narrow, pointed blade is

used in delicate tasks, such as trimming or peeling. In contrast, a cleaver is employed

in heavy-duty tasks that require significant force and precision. The design of the

knife reflects the optimal technique for its use. For instance, the blade of a bread knife

features serrations to facilitate sawing motion, promoting the cut through the crust

without squashing the bread [32].

The human hand allows for the use of knives with various grips, each influencing

cutting performance. The pinch grip [33], for instance, where the thumb and index

fingers rest in front of the bolster, amplifies the control and precision and facilitates

smooth cutting motions. Conversely, the hammer grip involves a firm grasp of the

handle and is used in heavy-duty tasks that demand substantial downward forces.

Cutting techniques can be viewed as optimal strategies for specific tasks. Splitting

harder vegetables is typically performed by chopping, where the knife is pressed

down with force. Slicing involves an additional horizontal motion component, i.e. par-

allel to blade travel [34]. There are different variations of a slicing cut [35], e.g., the

French slice, in which the blade moves back and forth in a rocking motion, with the

blade’s tip maintaining contact with the cutting board. In a Japanese slice, the blade

glides forward without tilting. These seemingly subtle differences affect both motion
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ergonomics and dynamics of the cutting process. The rocking motion of the French

slice allows for quick and efficient slicing, mainly when dealing with large quantities

of ingredients. The Japanese slicing minimises resistive cutting force, which enables

thin and consistent slices of delicate ingredients like fish.

Efficiency and consistency in these tasks rely on precise movement, appropriate

rhythm and well-controlled application forces [35]. The guiding hand plays an import-

ant role, too - in some cases, it fixes the food in place; in other cases, it dynamically

manipulates it as cutting proceeds [36], e.g. feeds the ingredient under the blade or

tensions the surface. Cutting skills also involve coordination and smooth transitioning

from one cutting style to another. In practice, cutting techniques adapt and change in

real-time. For example, a large onion half is likely to be chopped at the start but sliced

with a rocking motion towards the end of the task (more ergonomic technique, but not

suited for large foods).

Finally, cutting techniques are not constrained to planar motions. Let us consider fillet-

ing, an extreme example of an advanced cutting task that relies on the chef’s dexterity,

precision and power [37]. This task involves a complex composition of cutting motion

and an extensive range of blade configurations. During the task, the cutting alternates

between using the entire blade length and the tip only. Furthermore, a substantial

portion of the cutting is carried out in a scrapping fashion, where the blade’s side

presses against the flesh as it moves. Filleting demands extreme motion precision -

the flesh can be flaky and must be cut at a particular angle. The task also requires

precise control of forces, e.g. puncturing through the skin without damaging the flesh.

Moreover, coordinated control of precise motion and force application is needed for

cutting through a ribcage while preserving the integrity of the underlying skin. Cutting

through the skeleton can demand significant force, relying on dynamic and forceful

cuts, with the cutting hand leveraging the momentum.
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2.1.2 Surgical scalpel skills

Scalpel cutting of soft tissues remains a fundamental surgical skill in clinical practice.

Conventional scalpels offer superior precision, more predictable tissue damage, and

faster wound healing compared to electrosurgical blades [38,39].

Scalpel techniques are designed around precision and control of the motion and

applied forces. Before cutting, the motion is always carefully planned and, in some

cases, outlined to mark the desired cutting contour. The deformation of soft tissues

demands precise motion control to incise along the contour. Control of cutting force is

paramount - too little and the scalpel will not cut through the tissues; too much, and

there is a danger of cutting beyond the desired region and damaging neighbouring

tissues. Accordingly, scalpel-cutting tasks depend on excellent hand-eye coordination

and visual and tactile guidance.

Let us consider a standard surgical technique called elliptical excision that aims to

remove the tumour with a clear margin of healthy tissue around it. This procedure is

characterized by continuous skin incisions along a marked contour. Throughout the

incision, the non-dominant hand applies continuous tension to the tissues surrounding

the cutting contour, while the dominant hand controls the blade’s movement. In [27]

Hanlon et al. describe the elliptical excision task as follows: “The point of the blade

makes the initial cut at the apex, then quickly the sharper belly is used to move

along the arc. [...] The incision should be carried down to subcutis on the first pass”.

The ellipse is dissected using short delicate strokes that cut in the same plane,

while avoiding damage to the epidermis [40]. Next, the edges are undermined using

scissors before closing the wound using the appropriate suture technique [41]. Finally,

after excision, the removed specimen is sent for pathological examination of margins

to determine the excision’s adequacy.

Even the initial phase of this procedure, making the incision, poses a challenging task

of bimanual manipulation of soft tissues. The complex geometry of the workspace

severely restricts task kinematics and visibility. The cutting is guided by weak tactile

cues in the presence of occlusions. In addition, the behaviour of biological tissues

is highly uncertain and unpredictable, which requires continuous adaptation in the

applied motions.
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Mastering these skills relies on developing the “tactile knowledge” of the task. Given

the breadth of conceptual knowledge learned in the classroom, surgical trainees

spend years practising this in operation theatres until they reach the required level

of bodily control. However, an apparent gap exists in understanding what underlies

these skills. For example, despite critical importance, the approaches to objective

evaluation of surgical skills remain largely elusive [30]. Surgical textbooks are filled

with expressions like “the right kind of pressure” [16] or “firm confident strokes” [27],

which emphasize the objective and implicit nature of embodied knowledge.

2.1.3 Cutting techniques and motion primitives

While most studies of cutting soft objects focus on the straight cuts restricted to a

plane, such as chopping or slicing [42–46], this is just one of the many manoeuvres

involved in real-life cutting tasks. For instance, preparing a grapefruit involves chop-

ping, slicing, curved cutting and scooping (Fig. 2.1).

Each manoeuvre achieves separation differently. The kinematic differences in these

cutting types affect the deformation and fracture processes. For example, the curved

cut changes the blade’s orientation in 3D, making it significantly harder to perform and

analyze than more straightforward planar cuts. The rotations of the blade inside the

object introduce shear deformation of the material and change the contact dynamics.

Another example is a scooping cut separating material by pushing the blade longitud-

inally (as in piercing) while simultaneously lifting the offcut on the side of the blade.

Unlike straight cuts that exhibit direct crack propagation, the scooping cut involves

a combination of cutting and tearing modes. The analysis of underlying forces is

complicated since both tear resistance and compression forces act on the same

plane.

Cutting techniques, such as chopping or elliptical excision, can be decomposed into

motion components (see Fig. 1.3). Here, we call these components cutting primitives

to emphasise their elementary role in constructing complex cutting movements. As

discussed in Chapter 1, such decomposition consists of nominal and adaptive com-

ponents; the former executes the prescribed cutting trajectory that shapes the tech-

nique, and the latter assists the execution by engaging the auxiliary cutting modes. For

example, when starting chopping, one might adjust the blade’s orientation or slide it

across the surface to facilitate crack initiation. This adaptation leverages the principles

of the slicing technique, which is known to reduce cutting resistance.
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Figure 2.1: The task of preparing a grapefruit involves performing a straight cut (left),
a curved cut (center) and a scooping cut (right).

2.2 Basics of cutting

2.2.1 Kinematics of cutting

Blade kinematics in cutting tasks can reveal the structure of cutting techniques, which

can be further exploited for task automation. Fig. provides examples of four different

cutting techniques. In the chopping technique (Fig. 2.2A), the blade translates down-

wards without changing blade orientation. This type of cutting is applied when cutting

harder ingredients, sometimes with the assistance of a guiding hand that applies force

on the back of the blade.

The slicing technique (Fig. 2.2B) balances by resting the knife on its tip and utilizing

a rocking motion. This technique introduces the horizontal motion component, which

results in the reduction of the cutting effort when compared to the chopping cut. From

a user perspective, the rocking motion enables leveraging the point of contact (where

the tip is rested), leading to more effortless execution and increased precision.

Fig. 2.2C shows a French slicing motion in which the blade glides forward as it rocks,

further increasing the horizontal movement component and reducing the cutting effort.

The natural rocking motion helps reduce strain on the wrist and arm during prolonged

cutting tasks, contributing to a more comfortable and sustainable cutting experience.

Finally, the drag slice (Fig. 2.2D) moves the blade backwards as it cuts. The technique

minimises the cutting resistance by dragging the blade along the ingredient’s surface.

This is particularly advantageous when cutting delicate ingredients like a boiled egg

or tender cuts of meat. The pulling motion enables greater precision and control over

the cut. Chefs can easily adjust the cut’s depth and speed, achieving consistently

uniform slices.
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A B

C D

Figure 2.2: A Basic chopping technique, B Basic slicing technique, C the French
slice, and D Drag cut.

Constraints

Cutting tasks are inherently constrained. When performing a straight cut, the lateral

motion of the blade is negligible. In addition, the medium restricts the inserted blade

from rotation on the spot. As the result, the spatial trajectories of the cutting blade are

limited by nonholonomic-like constraints [44]. In particular, this is importaint in robotic

cutting, as movement adaptation strategies must respect the limits of permissible

motion space.

2.2.2 Mechanics of cutting

The process of cutting soft objects involves interplay between complex physical phe-

nomena such as nonlinear deformation, crack propagation and friction. Understand-

ing the mechanisms underlying this process can be helpful in many practical applic-

ations, including soft tissue surgery. In this section, we briefly review the basic model

of cutting - this will serve as a relevant background for Chapter 5, where we study the

cutting forces arising during surgical excisions.
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Figure 2.3: (Left) Mechanics of a straight cut in a grapefruit slicing task, (right)
trajectory of the blade performing a straight cut.

Here, let us consider the task of slicing a grapefruit with a straight cut, as shown in

Fig. 2.3. The cut is performed in the plane restricting the motion of the blade along the

desired trajectory. The tip of the blade is marked by a point k that defines the origin of

the blade’s coordinate frame. Velocity of k is denoted as vk. The curve π(u) describes

the geometry of the blade’s edge, where u ∈ [k,U ] denotes the region of the blade’s

edge that is inserted in the fruit, and U denotes a point at which the blade’s edge and

grapefruit’s surface intersect.

The mechanics of the task can be formulated as energy balance between cutting,

friction and deformation of the material [21]. The total force f impressed upon the

blade is a sum of cutting force fcut , friction force f f and deformation resistance fu:

f = fcut +f f +fu (2.1)

The cutting force fcut which is responsible for propagating the fracture. Figure 2.3

illustrates how an infinitesimal length of contact dsπ displaced by an increment ds in

the direction of v̂ gives rise to the cutting force dfcut . By definition, the work done by

this force is the dot product of dfcut and displacement vector v̂ ds:

dWc = dfcut · v̂ ds (2.2)

The dfcut is proportional to the length of the contact π(u) for u region [k, U ]:

dWc = R (n̂π dsπ) · (v̂ ds) = R (v̂ · n̂π) dsπds (2.3)
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where R is the fracture toughness and n̂π is the unit vector of length of contact dsπ .

By rearranging equations, the cutting force dfcut can be expressed as:

dfcut = R (v̂ · n̂π) v̂ dsπ (2.4)

The total cutting force fcut is defined by the integral over the entire blade’s edge π(u)

for u ∈ [k,U ]:

fcut =
∫

π

dfcut (2.5)

Finally, the friction forces f f can be represented as Coloumb friction model [47] and

the deformation forces fu can be represented by any of the deformation models

described in the previous section.

2.2.3 Slice/push ratio

It is well known from everyday experience that cutting tomato or bread involves a

slicing movement, where in addition to pushing downwards, the blade is sliding over

the surface. When cutting-by-pressing a highly deformable object, the rupture event

precedes large deformations beyond the linear region, leading to an untidy cut [48].

Slicing motion enables one to make a well-controlled neat cut with very little downward

pushing force [49] [50].

For quantification of this effect, Atkins et al. introduced a “slice to push” ratio [49] [20].

This was further studied in [51], where authors showed that shear loading allows

reaching the critical stress required for crack initialization with considerably smaller

downward force. The potential role of friction in this phenomenon was first discussed

by Chaudhury [52], followed by a study [53] revealing that friction facilitates the build-

up of localized tension responsible for fracture initiation. These studies are particularly

interesting in the context of robotic cutting with force-based movement adaptation

schemes.
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In the above discussion, global deformations were handled by adjusting the scalpel

movement. However, cutting is a bimanual task, in which the non-dominant hand

supports the object and actively controls its deformation. For example, when cutting

a grapefruit (Fig. 2.1, center), a supporting hand subtly squishes a fruit to tension the

tissues around the edge of the blade. A similar mechanism is exploited in surgery,

where the non-dominant hand actively assists in cutting by providing the required

tension in the area of the crack.

2.3 Modeling cutting process

The process of cutting soft material can be divided into three distinct phases, namely

the deformation phase, the rupture phase and the steady cutting phase [54] [48].

During the deformation phase, the blade compresses the material with increased

forces in accordance with material’s viscoelastic properties. In addition to fracture

characteristics of the object, the extent of deformation before the crack initiation is

determined by the sharpness of the blade and its configuration [55]. The rupture

phase is characterized by abrupt decrease in cutting forces [56] due to release of the

strain energy accumulated in the deformation phase [57]. Following this, is the steady

cutting phase, in which the crack propagates continuously. For highly anisotropic

and heterogeneous objects, like soft tissues, this phase might consist of a series

of localized deformation-rupture events [58].

Depending on the application, cutting phases can play different roles in the task.

For example, in surgical incisions it is crucial to precisely control the penetration

depth [59], a process guided by tactile cues during the rupture phase. Also, clean cuts

require reduction in cutting forces [50], thus control in the cutting phase are important

in many applications (e.g. in surgery, or microtome). Finally, as will be discussed in the

following sections, the deformation phase of the cutting process plays an important

role in guiding blade’s configuration and overall cutting envelope.
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2.3.1 Properties of soft objects

Foods

Food products that are cut in everyday life have a rich set of peculiar mechanical prop-

erties. These properties are determined by food compositions and microstructure. For

example, it is known that the stiffness of cheese is determined by the fat to protein ratio

[60]. In addition, the deformation and fracture properties of cheese are influenced by

the coarseness of its protein network [61]. Other examples are fruits and vegetables,

whose tissues are living systems with diverse microstructures and complex cellular

mechanics. At a macroscopic level, fruit tissues consist of several layers with distinctly

different physical properties, which are influenced by the chemical composition and

arrangement of cells, as well as the structure of intercellular spaces. For example,

the level of pectin content in tissue cell walls affects the overall stiffness of the fruit’s

body [62]; combination of cellular arrangement, diameter and wall thickness of cells,

their turgidity, as well as degree of cell adhesion influences the fracture properties of

a plant [63].

Soft tissues

The macroscopic construction of biological soft tissues consists of cells and an extra-

cellular matrix (ECM). The ECM is a three-dimensional network of collagen, elastic

and reticular fibers, that provide cells with structural support and maintain cell com-

munication. Because of the ECM structure, soft tissues are often viewed as complex

fiber-reinforced composite materials [64], whose mechanical properties are defined by

the spatial arrangement and configuration of collagen and elastin fibers. The former

is responsible for the strength and resilience of the tissue, while the latter provides

the tissue with elastic properties.

The complex composition of soft tissues causes a non-trivial set of mechanical prop-

erties [65]. Biological soft tissues are non-homogeneous due to their complicated

structural composition. The spatial distribution of collagen and elastin fibers is re-

sponsible for anisotropy (i.e. dependence on direction) in the tissues’ mechanical

properties. In addition, the soft tissues demonstrate viscoelastic (i.e. time-dependent)

behaviour, because of the high content of water. In addition, the combination of the
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elastic response of elastin fibers and viscous damping due to high water content in

tissue cells, gives rise to viscoelastic (time-dependent) tissue behaviour. As a result,

the mechanical response of soft tissues is highly nonlinear over finite strains, with a

strong dependence on stress and strain rate.

2.3.2 Modeling deformation

Continuum mechanics and finite element methods

In continuum mechanics, materials are modeled as continuous mediums which obey

the fundamental physical laws, such as conservation of energy, in conjunction with

constitutive laws that describe complex mechanical behaviour. Since the discrete

nature of matter is ignored, all physical quantities in continuum analysis, such as

stress or displacement, are considered continuous functions of position within the

domain of the problem. This continuum assumption has proven to be valid for a

large number of applications with practical importance, where the dimensions of the

analyzed body are much larger than the body’s underlying microstructure.

The classical elasticity problems of solving for the unknown field variables (e.g. dis-

placement), given the known field variable (e.g. stress) and some boundary and initial

conditions, typically involve one of the variational principles such as the principle

of minimum potential energy. Generally, the analytical solutions for such problems

are not available, unless the geometry and loading conditions are simple and fields

are uniform and linear. In practice, the solution is numerically approximated by finite

element methods or other computational techniques.

The finite element method (FEM) is a computational technique for the numerical

approximation of solutions to field problems, such as described above. The procedure

involves subdividing the problem domain Ω into a finite number of non-overlapping

subdomains Ωe, called elements, often using triangular or tetrahedral meshing tech-

niques. The behaviour of each element is characterized by field variables evaluated at

the element’s boundary points, called nodes. The solution for each of the elements is

approximated by interpolating the field variables. The global behaviour of the modeled

domain Ω can then be described by assembling the total system of equations in the

following matrix form

Mü+Cu̇+Ku= f (2.6)
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where u, u̇ and ü are vectors of node displacements and its first and second time de-

rivatives, respectively. M, C and K are element mass, damping, and stiffness matrices,

respectively. f is a vector of total force acting on the element nodes.

Nonlinear hyperelastic models

The theory of nonlinear elasticity addresses the major limitation of linear elastic mod-

els, namely the inability to describe the material response over large strains. The

foundation of nonlinear elasticity was established in the late 1940s, a period of early

work on modeling the mechanical response of rubber. In particular, significant ad-

vancements were made by Reiner [66] and Rivlin [67], whose work laid down the gen-

eral principles of nonlinear constitutive relations. In the 1960s, the newly developed

theory of finite elasticity was applied in the field of biomechanics by Fung [68], a

notable work that highlights early attempts at soft tissue modeling. Materials that be-

have according to nonlinear elasticity theory are modeled by hyperelastic constitutive

equations.

Heuristic models

The described above physics-based models are mostly implemented using FEM.

Heuristic models avoid the complexities associated with FEM, and instead focus on

computationally efficient heuristic-based techniques that yield plausible tissue beha-

viour. These models are ubiquitous in interactive surgical simulations, however, they

generally lack physical accuracy, and sometimes validity.

For example, deformable splines [69] can model the geometry of the tissue with

parameterized curves, such as Bezier or NURBS, whose curvature is defined by a set

of control points. Another example is the mass-spring-damper (MSD) model, which

was the first deformation model used in the surgical simulator [69] and to this day is

the most widely used technique for modeling soft tissue deformation in real-time. In

MSD, the tissues are represented as a network of discrete masses linked by springs

and dampers. The dynamics of the system obey Newton’s laws of motion, where

the position of the individual mass point at each time step is defined by the balance

of forces that act on the point. However, in addition to inherent stability issues, the

conventional MSD implementation lacks the volume preservation mechanism, which

is critical for modeling many biological tissues.
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Modeling viscoelasticity

The models described above do not account for viscoelastic effects. Viscoelasticity

is generally modelled using a linear combination of ideal elastic (Hookean) springs

and ideal viscous (Newtonian) dampers. By definition, the Hookean spring obeys the

following constitutive law

ε =
1
k

σ (2.7)

where ε , σ and k are strain, stress and elastic modulus of the material, respectively.

A Newtonian damper responds as follows,

dε

dt
=

1
η

σ (2.8)

where η is viscosity of the material.

In combination, these ideal elastic and viscous elements can be used to describe

the transient response of the modeled system. For example, in a series configuration

(called the Maxwell model) both elastic and viscous elements are subjected to the

same stress but exhibit different strains. In contrast, the parallel arrangement (called

th Kelvin-Voigt model) subjects the elements to the same strain, but different stresses.

Other models use various combinations of three elements (e.g. Standard Linear Solid

model), in addition to more complex models that consist of many elements (e.g.

generalized Maxwell model).

It is often convenient to express the stress-strain relationship through a creep compli-

ance function C(t) and relaxation modulus function G(t), respectively.

ε(t) = σ0 C(t), C(t) =
t
η
+

1
k

(2.9)

σ(t) = ε0 G(t), G(t) = ke−tk/η (2.10)

where σ0 and ε0 are constant stress and strain, respectively, applied at the initial

instant (t = 0).



2.3. Modeling cutting process 27

The C(t) and G(t) functions are often used in the integral representation for stress-

strain relationship. For instance, given the strain history over [0, t], the stress can be

evaluated using following convolution integral

σ(t) = ε0 G(t)+
∫ t

0
G(t − τ)

dε(τ)

dτ
dτ (2.11)

Equivalently, the strain profile ε(t) can be obtained given the stress profile σ(t)

ε(t) = σ0 C(t)+
∫ t

0
C(t − τ)

dσ(τ)

dτ
dτ (2.12)

In practice, the required creep compliance function (or relaxation modulus function) is

obtained from the creep recovery (or stress relaxation) test.

The relaxation function G(t) is often expressed in terms of a Prony series in a follow-

ing form

G(t) = G∞ +
N

∑
i=1

Gi(1− e−t/τi) (2.13)

where G∞, Gi and τi are called equilibrium modulus, i-th elastic component and

relaxation time.

2.3.3 Modeling fracture

The cutting process has been extensively studied in the field of Fracture Mechanics.

The problem of cutting through soft tissues is complicated by the accumulation of

large strain in the tissue prior to cracking. The nonlinearity of constitutive relations

caused by finite strains invalidates many of the underlying assumptions in the clas-

sical Fracture Mechanics, which was originally developed for strong ductile solids

such as metals. In addition, the complex friction and crack blunting effects further

complicates modeling of cutting process. Finally, cutting introduces the topological

changes in the geometry of the tissue, which makes it extremely hard for mesh-based

analysis, such as FEM.

Nevertheless, cutting of soft biological tissues remains an active area of research.

For example, in [70] authors measured the forces acting on the blade during the

cutting of porcine liver. The results revealed a series of local deformation-crack cycles,

which were characterized by proposed local elastic modulus quantity. In [71] the

numerical model of cutting based on energy approach is described. Generally, the
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fracture mechanics formulation considers total work done by cutting as a sum of

cutting energy, strain energy and frictional losses. The cutting energy is often meas-

ured by "double insertion" technique [71], in which the difference in total measured

force at first and second cut yields so-called fracture toughness, a crack-resistant or

cutting force. Tissue puncture and cutting needle insertion is often modeled using J

integral that represents the power per unit of crack advance, parameterized by the

geometry of the needle and insertion rate. In this model approach, the crack initiates

and propagates if the J integral is equal to or exceeds tissue’s fracture toughness

for given needle displacement [72]. It should be noted, that due to geometrical dif-

ferences, the needle insertion and cutting with scalpel models demonstrate important

qualitative differences. For instance, it is reported that in the needle insertion tasks the

fracture toughness is almost independent on the insertion speed, but shows strong

dependence on needle diameter [54]. In contrast, the experiments on tissue cutting

using scalpel reveal strong dependence of cutting forces on the velocity [70].

2.4 Human-like robotic cutting

Studies on robotic cutting of soft tissues predominantly focus on tasks involving planar

cutting motions [12,21,73–84], such as chopping or slicing.

Modeling [11,12,51,75] of deformation and fracture is widely applied to hand-engineer

[21] or to learn control policies for these robotic cutting behaviours. For example,

analytical models are employed for implementing robust robotic cutting of materials

via manually-designed planar trajectories [21,74]. Another example is learning slicing

skills via a differentiable simulation that predicts the cutting forces and object deform-

ation given the motion of the blade [73].

These model-centric approaches are motivated by objectives beyond material sep-

aration. Indeed, robotic splitting of soft objects using a sharp blade can be achieved

by employing position-based control along a straightforward linear path, regardless

of cutting forces. If, for example, in addition to splitting we aim to maximise cutting

efficiency or to minimise object deformation, a physically-accurate predictive model

can be used to optimise the behaviour. The defined objective function then encodes

the desired behaviour.
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In [73] authors report that optimisation of cutting behavior resulted in a robot policy

that implements slicing technique. On the one hand, this shows that by the use of

appropriate modeling and policy learning techniques, we can recover the “optimal”

cutting strategies that resemble natural cutting behaviour exhibited by humans. On the

other hand, this raises the question of whether we should try learning these strategies

directly from humans instead.

Intriguingly, humans demonstrate a remarkable robustness at cutting tasks without

access to a detailed model. If human-demonstrated behaviour encompasses suc-

cessful cutting strategies to achieve object separation, we should investigate to what

extent these are robust to variations of material properties. Where it succeeds and

where does it fail? How do variations in objects’ geometry and materials properties

translate into variations of the cutting trajectory?

These questions become particularly relevant when we transition to automation of

cutting tasks that involve more complex blade trajectories [44] and blade-object in-

teractions [85, 86], e.g. in grapefruit scooping or elliptical excision tasks. What is the

objective function that shapes the cutting behaviour in these tasks? While we cannot

answer this question with certainty, we can demonstrate the desired behaviour across

various conditions. The consistency and variability inherent to these demonstrations

can let us uncover the structure behind the technique and the mechanism that drives

the behaviour [87].

These are the ideas from the Learning from Demonstration (LfD) [88], a paradigm for

teaching robots to imitate human behaviour. This thesis explores the application of

LfD in an attempt to answer the above questions. In chapters 3 and 4, we apply

the LfD methods to learn complex cutting skills, such as grapefruit scooping and

skin incisions. In chapters 5 and 6 we explore the questions related to the objective

function and behaviour optimisation raised above.

2.4.1 Learning from Demonstration

The task of cutting soft objects falls in the category of tasks where the desired beha-

viour cannot be easily scripted (due to the unpredictable behaviour of deformable

objects) and cannot be easily formulated as an optimisation problem (due to an

unknown reward function), however, can be easily demonstrated. The LfD paradigm

is especially well-suited for these tasks [88].
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At its core, the LfD methods assume that expert-demonstrated behaviour consists

of all the information required to capture the skill. This brings some unique advant-

ages over other approaches. For example, LfD enables task domain experts with no

experience in robot programming to teach complex skills to robots. When compared

to Reinforcement Learning (RL) methods, which learn optimal policies via trial and

error, the LfD approaches are significantly more efficient, as their policy learning

is guided by expert demonstrations. Moreover, RL (and other optimisation-based

methods) require the reward function, which is not trivial to specify in many practical

cases. The LfD methods, in addition to learning policies, can be used to learn the

reward function from demonstrations [89] [90].

Among the policy-learning LfD methods, the ones of particular relevance to this thesis

are those focused on learning trajectories from demonstrations. Broadly speaking,

these methods can be divided into optimization-based (e.g. [91] and [92]), probabil-

istic (e.g. [93] and [94]), and dynamical system-based approaches (e.g. [95] and [96]).

Specifically, in this thesis we focus on the LfD approach called Dynamic Movement

Primitives [96], which models trajectories using dynamical systems. This approach

offers some interesting properties that can be leveraged when encoding complex

cutting trajectories of the blade. In the following section, we present a brief overview

of this elegant method.

While LfD offers numerous advantages compared to other robot learning methods, it

also comes with several limitations. For example, the assumption that the provided

demonstrations are optimal is often too strong. Even with an expert demonstrator, the

recorded demonstration can be corrupted by sensor noise or occlusions. Besides, in

situations involving multiple demonstrations, the expert may exhibit ambiguity through

inconsistent choices of action for a given state [97]. Moreover, the LfD can suffer from

the correspondence problem, characterised by a mismatch between the actuation of

the demonstrator and the robot [88]. Although kinesthetic teaching (where the robot

arm is physically moved during the demonstration) can alleviate this issue, it is not

suitable for many tasks of practical importance. Cutting soft objects is one of these

tasks - it requires delicate manipulation skills that involve small-scale movements

and weak but highly informative tactile feedback, which renders traditional kinesthetic

teaching infeasible.
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2.4.2 Dynamic Movement Primitives

Dynamic Movement Primitives (DMPs), is an elegant framework for learning traject-

ories from demonstration, first introduced by Ijspeert et al. [98] and later extended

in [99]. The main idea behind DMPs is that a demonstrated trajectory can be encoded

using a stable nonlinear dynamical system. Within the DMP framework, any goal-

oriented motion can be represented using a combination of a) linear second-order

attractor dynamics, which guarantees the system’s convergence to a goal state, and

b) nonlinear forcing function f , which shapes the attractor landscape (hence allowing

to capture an arbitrary complex motion).

More specifically, a single degree-of-freedom (DoF) trajectory y of a point-to-point

movement primitive can be expressed as:

τ ÿ = αz(βz(g− y)− ẏ)+ f (2.14)

where g is a goal position, τ > 0 is a temporal scaling factor, and αz > 0 and βz > 0
are time constants. Note that in the above equation, the nonlinear term f modulates

the landscape of a global point attractor g. Thus, an arbitrarily complex movement can

be represented by appropriately constructing f term.

Typically, the nonlinear function f is represented using a normalized linear combina-

tion of basis functions:

f (x) =
∑

N
i=1 Ψi(x)wi

∑
N
i=1 Ψi(x)

x (2.15)

where N is the number of basis functions Ψi(x) = exp
(
−hi(x− ci)

2) with center ci,

widths hi and weights wi. The forcing term does not depend on time, but does depend

on phase variable x that monotonically decays from 1 to 0 with a user-specified rate

αx:

τ ẋ =−αxx (2.16)

The equation 2.16 is often referred as canonical system. Note that for systems with

more than one DoF, the trajectory is encoded with separate DMPs (eq. 2.14) for every

DoF, with all DoF sharing the canonical system (eq. 2.16).
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The DMP formulation offers a set of unique and attractive properties. First, thanks

to the attractor dynamics, the DMPs are intrinsically robust against uncertainties and

perturbations. Second, the learning parameters that encode the desired trajectory do

not affect the stability and convergence properties of the system. Third, in addition to

generalization to new initial and goal states, DMPs are capable of spatial and temporal

scaling of learned trajectories. Moreover, the DMP formulation enables straightforward

adaptation of trajectory via additional coupling terms (in Chapter 4, we explore this

property to enforce a pre-defined set of constraints). Finally, DMPs present an efficient

one-shot learning of trajectory from a single demonstration.



Chapter 3

Precision cutting of soft tissue using

torque-based medium classification

Precision cutting of soft-tissue remains a challenging problem in robotics,
due to the complex and unpredictable mechanical behaviour of tissue
under manipulation. Here, we consider the challenge of cutting along the
boundary between two soft mediums, a problem that is made extremely
difficult due to visibility constraints, which means that the precise location
of the cutting trajectory is typically unknown. This chapter introduces a
novel strategy to address this task, using a probabilistic binary medium
classifier trained using joint torque measurements, and a closed loop
control law that relies on an error signal compactly encoded in the de-
cision boundary of the classifier. We illustrate this on a grapefruit cut-
ting task, successfully modulating a nominal trajectory fit using dynamic
movement primitives to follow the boundary between grapefruit pulp and
peel using torque-based medium classification. Results show that this
control strategy is successful in 72% of attempts in contrast to control
using a nominal trajectory, which only succeeds in 50% of attempts.

3.1 Introduction

The design of effective learning and adaptive control strategies for precision cutting

remains an open problem in robotics [21,82,100]. This is particularly true for the case

where cutting involves moving between two mediums, and where there is uncertainty

in the location of these.

Cutting tasks of this form are regularly encountered in surgery, where tumour ex-

traction is guided by well-established continuum differences between tumours and

normal tissue [101, 102]. This chapter is motivated by wide local excision, a surgical

procedure that aims to remove a tumour with a clear margin of healthy tissue around it.

33
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Figure 3.1: Scooping grapefruit with a regular paring knife.

At present, manipulation tasks like these are inconceivable for autonomous robots, for

a variety of reasons. First, the constrained operational space of non-trivial geometry

restricts an end-effector’s maneuverability and is severely limited by visibility con-

straints. These visibility constraints are a particular challenge, and human surgeons

often rely strongly on haptic feedback for cutting, using tactile tissue differences to

guide procedures instead of vision. In addition, this task is highly variable and un-

certain, due to the unpredictable behaviour of deformable tissue and varied tumour

shapes. Finally, and most importantly, this contact-rich task is characterised by safety

constraints imposed on the region of operation and allowable applied forces. It is

therefore critical to keep an end-effector inside a desired region while executing the

task.

In this chapter, we move towards addressing the challenge of autonomous cutting with

visibility constraints by 1) employing probabilistic inference to identify the boundary

between two mediums using torque sensing, and 2) using the medium classification

probability as an error signal for online, closed-loop movement adaptation. As a test-

bed, we consider fruit processing, and study the task of scooping a grapefruit segment

out of the membrane with a regular paring knife (see Fig. 3.1). This manipulation

task shares several important characteristics with the surgery problem described

above, including the complex geometry of the task space, the need for contact-rich

manipulation in a deformable environment and the presence of two mediums with dif-

ferent material properties. Precision food processing is itself an industrially useful skill,

and the ability to extract fruit portions without damaging food products is particularly

valuable.

A key feature of the grapefruit testbed is an implicit task requirement to keep the

knife inside the intermediate region between the peel and pulp boundary, such that

most of the pulpy segment is extracted without the knife getting stuck in the peel, or

too much grapefruit being left on the membrane. Since the exact shape and location

of this boundary curve is unknown, it must be inferred during task execution. The
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key insight for the approach proposed in this work comes from observing grapefruit

scooping when executed by human. It is clear that humans do not rely on an accurate

geometrical model of the fruit, but instead apply a general scooping movement that is

continued until it stops feeling right (i.e. when the knife starts progressively entering

the peel). In these cases, the movement is either adjusted, or completely restarted

using a different insertion angle. Our hypothesis is thus that cutting occurs using

a rough nominal trajectory that is modulated by torque feedback resulting from the

differing tissue characteristics of the two mediums being separated.

This chapter introduces a novel framework to accomplish tasks of this form. Here, we

use Dynamic Movement Primitives (DMPs) to learn a nominal scooping motion using

kinesthetic demonstration. However, due to the variations in grapefruit’s shape and its

mechanical properties, we show that generalisation of the learned movement primitive

is inadequate. We therefore propose a control scheme in which the corrections to the

DMP trajectory reflect the probability of knife being inserted into either of the two

mediums. In this formulation, the point of highest uncertainty in this belief (probability

of 0.5) serves as a proxy for the desired region of operation (i.e. the boundary between

the pulp and peel). This probability is estimated at each time step of task execution by

classifying torque readings from the joints of robot arm. We use a logistic regression

classifier trained to disambiguate the mediums on a dataset of multiple task execu-

tions to demonstrate the feasibility of this method.

3.2 Related work

There is a substantial amount of research on the use of the force feedback in robotic

manipulation tasks. However, most work is focused on rigid object manipulation. For

example, there is extensive research on the use of force data in the areas of robot door

opening [103–105], grasping [104,106,107] and object identification [108,109], where

task dynamics are relatively well understood and many mature techniques for motion

planning and control are readily available. Unfortunately, many of these techniques

are not applicable to the manipulation of deformable objects.

A particularly representative deformable object manipulation task involves food cut-

ting, for example fruits or cheese. This process has time-varying nonlinear dynamics

that are extremely difficult to describe analytically [110], although attempts have been

made [21, 49, 83]. As a result, learning-based techniques have been proposed to
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address this challenge. Lenz et. al [80] use deep learning techniques to model food

cutting tasks and further use these in a model-predictive control scheme. Here, robot

controls are optimised in real time with respect to the constructed cost function, which

penalises the height of the knife and its deviation from a sawing range, thus forcing

a cutting movement. This approach was verified on a variety of food objects, such

as lemons and potatoes, and showed its ability to adapt to both intra-class and time-

varying variations in the physical properties of the objects.

A similar approach to learning the predictive model is described by Tian et. al [111],

where the authors demonstrated tactile servoing using high dimensional tactile sensor

data. Another use of learning in the latent space is presented in the work of Gemici

and Saxena [112], which is concerned with robotic handling of food objects, e.g.

grasping or piercing. Here, latent features of objects were learned from force data

collected during the manipulation and then used to classify the objects for manipula-

tion planning.

Many manipulation tasks, e.g. scooping, involve nontrivial kinematic trajectories that

can be learned from demonstration. In [99], the authors proposed a general frame-

work (Dynamic Movement Primitives, or DMPs) for encoding complex movements as

a parameterised policy. This framework, when coupled with feedback enables react-

ive movement adaptations [106, 113]. Appropriate feedback models that extend the

DMP formulation can be learned, e.g. from human demonstrations [114] or through

reinforcement learning [115]. Particularly relevant work is presented in [104], where

the desired force and torque profile required for successful execution of compliant

manipulation tasks was learned through trial and error reinforcement learning. This

path integral method successfully optimizes the policy with respect to user-defined

smooth cost function over the observable states of the manipulated object.

In this chapter, we focus on the task where the cost function cannot be easily specified

and states of the manipulated object are hidden. Although the method described

in [104] is applicable to boolean cost functions [116], this approach can only ever

learn a globally optimal force profile. In contrast, we present an alternative problem

formulation (local adaptation) that does not involve global optimization and allows us

to adapt to variations in fruit geometry while cutting. We use a predictive model of the

expected sensor trace, that is based on the statistics of multiple task executions. This

approach is similar to [117], where the statistics of sensor measurements from the

successful task executions were used to construct a predictive model for online failure

detection. We apply a similar method to model the region of operation (pulp or peel in
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Figure 3.2: Medium separation by following nominal trajectory. µ1 and µ2 are stiffness
parameters of mediums, y0 is initial pose and yt is trajectory of the knife. The dashed
line represents the nominal path for tip of the knife.

our grapefruit example) using torque sensor readings. However, a key contribution of

this chapter is the use of this classification scheme to perform boundary identification

for cutting with visibility constraints, through the introduction of a control scheme for

movement adaptation based on the estimated probability of being in a given medium.

3.3 Problem formulation

As discussed previously, this chapter focuses on the task of precision-cutting between

two mediums. As our primary interest lies in the development of an adaptive control

framework, we do not consider the use of any task-specific cutting equipment or

machinery, and instead focus on cutting using a standard kitchen knife. In addition,

we allow control of the initial insertion position, and thus, we manually initialise the

starting position of the knife.

The task described above can be formulated in a 2D task space. Consider two elastic

mediums with different stiffness (µ1 and µ2), separated by a curved boundary (see

Fig. 3.2). Assume a strong prior over the stiffness and boundary curve (dashed line)

is available, but no exact parameters are known. The objective is to steer the tip of

the knife along the true boundary such that separation of mediums is maximised,

while avoiding excessive deformations imposed to either of mediums by the blade.

Since the exact curve of the boundary is unknown, the open loop execution of the

prescribed path (based on a prior belief over the curve of the boundary) runs the

risk of inserting the knife into the peel (in our grapefruit example), thereby severely

restricting the blade’s maneuverability.
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Figure 3.3: Overview of the proposed control scheme.

3.4 Cutting using uncertainty feedback

We address the challenge above using a learning strategy where the desired op-

erational region is compactly encoded in the decision boundary of a probabilistic

binary medium classifier. Here, the estimated likelihood of sensor readings associated

with either medium guides the movement execution in the form of online trajectory

correction. In summary, we 1) use the DMP framework to encode a nominal scoop-

ing trajectory, 2) learn probabilistic classification of sensor readings associated with

operation in either mediums, and 3) construct a control scheme that corrects the

nominal scooping trajectory according to the estimated posterior distribution over

either medium, as illustrated in Fig. 3.3.

Here, θt denotes the nominal joint trajectory, θ
′
t the corrected joint trajectory, and yt

represents the nominal Cartesian trajectory. ∆t denotes the correction term applied to

the Cartesian trajectory, Kt is a gain matrix, τt refers to the sensed torque readings

at time step t, and Pr(peel) is the probability of the knife being inserted into the peel.

FK and IK are Forward and Inverse Kinematics transformations for the robot arm.

Note that gain matrix Kt is time dependent, as the correction direction depends on

the position along the nominal trajectory at time t. We briefly discuss each element in

the control framework below.
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3.4.1 Nominal trajectory modelling using DMPs

In the proposed framework, a nominal scooping trajectory is captured by kinesthetic-

ally guiding the robot arm and recording the joint angles. In this study, we encoded

the recorded joint trajectory using the DMP model (see section 2.4.2); however, it

should be noted that the nominal trajectory can be modelled using any other imitation

learning strategy [88].

In our method, at each time step t we add a local correction ∆t to the current point on

the Cartesian path yt of nominal DMP (see Fig. 3.3). The correction term ∆t is given

by

∆t = Kt

[
Pr(m, t)−0.5

]
(3.1)

where Kt is time-varying1 positive definite gain matrix that defines the sensitivity of

task variables and Pr(m, t) ∈ [0,1] is the probability of the knife being in the medium

m at time step t. Note, that the desired region of operation at each time step t lies at

the boundary between two mediums, where the probability Pr(m) is assumed to be

equal to 0.5.

Thus, our proposed uncertainty-driven control law can be formulated generally as

y′t = yt +Kt

[
Pr(m, t)−0.5

]
(3.2)

where y′t is the corrected version of the nominal trajectory yt .

3.4.2 Logistic regression

In this work, we use logistic regression to model the probability of being in a given

medium. In this approach, model parameters w are fit by maximizing the probability

of the data under a linear logistic model:

L (w) =
N

∏
i=1

p(yi|xi,w) (3.3)

where L is the likelihood, N is the number of training samples of torque readings, yi

is the label (e.g. “Peel” or “Pulp”) of the i th example of torque data, xi is a vector of

torque readings of the i-th example and w is a model parameter.

1. This allow us to vary the direction and amplitude of modulation throughout task execution.
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Figure 3.4: Images of securing a grapefruit to a chopping board using nails.

Figure 3.5: Images of the PR2 robot scooping a grapefruit.

If the cost function J(w) is defined as the negative log-likelihood of labels y, then the

above expression is equivalent to minimizing:

J(w) =
N

∑
i=1

[
− yi log(σ(wT xi))− (1− yi) log(1−σ(wT xi)

]
(3.4)

where σ(·) is a sigmoid function and labels y ∈ {0,1}.

In order to discourage the optimizer from overfitting to the training data, the cost

function can include an additional regularization term that penalizes extreme weight

coefficients, e.g. λ

2 ||w||
2, where λ denotes the regularization strength.
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3.4.3 Experimental setup

All experiments were conducted using a 7 degree-of-freedom PR2 robot arm. The

PR2 arm is counterbalanced and highly compliant, and is well-suited for kinesthetic

demonstrations of flexible and fluid movements. The remaining components of the

experimental setup consisted of a chopping board clamped to the table, a halved

grapefruit fixed to the chopping board (as shown in Fig. 3.4), and a regular paring

knife secured at the gripper (see Fig. 3.5). For registering the torques experienced

at the joints of the arm we used standard PR2 joint effort readings (a joint torque

estimate based on the joint motor current).

3.4.4 Evaluation of nominal DMP

The learned scooping DMP was evaluated on the 10 randomly chosen segments.

Before each trial, a segment was pre-cut along the segment radii and the pose of

the knife was manually adjusted, such that the knife begins insertion directly at the

pulp/peel interface (as shown in Fig. 3.5, left). Successful task execution implies the

complete extraction of the undamaged segment without the knife getting stuck in the

peel.

The results of the trials agreed with original expectations, with only 2 successful task

executions out of total 10. In 7 of the failed trials, the knife entered the peel and the

execution was aborted. Moreover, an instance of tearing apart the segment during the

scooping was registered. As anticipated, the main difficulty of the task was avoiding

the knife’s insertion into the peel, where further knife maneuverability became limited.

3.5 Learning the boundary region using sensed torque

3.5.1 Dataset

The learned DMP was used to accumulate joint torque readings associated with

successful (cut through the flesh) and failed task executions (cut into the peel). These

traces of torque measurements were analysed and further used for training the logistic

regression model to estimate the probability of the knife’s deviation from the desired

region of operation, i.e. the boundary between pulp and peel, where task executions
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Figure 3.6: Summary statistics for collected torque data. Note: the most dominant
joints in the used DMP are joints 1, 2 and 3.

succeed. We used the learned DMP and experimental setup described in the previous

section. The criteria for a successful trial remained unchanged from the preliminary

evaluation of the DMP. A total of 111 scooping trials were conducted using a number

of grapefruit, of which 55 trials were successful and 56 trials failed.

The nominal trajectory comprised 24 segments, at which a single snapshot of torque

readings was taken. Thus the recorded data consisted of 24 time-indexed 7-dimensional

vectors. Fig. 3.6 shows the descriptive statistics of the collected data.

3.5.2 Classification

The dataset of 111 trials was randomized and split into 90 sensor traces allocated for

training and validation and 21 traces held out for testing. The training and validation

dataset consisted of 44 examples of “Pulp” torque traces and 46 examples of “Peel”.

As discussed, each trace contained of 24 time-indexed samples of torque reading for

each of the 7 joints. Thus, in total the training and validation dataset contained 1,056

and 1,104 individual examples of “Pulp” and “Peel” torque readings, respectively. The

classifier’s input comprised of an 8-dimensional vector (7 torque readings for each of

the joints, plus the time index). The objective of the classification task was to estimate

the probability of the measurement being taken inside of either medium given the

current torque measurements. In our approach, a desirable property of a classifier

is to be robust to the outliers and to handle the ambiguous inputs by reporting the
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appropriate levels of uncertainty (i.e. to avoid being overconfident). We used a logistic

regression model, which we validated using the K-fold cross-validation technique with

10 folds. Thus, each fold used 81 examples for training and 9 examples for validation.

The validation and test results are given in Table 3.1.

It should be noted that the modelling approach has an inherently noisy training pro-

cess. Since all of the 24 torque samples in the sensor trace share the same label

defined by the task outcome, all the intermediate phenomena are disregarded. For

instance, if knife was closely following the desired boundary region throughout most

of the execution but got stuck in the peel at the very end, all of the 24 torque readings

would be labeled as “Peel”. In addition, a substantial amount of failed trials were

collected, where a stuck knife escaped the peel towards the end of the task execution.

The torque profile of such trials show strong similarity to the rest of failed trials, with

the exception of torque readings at final time steps where knife escapes the peel.

However, the ability to capture the uncertainty demonstrated by Logistic Regression

model alleviates this issue (see Fig. 3.7), and in some respects this training process

forces a more conservative probabilistic model. It is important to note that despite

misclassifying some intermediate samples, the trained model does not commit to any

extreme beliefs over the mediums (see Fig. 3.8), unless the test input is strongly

representative of a given class (see Fig. 3.7, top row). Finally, in the case of am-

biguous test inputs (i.e. where torque levels of the input trace appear uncharacteristic

for a given label), the model demonstrates desirable levels of uncertainty, which is

extremely important given the fact that we seek to use this for feedback control.

Table 3.1: Logistic regression model evaluation

Validation Test
Predicted

Peel
Predicted

Pulp
Predicted

Peel
Predicted

Pulp
Actual Peel 673 431 174 66
Actual Pulp 306 750 65 199
Sensitivity 0.61 0.73
Specificity 0.71 0.75

Misclas.
rate

34% 26%
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Figure 3.7: Medium classification based on torque readings. Top row: the test trace
(black solid line) is a clear example of a trial where the knife got stuck inside the peel.
Bottom row: the test trace represents one of the failed trials where the knife enters
the peel at the beginning of task execution but escapes towards the end (time step
t = 19). The red background signifies the classifier’s binary decision (red denotes the
peel) at time step t. Note, that only 3 most dominant joints are displayed.

0 2 4 6 8 10 12 14 16 18 20 22
Timestamp

0.0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1.0

P
r(

pe
el

)

Failed trials (incl. escaped 
the peel)
Successful trials

0 2 4 6 8 10 12 14 16 18 20 22
Timestamp

0.0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1.0

P
r(

pe
el

)

Failed trials (excl. escaped 
the peel)
Successful trials

Figure 3.8: Average and standard deviation of Pr(peel) belief for successful and
failed open loop executions. Throughout the successful trial, on average, our trained
medium classifier demonstrates a belief close to or below the desired 0.5 probability
score. For the failed trials, where knife gets stuck into the peel, the average belief
is above 0.5 probability score. Note: Failed trials, where the knife escaped the peel
during the task execution, skew the average belief towards the desired probability
score of 0.5 (left); the average belief appears more confident when such trials are
excluded (right).
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3.6 Online DMP adaptation

We reused the nominal DMP and trained classifier from the previous section and

constructed the closed-loop control scheme as shown in Fig. 3.3. First, the nominal

joint trajectory associated with learned DMP is transformed into the end-effector’s

trajectory in the Cartesian space, where all the required corrections are relatively

straightforward. As discussed previously, we use the probability of the knife being

inserted into the peel for deriving the required motion corrections. We used a simple

motion correction scheme for experimentation, in which the first half of the scooping

motion (where the most dominant movement component involves pushing the knife

downwards) is modulated towards the center of the grapefruit. In the second half of

the movement (where the knife slides under the segment), the motion was modulated

upwards. Thus, in each of the cases, the knife deviates from the peel region towards

the pulp region, when the estimated probability of peel increases. In both cases we

used a hand-tuned gain of 0.01 (i.e. 100% probability of peel would translate the

movement 10mm away from the nominal trajectory in the prescribed direction). It

should be noted that more complex schemes can be applied, e.g. modulation in the

direction of the normal to the side of the knife.

For this experiment we conducted 50 trials of grapefruit scooping on randomly chosen

segments in a total of 12 different grapefruits. As in the previous section, a successful

trial required the complete extraction of an intact segment without the knife getting

stuck inside the peel. The results are provided in the Table 3.2. 36 out of 50 trials

achieved successful task completion. In all of the 14 failed attempts, the knife entered

the peel at the start of the cut and propagated deeply before the peel could be clas-

sified. In these cases, the movement corrections towards the center of the grapefruit

failed, as the knife could not tear the peel with the side of the blade. Perhaps, in such

cases the DMP can be reversed and re-applied with estimated corrections, as the

classifier successfully reflected the event of knife being stuck in the peel.

Table 3.2: Method comparison

Control scheme Open-loop Closed-loop

Successful trials 55 36
Failed trials 56 14

Success rate 50% 72%
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In the successful trials, the knife visibly responded to the local increase in the res-

istance throughout the movement execution. It was clear that online movement ad-

aptation improved the segment separation. Since the modulated motion acts in the

direction approximately orthogonal to the boundary, it introduces a tearing effect.

Similar tearing motions can be observed in human executed grapefruit scooping,

where a knife’s reorientation lowers movement resistance by tearing through the

fibers.

It should also be noted that the described task is strongly dependent on several

factors. First, the nominal DMP plays an important role in the success of the task.

Since the proposed method relies on torque readings gathered from the execution of

the nominal trajectory, a poorly chosen movement can severely impair the medium

classification. Second, the experiment is highly sensitive to the sharpness of the

knife, as well as the position of the grapefruit relative to the initial pose of the knife.

Nevertheless, these experiments highlight the promise of uncertainty driven cutting

between mediums with differing stiffness properties.

3.7 Conclusions and next steps

We present an uncertainty-driven feedback control law and demonstrate its perform-

ance on the task of grapefruit segmentation. This task is selected because it re-

sembles a common surgical procedure where a hard tumour is extracted from soft

tissue, and physical material properties are used to guide human surgeons.

Automating tasks of this form is extremely challenging, as it requires cutting along an

uncertain boundary, subject to visibility constraints.

Our experiments show that a simple movement correction scheme, where the move-

ment of a robot arm is modulated along a single Cartesian axis in response to the

probability of being in a given medium, significantly improves cutting performance.

Although the presented task could be reduced to a planar problem (as discussed in

section 3.3), the provided analysis considers a broader case of robot motion in 3D

Cartesian space. In the next chapter, we will show how the approach described here

can be extended to learn other cutting movements, including those subject to non-

holonomic constraints.



Chapter 4

Non-holonomic DMPs using the

Udwadia-Kalaba method

Dynamic Movement Primitives (DMPs) offer great versatility for encoding,
generating and adapting complex end-effector trajectories. DMPs are
also very well suited to learning manipulation skills from human demon-
stration. However, the reactive nature of DMPs restricts their applicab-
ility for tool use and object manipulation tasks involving non-holonomic
constraints, such as scalpel cutting or catheter steering. In this chapter,
we extend the Cartesian space DMP formulation by adding a coupling
term that enforces a pre-defined set of non-holonomic constraints. We
obtain the closed-form expression for the constraint forcing term using
the Udwadia-Kalaba method. This approach offers a clean and practical
solution for guaranteed constraint satisfaction at run-time. Further, the
proposed analytical form of the constraint forcing term enables efficient
trajectory optimization subject to constraints. We demonstrate the useful-
ness of this approach by showing how we can learn robotic cutting skills
from human demonstration.

4.1 Introduction

A characteristic feature of many cutting tasks is the prevalence of non-holonomic

constraints (Fig. 4.1). When cutting, it is often unnatural and undesirable to move

the blade along the lateral direction, as it can induce uncontrolled material tearing.

Instead, one aims at neat and predictable material separation [48]. If we aim to

automate the performance of these tasks by a robot, then that autonomous system

must account for these types of constraints, especially when precision plays a crucial

role such as in surgery.

47
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Figure 4.1: Cutting tasks feature non-holonomic constraints that must be considered
in automation: a pure lateral movement of the blade is undesired, as it causes
unnecessary stress to the material and risks tearing, an unwanted mode of fracture
propagation.

Non-holonomic systems attract substantial research interest, especially in the area

of mobile robotics [118, 119]. More recently, it has been extensively studied in the

context of steerable needles [120, 121], as well as in robotic cutting [122], particu-

larly in the tele-operation setting [44, 123, 124]. In this chapter, we present a novel

strategy for Learning from Demonstration (LfD) the task of robotic cutting subject to

these non-holonomic constraints. As in the previous chapter, we focus on the use

of Dynamical Movement Primitives (DMPs) as a representation of the policy. DMPs

provide an intuitive way to encode complex kinematic trajectories. The underlying

attractor dynamics of DMPs ensure the system’s convergence to a goal state, and

offer robustness against uncertainties and perturbations. However, the reactive nature

of DMPs makes it difficult to encode behaviours subject to non-holonomic constraints.

In contrast to systems only under holonomic constraints, such as contact constraints,

the non-holonomic systems are path-dependent; therefore, a reactive movement ad-

aptation requires global trajectory re-planning for a non-holonomic system to reach

the goal state. Besides, it is challenging to capture faithful end-effector orientation

with kinesthetic demonstrations. As a result, this further complicates the application

of LfD to non-holonomic systems.

The main contribution of this chapter is a scheme to alleviate these issues, demon-

strated in the cutting task, wherein we first encode the pose trajectory using two

uncoupled DMPs, a position DMP and an orientation DMP. Generally, such decom-

position is not strictly necessary [125]; however, as will become clear in the following

sections, it is convenient to structure the motion using distinct position and orientation
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components. Next, we extend the position DMP with an analytically-derived coupling

term that imposes a non-holonomic equality constraint. As will be discussed in the

following sections, the addition of this analytical forcing term establishes the con-

strained equation of motion, by modifying the acceleration of an unconstrained system

at runtime. As a result, if the demonstrated pose trajectory violates the constraint, the

Non-holonomic DMP rollout will deviate from the demonstrated position trajectory. Fi-

nally, we demonstrate how these deviations from the demonstrated position trajectory

can be minimised while satisfying the non-holonomic constraint.

While many researchers have proposed various coupling terms for tackling different

types of constraints in DMPs [126], e.g. obstacle [127] or surface [128] constraints, in

this chapter, we focus on the “rolling-without-slipping” constraint [129], which is relev-

ant in many practical applications such as cutting or catheter steering. Moreover, we

derive a closed-form expression for the constraint coupling term using the Udwadia-

Kalaba (UK) theory [130], for the first time in the DMP literature to the best of our

knowledge.

4.2 Background

4.2.1 Orientation DMPs

The original DMP formulation described in the 2.4.2 section is best suited to encoding

trajectories in joint angle space or position trajectories in Cartesian space. However,

orientations belong to the special orthogonal group SO(3), which is a manifold. Thus,

the above formulation is not suitable for use in traditional integration schemes that

assume flat Euclidean spaces. [106] introduced the orientation DMP, which was later

extended by [131] to preserve the SO(3) structure, and further improved by [132]. A

formulation of orientation DMPs based on rotation matrix can be described as follows

[131]:
τẇ = αx(βx log(RgR

T )−w)+fq(s),

τṘ= [w]R,
(4.1)

where ẇ ∈R3 is angular acceleration vector, w ∈R3 is angular velocity vector, [w] ∈
R3×3 is a skew-symmetric matrix of w and fq(s) ∈R3 is nonlinear forcing function for

orientation. R and Rg ∈ SO(3) are rotation matrices that uniquely specify the current

and goal orientations, respectively.
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Assuming constant angular velocity w, the above differential equation on SO(3) has

the following closed-form solution:

R= exp([w]∆t)R0, (4.2)

where R0 is the initial orientation and exp(·) is the exponential mapping given by the

Rodrigues’ formula:

exp([w]∆t) = I3 +
sin(θ)

θ
[w]+

1− cos(θ)
θ 2 [w]2, (4.3)

where θ = ||w||.

Its inverse, the logarithmic map from eq. (4.1), is defined as the following:

log(R) =

{
[0,0,0]T , R= I3

w = θn, otherwise.

θ = arccos
(

trace(R)−1
2

)
, n= 1

2sin(θ)

r32 − r23

r13 − r31

r21 − r12

 .

(4.4)

4.2.2 Constrained dynamics

In this section, we describe constrained dynamical systems with an explicit form of

constraint forces. First, let us consider an unconstrained dynamical system described

by configuration space Q, which is an open subset of Rn with coordinates σ =

[σ1, ...,σn]
T , as follows:

M(σ)σ̈ = func(σ, σ̇), (4.5)

where M ∈ Rn×n is the mass inertia matrix, and σ̈, σ̇ and func denote generalized

unconstrained acceleration, velocity and known unconstrained forcing term, respect-

ively.

The motion of the above system can be restricted by introducing a set of m < n

Pfaffian velocity constraints [133]:

ϕT
i (σ)σ̇ = 0, i = 1, . . . ,m, (4.6)
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where ϕi ∈ Rn are linearly independent constraint vectors.

If there exist differentiable functions gi(σ) :Rn 7→R, such that ϕi(σ)= ∂gi(σ)/∂σ for

i = 1, . . . ,m, then velocity constraints of the form (4.6) can be reduced to the following

constraints on the configuration space:

gi(σ) = 0, i = 1, . . . ,m. (4.7)

The above constraints restrict the configuration space of the unconstrained system

to n−m dimensional submanifold and are called holonomic. Constraints, that cannot

be reduced to the form of (4.7) are called non-holonomic. Note that non-holonomic

constraints restrict the instantaneous motion but not the configuration space.

The dynamics of the constrained system can be viewed as a system subjected to

constraint forces fcon, as follows [129]:

M(σ)σ̈ = func(σ, σ̇)+fcon

= func(σ, σ̇)+AT (σ)λ
(4.8)

where A = [ϕT
1 (σ) . . . ϕT

m(σ)]
T ∈ Rm×n and λ ∈ Rm is a vector of Lagrange multi-

pliers.

The computation of the Lagrange multipliers λ is often a difficult task. Except for the

simplest cases, the Lagrange multipliers need to be solved numerically. Moreover, the

Lagrange multiplier is generally not unique for a given constraint force [134].

The UK theory, proposed by Firdaus Udwadia and Robert Kalaba in 1992, offers

great advantages over many alternative methods for modeling constrained dynamical

systems. In comparison to other methods (such as Hamel’s equations [135], Kane’s

formulation [136], Poincarè’s equations [137] or Gibbs–Appell method [138]), that

rely on Lagrange multipliers or other auxiliary variables, the UK method provides a

concise and clear explicit expression of the constraint forces based on the generalized

coordinates alone. In the context of constrained DMPs, this significantly simplifies the

computation of the constraint accelerations.

In the next section, we present a description of the Udwadia-Kalaba method for

deriving an analytical expression of constraint forces fcon, which greatly simplifies

the task.
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4.2.3 Udwadia-Kalaba method

Consider an unconstrained dynamical system (4.5) subjected to a set of m equality

constraints (4.6), which could include holonomic or non-holonomic (or a combination

of both). A key step in the UK approach is the transformation of the constraint equa-

tions into the following second order form:

A(σ)σ̈ = b(σ, σ̇), (4.9)

where b ∈ Rm is known generalized velocity vector.

In the case of Pfaffian constraints (4.6), this is achieved by taking the time derivative

(under the assumption that it is sufficiently smooth), as follows:

d
dt
ϕT

i (σ)σ̇ =
n

∑
j=1

ai j(σ)σ̈ j +
n

∑
j=1

d
dt

ai j(σ)σ̇ j = 0, (4.10)

where ai j(σ) is the j element of the constraint vector ϕi(σ), and

d
dt

ai j(σ) =
n

∑
k=1

∂ai j(σ)

∂σk
σ̇k. (4.11)

Let us define bi as following:

bi(σ, σ̇) :=−
n

∑
j=1

d
dt

ai j(σ)σ̇ j. (4.12)

Finally, we can express eq. (4.10) in the following form:

n

∑
j=1

ai j(σ)σ̈ j = bi(σ, σ̇), i = 1, . . . ,m. (4.13)

Note, that the above equation is equivalent to the second order form (4.9).

The main result of the UK approach is the explicit expression of motion under con-

straints (4.9) as:

M(σ)σ̈ = func(σ, σ̇)+fcon(σ, σ̇), (4.14)

where fcon ∈ Rn denotes the constraint forcing term, whose closed-form is provided

by the following equation:
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fcon =M
1
2 (AM− 1

2 )+(b−Afunc), (4.15)

Here, superscript + indicates the Moore-Penrose pseudoinverse.

It should be noted, that the UK formulation of constrained dynamics assumes that the

constraint is satisfied by the initial condition.

4.3 Non-holonomic DMPs

4.3.1 UK-based coupling term for enforcing non-holonomic con-

straint

Consider a non-holonomic constraint of the following form:

cT ṗ= 0, (4.16)

where c and ṗ ∈ R3 are the constraint and instantaneous velocity vectors, respect-

ively, both expressed in the world frame.

We can turn the above constraint equation into second-order form by differentiating it

with respect to time:

ċT ṗ+cT p̈= 0, (4.17)

where p̈ ∈ R3 is vector of instantaneous unconstrained acceleration.

By comparison with (4.9), we can identify the generalized velocity vector as b=−ċT ṗ.

Assuming the identity mass inertia matrix, i.e. M = In, we can express the non-

holonomic constraint forces using the UK formula (4.15):

fcon = c+(b−cT p̈) (4.18)

The above analytical expression for constraint forces fcon can be incorporated as

an additional DMP coupling term. The encoding of the end-effector’s pose under

constraint (4.16) can be achieved by composition of constrained DMP for position

and an unconstrained DMP for orientation, as follows:
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τp̈con = αx(βx(pg −p)− τṗ)+fp(s)︸ ︷︷ ︸
p̈

+ fcon,

τẇ = αx(βx log(RgR
T )− τw)+fq(s),

(4.19)

where p̈con ∈ R3 is constrained acceleration vector, p and pg ∈ R3 are current and

goal position vectors, respectively.

As will become clear in the following section, the above equations are coupled via

fcon term, which is a function of angular velocity w.

The fcon term guarantees the satisfaction of the constraint eq. (4.16) by modifying the

system’s acceleration at run-time. In addition, the explicit expression for fcon enables

efficient trajectory optimization for fcon = 0, such that

• the constraint eq. (4.16) is satisfied,

• deviations from the demonstrated position trajectory are minimized.

In the following section, we show how the optimization of the orientation DMPs achieves

the above objectives in learning autonomous cutting skills from a demonstration.

4.3.2 Learning cutting skills from demonstration

Consider learning scalpel cutting skills from demonstration using DMPs under the

non-holonomic constraint, as described in the previous section. Fig. 4.2 (left) shows

the local body-frame of the scalpel with respect to the world frame. Let’s denote the

coordinates of body-fixed frame as (x̂b, ŷb, ẑb), where x̂b = [1,0,0]T , ŷb = [0,1,0]T

and ẑb = [0,0,1]T . Let the rotation matrix describing the orientation of the body-fixed

frame with respect to the world frame be denoted as R. In this task, we want to

prohibit the lateral motion of the scalpel, thus we define the constraint vector from the

non-holonomic equation (4.16) as c =Rŷb. Corresponding b vector from eq. (4.18)

is therefore equal to b=−(Ṙŷb)
T ṗ. Recall that Ṙ= [w]R, thus the constraint force

vector fcon is a function of angular velocity w. It is, therefore, possible to optimize the

rotation for zero constraint forces, as described in the previous section. Solving for

fcon(w) = 0 is a nonlinear problem, which can be approached numerically. The w

solution can be found by minimizing the loss function L (w) = ||fcon(w)∥2.
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4.4 Experiments

4.4.1 Numerical example

Here we provide a concise illustration of the proposed non-holonomic DMP formu-

lation used to learn a cutting skill from demonstration. We assume that cutting is

required along a desired curved contour on the XY plane. As before, we represent

the cutting task with a kinematics model that prohibits lateral motion of the blade

(the coordinate system of the scalpel is shown in Fig. 4.2, left). In this example, we

apply the position trajectory that matches the desired cutting contour and devise an

orientation trajectory that violates the constraint, as illustrated in Fig. 4.3A.

Fig. 4.2 compares the resulting trajectories of the regular DMP (solid lines), the DMP

constrained by constraint coupling term fcon (dashed lines) and DMP with an op-

timized orientation for fcon = 0 (dotted lines). As expected, the regular DMP closely

follows the demonstration for both position and orientation components. Since the

demonstrated pose trajectory violates the constraint, so does the regular DMP. The

constrained DMP closely imitates the demonstrated unconstrained orientation traject-

ory. However, the system deviates from the desired position trajectory as the result

of acting constraint forces fcon. Finally, the DMP with optimized angular velocity w

shows the adjustments in orientation trajectory (note the yaw angle) for maintaining

zero constraint forces fcon. As the result, the system follows the desired position

trajectory without violating the constraint. Fig. 4.3 shows the corresponding poses

of the scalpel in 3D.

In this example, the demonstration position trajectories were x(t) = sin2(πt), y(t) =

sin3(1
2πt) and z(t)= 0 for all t. The orientation trajectories were generated with α(t)=

0 for roll angle, β (t) = π

4 for pitch angle, and γ(t) = arctan2(x(t),y(t)) for yaw angle.

The number of radial basis functions in DMPs was set to 100, with τ = 1, αx = 25,

βx = 6.25 and αs = 1. The DMPs were integrated using the Implicit Euler method, with

time step ∆t = 0.001s. For optimization, we used implementation of BFGS algorithm

in SciPy [139]. The visualization of the scalpel trajectories in Fig. 4.3 was implemented

using pytransform3d library [140]. The code for this example is available at https:

//github.com/straizys/nonholonomic-dmp.

https://github.com/straizys/nonholonomic-dmp
https://github.com/straizys/nonholonomic-dmp
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Figure 4.2: (Left) Scalpel frame. (Other) Regular DMP (solid lines) imitates the
demonstrated cutting trajectory that closely follows the desired curved contour on
the XY plane, but violates the constraint (equation 4.16). The DMP constrained by
fcon term (dashed lines) satisfies the constraint and closely follows (unconstrained)
orientation trajectory, but deviates from the (constrained) x and y trajectories. The
DMP with optimized orientation (dotted lines) closely follows the desired position and
orientation trajectories, and satisfies the constraint.

4.4.2 Learning elliptical excision from demonstration under non-

holonomic constraints

In this experiment, we apply the proposed approach for learning non-holonomic DMPs

from demonstration to the case of elliptical tissue excision (Fig. 4.1, left). The exper-

imental setup consists of a tissue phantom and a cutting tool with a mounted 6DOF

electromagnetic (EM) motion tracking sensor (Polhemus VIPERTM FT-Flatsided), as

shown in Fig. 4.4. As suggested by Polhemus VIPERTM user manual, the sensor is

positioned approximately 1 cm or more away from the conductive blade, to avoid EM

distortions.

During the experiment, the demonstrator performed a series of eight elliptical ex-

cisions on the phantom. The pose trajectory of the sensor was captured at a fixed

rate of 120 Hz and converted to a corresponding pose trajectory of the blade, as

follows. We define the blade frame with respect to the sensor frame using following

homogeneous transformation:

Tsb =

[
Rsb tsb

01×3 1

]
=


1 0 0 5.2
0 1 0 0
0 0 1 1.3
0 0 0 1

 , (4.20)
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Figure 4.3: Snapshots of scalpel trajectories. A Demonstration that violates the non-
holonomic constraint. Note, that blade moves in the prohibited lateral direction (ŷb,
green) towards the end of task execution. B DMP constrained by the coupling term
fcon. C DMP with optimized orientation for fcon = 0. Note, that the optimized DMP
closely follows the desired path on XY plane (marked by dotted line) and ŷb vector is
normal to a contour tangent.
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Figure 4.4: Schematic diagram of the cutting tool and sensor configuration, and the
coordinate frames used in the experiment.

where Rsb ∈ SO(3) is the rotation matrix representing the orientation of the blade

frame in the sensor reference frame, and vector tsb ∈ R3 is the position of the blade

frame with respect to the sensor frame, expressed in cm (see Fig. 4.4). The pose tra-

jectory of the blade with respect to the world frame is then simply Twb(t) = Tws(t)Tsb,

where Tws(t) is the time-varying homogeneous transformation representing the ori-

ginal pose trajectory of the sensor.

Eight segments of Twb(t) trajectory corresponding to each elliptical excision were

manually extracted. For each segment of the position trajectory, we subtracted the

initial positions such that resultant XY Z trajectories start at the origin (i.e. relative to

the initial positions of the blade). Finally, the time series were filtered using a 3rd-order

Butterworth low-pass filter with a 4.8 Hz cut-off frequency (i.e. the passband is 1/25th

of the 120 Hz sampling frequency).

As discussed in section 4.2.3, the UK method requires the initial condition to satisfy

the constraint. We enforced this condition by projecting blade’s initial velocity vector

ṗ0 onto the XZ plane of the blade frame, as follows:

ṗ′
0 = P (P TP )−1P T ṗ0, (4.21)

where ṗ′
0 is the orthogonal projection of ṗ0 onto the plane defined by matrix P =

[Rwbx̂b,Rwbẑb]. Here, Rwb is the rotation matrix representing blade’s orientation

with respect to the world frame, x̂b and ẑb are basis vectors of the blade frame,

respectively.
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A
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C

Figure 4.5: A Mean and standard deviation (N = 8) of blade trajectories in the
elliptical excision task (individual trajectories are shown as thin semi-transparent
lines). B Trained non-honomic DMPs with orientation optimized for zero fcon. C
Adjustments to orientation trajectories of the blade. Note: Roll, pitch and yaw angles
follow the extrinsic xyz Euler convention.

Finally, the obtained pose trajectories of the blade were used as demonstrations to

train the proposed non-holonomic DMPs with optimized orientation (the DMP para-

meters, i.e. number of RBFs, τ , αx, βx and αs, matched those in the numerical

example above). Fig. 4.5A shows the distribution (mean and ±1 standard deviation)

of demonstrations. The evaluated constraint eq. (4.16) shows that, on average, the

constraint violation peaks in the middle of task execution. Partially, this can be ex-

plained by the velocity variable ṗ, which reflects the natural acceleration-deceleration

motion profile. Alternatively, this can be related to an awkward wrist configuration

as the scalpel passes through the peak of the parabola (Fig. 4.1). Interestingly, the

constraint curve highlights the systematic violation of the non-holonomic constraint,

predominantly along the positive ŷb vector of the blade frame.

Fig. 4.5B shows the distribution of trained non-holonomic DMPs with optimized orient-

ation. As expected, the position trajectories of the blade match the original demonstra-

tions. However, the orientation trajectories show noticeable adjustments, in particular,

to roll and yaw angles of rotation. Most importantly, the optimized non-holonomic
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DMPs satisfy the constraint throughout the entire task execution. Fig. 4.5C shows

the individual adjustments to roll, pitch and yaw rotations of the demonstrated pose

trajectories. With an exception to an outlier (blue line), most orientation adjustments,

as expected, are made to yaw rotation (reaching 30 degrees of angle correction).

4.5 Conclusions

In this chapter, we presented a novel approach to constrain DMPs through an ad-

ditional coupling term deived from an analytical solution derived using the Udwadia-

Kalaba method. This approach enables the incorporation of a wide range of equality

constraints and their combination, such as holonomic, nonholonomic, scleronomic,

rheonomic, catastatic and acatastatic, among others [130]. The analytical expression

of the constraint forcing term allows evaluation of the constraint forces at run-time.

Our experiments demonstrate the efficacy of the proposed method in learning robotic

cutting skills from demonstrations under non-holonomic constraints.

The proposed approach does have several limitations, addressing which is a focus

of our current and future work. Firstly, the described Udwadia-Kalaba method for the

explicit expression of constraint forces applies to equality constraints only. Therefore,

it excludes a highly relevant class of constraints, such as joint limits or collision avoid-

ance. Secondly, the UK approach assumes that the constraint is satisfied by the initial

condition already (which need not be the case when the task is initialised arbitrarily in

practical applications). Finally, the described approach relies on run-time optimization

to ensure that the constrained DMP follows the demonstration - this may need further

computational treatment for efficient embedded and real-time implementation.



Chapter 5

Modelling elliptical excision forces to

understand surgical skill

Manipulation of soft viscoelastic media is an essential feature of surgical
skill. Understanding this skill quantitatively, through generative models, is
essential both for accurate quantification of surgical skills, and for even-
tual automation in robotic platforms. We draw attention to the force mod-
ality as a key attribute for in-depth understanding and generative model-
ling of the manipulation skill, after highlighting some limitations of tradi-
tional techniques that relied only on descriptive statistics of force-based
measurements. Our study is based on an elliptical excision procedure,
a representative manipulation task involving soft viscoelastic material,
and we use this to demonstrate that incision forces a) carry valuable
information defining the skill, and b) contain revealing temporal structure
that is relevant for skill interpretation, but inaccessible via conventional
descriptive statistics. We propose a novel sensorised scalpel, along with
a generative model, that allow capturing these temporal features and
enable a vast array of downstream analysis and data collection, in ap-
plications spanning forensics, pathology and surgical skill quantification.

61
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5.1 Introduction

Time and motion studies are frequently used to model, analyse and understand com-

plex human manipulation tasks. This remains the case in the context of deformable

tissue handling or manipulation, despite broad acknowledgement of the importance

and role of forces in these tasks. For the most part, this reliance on kinematic sensing

is due to a limited ability to measure forces at the tool-tissue interface. The ability to

capture high-fidelity information at this interface is key to downstream applications and

analysis across a broad range of research areas, including pathology, forensics and

surgical skill understanding. In this chapter, we introduce a low-cost, easy-to-replicate

tool and accompanying models that enable this.

In this chapter, we consider the surgical procedure of elliptical excision, in which skin

incisions are made along a parabolic curve before tumour resection. The purpose of

this procedure is to remove tumorous tissue within a specified margin. The removed

specimen is then sent for examination that evaluates the margin of malignant cells,

and in unfortunate cases concludes the risk of tumour recurrence.

As is the case for many important and practical manipulation tasks, the outcome

and the quality of task execution directly depends on both the overall amplitude and

the temporal characteristics of the applied forces. Throughout an incision, the non-

dominant hand applies continuous tension to the tissues surrounding the cutting

contour, while the dominant hand controls the scalpel’s movement [141]. Successful

tissue dissection implies the application of appropriate force levels [26] - sufficient for

deliberate and controlled tissue separation, but not too excessive to avoid iatrogenic

tissue damage [142]. In addition, cutting forces are continuously modulated by active

tissue tensioning and the scalpel’s nonholonomic-like movement through viscoelastic

tissues.

Despite the central role that forces play in surgery [143–145], the analysis of these

remains a novel area of research [26], as the majority of developed methods for

analysing these skills are vision-based and mainly focus on instrument motion [30,

146–148]. However, there is some evidence that force-based performance metrics

can be superior to metrics that are based on movement alone [29]. In addition, recent

studies indicate that tool-tissue interaction forces can uniquely reflect a surgeon’s

competence [28]. Interestingly, studies show lack of correlation between tool-tissue
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Figure 5.1: Overview of the proposed elliptical excision force model, sensorised
scalpel and the experiment. a Maxwell model of the cutting process, where x denotes
blade’s displacement, d is depth of excision, θ is angle of blade insertion, v is
blade’s velocity, E and η are spring and damping coefficients, respectively. (Pink
and ivory colours denote the outer and inner layers of tissue phantom, respectively.
The shaded area corresponds to the phantom region separated by the blade.) b
Generated incision force and blade displacement profiles versus the actual incision
force measurement (blue). (E = 1 N cm−1, η = 0.5 N s cm−1, v ∈ [0, 8] mm
s−1 with standard deviation of 0.35 mm s−1). c Concept design of the sensorised
scalpel (here LDC is Inductance-to-Digital converter, MCU is Micro-controller Unit
and USB is Universal Serial Bus). d The experiment: 12 medical students and two
professional surgeons were asked to perform a series of 12 elliptical excisions on a
tissue phantom.

forces and motion parameters [149]. Moreover, unlike motion parameters [150, 151],

force parameters show no correlation with the execution time of surgical tasks [152,

153]. The above body of evidence indicates that the force modality may offer distinct

information that is largely ignored by time and motion studies.

When force sensing is employed, the descriptive statistics applied by most studies

disregard the temporal structure of force measurements under stationarity assump-

tions. This assumption is highly unrealistic for tasks like elliptical excision, where

viscoelastic properties of tissues and a set of distinct phases of task execution cause

the forces to exhibit strong time-dependent behaviour (Fig. 5.1a, b). Here, we propose

and use a generative model of elliptical excision forces to encode the behavioural

characteristics of the task execution. In our method, we extend the switching dynamics

of a Markov model [154, 155] with a latent continuous dynamical system that cap-

tures the viscoelastic properties of scalpel-tissue interaction [156,157]. Our proposed
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elliptical excision force model captures the following components of the observed

behaviour: 1) the step-like force profile with distinct transient and steady-state phases,

2) the amplitude and envelope of the force profile, characterised by the upper and the

lower force boundaries, 3) the variation of the force magnitude in both transient and

steady-state phases, and 4) the smoothness of task execution flow, characterised by

the frequency of interruptions due to discrete events of tissue re-tensioning or finger

re-positioning.

In this chapter we show that a) these components can compactly describe the execu-

tion of elliptical excisions, b) our generative model offers greater insight into analysis

of skill when compared to descriptive statistics, and c) the model can quantify the

subjective evaluation of excision skills and enable the comparison of expert assessors

with differing implicit assessment criteria. In order to apply this model to investigate

scalpel cutting skills [16, 158, 159] in an elliptical excision task, we first developed

a low-cost sensorised scalpel and an easy-to-replicate multilayered skin-mimicking

phantom (Fig. 5.1c, d). We then collected a dataset of 12 incision force profiles from

12 medical students, with video recordings of these incisions evaluated by surgical

experts, followed by performance analysis using traditional force-based descriptive

statistics. Finally, we contrasted this approach with our generative model and found

our model superior to descriptive statistics in terms of its ability to analyze the surgical

skill and the implicit criteria employed by experts during evaluation.

To summarize, the core findings of this chapter are as follows:

• Force sensing at the tool-tissue interface enables detailed analysis of manip-

ulation tasks and surgical skill quantification that can be aligned with expert

evaluation criteria.

• Commonly considered descriptive statistics that fail to account for non-stationarity

are severely limited here, and force-based analysis of manipulation tasks re-

quires a model that explicitly decomposes observations into amplitude and

temporal components.
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Figure 5.2: (Top) PCB layout design of the prototype. (Bottom left) Schematic of the
planar 8.6 µH inductor: 8 mm diameter, 11 turns per each of four layers, 0.1 mm
trace width and 0.1 mm spacing. (Bottom right) Schematic of sensor coil and target
placement (uniaxial force sensor variant).

5.2 Sensorised cutting instrument

We constructed a uniaxial force sensor based on Texas Instrument’s LDC1612 inductance-

to-digital converter (or LDC) and a 3D printed flexible element. The LDC provides

reliable position measurements at submicron resolution [160], which in combination

with a flexible element with a known stress-strain characteristic, enables the construc-

tion of displacement-based force sensors. The LDC measures the distance between

a conductive target and an inductive coil using the resonant sensing principle. The

inductive coil in parallel with the capacitor forms a resonant circuit in which the altern-

ating current flowing through the inductor generates an alternating magnetic field. As

a result of Faraday’s law, the alternating magnetic field induces eddy currents on the

surface of the conductive target as a function of the target displacement. As per Lenz’s

law, these eddy currents create an opposing magnetic field that reduces the nominal

inductance of the resonant circuit, and hence, increases the resonant frequency. The

LDC measures this frequency shift and thus provides information about the target’s

displacement with respect to the inductor. By fixing the target to the free end of the

flexure with a known stress-strain characteristic, a displacement measurement can

be transformed into a force measurement.
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The designed cutting tool consists of two key components, 1) a printed circuit board

with an inductive coil, and 2) a flexure with a conductive target. The schematic for the

uniaxial force sensor is shown in Fig. 5.2. The inductor is implemented as a circular

planar coil of 8 mm diameter. In the rest configuration of the flexure, the effective 8.6

µH inductor (in parallel with 330 pF capacitor) focuses the alternating magnetic of

2.985 MHz frequency into the conductive target located 3.4 mm below. In our design,

we used 10 mm square aluminium film of 0.2 mm thickness. The displacement range

of the target is restricted to 1.6 mm, with a minimum distance to the inductor of 1.8

mm. When the flexure is at its maximum displacement configuration, the resonant

frequency shifts from 2.985 MHz to 3.025 MHz (40 kHz shift, 1.3 % of the nominal

resonance at zero displacement). According to [161], the maximum effective resolu-

tion achievable with the given frequency variation is 14-15 bits. The dimensions of the

printed circuit board are 100 mm x 13.5 mm. The 4-layer board incorporates differ-

ential sensor coils, the LDC1612 inductance-to-digital converter, an MSP430F5528

microcontroller, power supply circuitry and a USB connector. The microcontroller

configures the LDC via the I2C interface, implements USB Communication Device

Class, processes and streams sensor data to a host computer.

The displacement is established by a one-piece 3D printed flexure, in which the

free end displaces the conductive target under the presence of external force. As

with any displacement-based force sensor, one of the main challenges is to max-

imize the stiffness of the flexure, while achieving the desired sensitivity. 3D printing

provides a relatively easy way of experimenting with various design parameters, such

as stiffness, strength, and geometry, as well as printing process parameters, such as

material, printing orientation, etc. Importantly, 3D printing facilitates accessibility and

reproducibility of the design, while maintaining a cost-effective development process.

In this study, we use a blade flexure with design parameters shown in Fig. 5.2. The

flexure was 3D printed with an Ultimaker 3 Extended printer using PLA thermoplastic,

0.2 mm layer height, 20 % infill (triangle pattern) and 0.4 mm nozzle diameter. The

extruder temperature was set to 205 C, the travel speed was set to 70 mm per second

and the perimeter layers were set to 3. The printing was done at room temperature

controlled in a range between 19 and 21 °C. With these settings, the printed element

was approximately 50 microns wider in XY direction.
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Figure 5.3: Results for the incremental loading test.

Fig. 5.3 shows the results of the incremental load test. During the test, a fully as-

sembled device was incrementally loaded by ten 100 g calibrated weights (i.e. from

0.98 N to 9.8 N). The load was applied at the midpoint of the blade interface. The hys-

teresis (defined as the maximum difference between loading and unloading samples

relative to the full-scale output) is 3.9%. The dotted line on the graph represents the

linear least squares fit to the loading curve. The maximum deviation from the linear fit

(non-linearity) is 1.4% of the full-scale output and the sensitivity of the sensor is 3,752

counts per newton. Finally, the measured accuracy (maximum standard deviation of

sensor output at the maximum measured load and relative to the maximum measured

load, i.e. to 9.8 N) is 0.58%.

The above characterisation data is based on the single assembled unit (with N = 10
samples for each data point). The exact characteristics are expected to differ from

unit to unit, especially in the case of manual unit assembly. The dominant sources of

variance are the placement of PCB and flexure inside the enclosure (determine the

nominal distance between the sensor and the target), and mechanical properties of

the 3D-printed flexure (determine dynamic characteristics, such as hysteresis).
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5.3 Elliptical excision force model

The incision forces show temporal features that can characterize the cutting beha-

viour. We propose a generative model that captures these features in the force profiles

and enables the disentanglement of skill from incision force measurements.

Fig. 5.1a shows the approximate model of the task of cutting a viscoelastic phantom

as a continuous blade’s movement through a Maxwell body. In the context of this

approximation, the Maxwell model [162] relates the actual incision force f (t) to a

“virtual” velocity of the blade ẋ(t), as follows:

η ẋ(t) = f (t)+
η

E
ḟ (t) (5.1)

where ḟ (t) is the time derivative of the force, and η and E are the Maxwell model’s

damping and spring coefficients, respectively.

By taking the Laplace transform of equation (5.1) and rearranging the terms, we obtain

the transfer function G(s), which relates a virtual blade’s displacement X(s) and the

actual force F(s), as follows:

G(s) =
F(s)
X(s)

=
ηs

η

E s+1
(5.2)

The above transfer function indicates that the model exhibits high-pass characteristics

in the force response to the displacement input. This predicts an exponential decay of

force with a time constant η

E , as a response to a unit step displacement. Importantly,

this also predicts a step-like response in the force to a ramp-like displacement input,

and therefore, the observed cutting force profiles can be described as a response to

a continuous virtual scalpel displacement x(t) at a constant velocity. As such, this

model represents an elliptical excision process as a virtual hybrid system with K

linear regimes, in which the blade velocity ẋ(t) = vk is feedback-regulated by means

of switching between the discrete regimes v1, ...,vK . In this work, we show that such

formulation can bring a greater insight into the analysis of surgical skill when com-

pared to the descriptive statistics approach more commonly applied in this area. In

the next section, we focus on the problem of inferring the parameters of our model

from force measurements.
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5.3.1 Excision as a Switching Linear Dynamical System

The switching linear dynamical system [163–168] is an example of a broader class of

hybrid system, in which globally nonlinear dynamics are approximated by a series of

linear systems. In the generative model of a switching linear dynamical system, the

switching between each of its K linear regimes is described by a discrete hidden state

variable st ∈ {1, ...,K}. The evolution of st is characterized by K ×K transition matrix

Q that captures the probabilities of state transitions, i.e. P(st |st−1). The continuous

hidden state vector zt ∈RD evolves according to a D×D dynamics matrix A, and the

observation vector yt ∈ RL is generated according to an L×D observation matrix C,

as follows:

zt = A(k)zt−1 +w(k)
t , (5.3)

yt = C(k)zt +v(k)t . (5.4)

where A(k) and C(k) are associated with a regime st = k, and w(k)
t and v(k)t are the

disturbance and observation noise, respectively.

We model the elliptical excision process with two discrete linear regimes, k ∈ {L,U}.

Each regime corresponds to a constant virtual velocity of the blade, and satisfies vL <

vU (we call L — a lower regime, and U — an upper regime). For each of these linear

regimes, we model the uncertainty in the constant velocity as ṽk ∼N
(
vk,σ

2
k

)
, where

σ2
k is the variance of the velocity noise in the regime k. The continuous hidden state

vector zt =

gt

xt

1

, comprises gt and xt , the latent cutting force and virtual displacement

of the blade at time step t, respectively. Since we only measure the cutting force, the

observable yt is a scalar that represents the force measurement at time step t. The

continuous dynamics in the linear regime k is A(k) =

α β 0
0 0 ṽk

0 0 0

, where constants

α and β define the displacement-to-force relationship of the Maxwell model, and are

found by transforming the transfer function, equation (5.2), into the equivalent state

space form. The observation matrix in the linear regime k is C(k) =
[
γ δ 0

]
, where

γ and δ are the observation constants from the state space representation of the

Maxwell model’s transfer function. In this work, we set the spring constant E = 1 N

cm−1 and the damping coefficient η = 0.5 N s cm−1, which yield α = −2, β = 1,
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Figure 5.4: The elliptical excision force model. a A graphical model representation of
the generative model, where s is a discrete state, ẋ is blade’s velocity, x is blade’s
displacement, g is excision force, y is force measurement and t is a time step.
Shaded nodes represent the observed variables. b Hidden Markov Model (HMM)
with a hidden discrete state st (the cutting regime at time step t), and an observable
virtual velocity ẋt . c Markov chain with two cutting regimes defined by the transition
matrix Q. d Model fitting (1, 2 and 3) and data generation processes (4, 5 and 6). (1)
Actual measurements of forces collected during the trials. (2) The virtual displacement
derived from the force measurements using the Maxwell model. (3) The virtual velocity
profiles (finite differences of the displacement profiles) are used to train the HMM. (4)
The velocity sampled from the trained HMM (blue line). (5) and (6) The synthetic
displacement and force (blue lines), generated by the model.

γ = −2 and δ = 1 constant values. The parameters were chosen such that estim-

ated displacements approximately match the actual distance travelled by the scalpel.

Finally, given the uncertainty captured in the velocity ṽk, we can further assume the

disturbance-free dynamics (w(k)
t is zero vector) and noise-free observations (v(k)t = 0).
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A graphical representation of this generative model is shown in Fig. 5.4a. There

are several ways to infer the parameters of this class of models from observations.

For example, the variational approach to learning in switching linear dynamical sys-

tems [167] approximates the posterior probabilities of the hidden states by optimizing

evidence lower bound. In this study, we bypass the inference of discrete hidden states

st by assuming that velocities ẋ(t) are fully observable under the assumption of the

Maxwell model (Fig. 5.4b). This turns the switching linear dynamical system inference

into a problem of learning an HMM [169], fully characterized by transition probability

matrix Q (Fig. 5.4c) and the emission probabilities defined by vk and σ2
k , for each of

the linear regimes k. Given the virtual velocity profiles ẋ(t), this model can be easily

fit using the Expectation-Maximization algorithm [170].

Fig. 5.4d provides an overview of the model fitting process. First, the virtual dis-

placement profiles are derived from the force measurements using the inverse of

the transfer function, specified by Maxwell model parameters, equation (5.2). Then,

the obtained displacement profiles are numerically differentiated for estimation of the

virtual velocities ẋ(t). Finally, the obtained virtual velocity profiles are used to fit an

HMM with the Expectation-Maximization algorithm.

5.4 Experiment

Twelve right-handed medical students (four female and eight male) and two pro-

fessional surgeons (both male) were recruited for this study. We labelled medical

students with letters A to L, and surgeons with“SA” and “SB” labels (referring to

surgeon A and B, respectively). Only three subjects (A, C and D) repeated the trials

(two months after the first trial). Subjects that repeated the trials have a numeral in the

label indicating the trial order (e.g. “A2” means the second trial of subject A). None

of the student participants had any prior experience in surgical cutting tasks. The

study was approved by the University of Edinburgh, School of Informatics, Informatics

Ethics panel. All participants provided written informed consent to participate in this

study.

The participants were asked to perform a series of 6 elliptical excisions on the phantom

using the developed sensorised cutting tool (Fig. 5.1d). The use of a phantom model

instead of animal tissues allowed us to minimise the force variability caused by the

differences in tissue properties. Before each trial, a new blade (Swann-Morton No. 10)
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was mounted to the cutting tool. After receiving the task instructions, participants were

familiarized with the experimental setup, cutting tool ergonomics, phantom mechan-

ical properties, etc. Next, each subject was asked to rehearse the described task

using a dedicated sacrificial phantom. During the trials, the cutting forces that act

on the blade in the direction of cutting were recorded at a fixed frequency of 30 Hz.

Finally, at the end of the trials, each participant was asked to complete a post-study

questionnaire.

5.4.1 Data measurement

Each participant performed 6 elliptical excisions as a part of the task, yielding 12 force

profiles per trial (each excision consists of upper and lower cuts). The recorded pro-

files were time-aligned and cropped to a fixed length of 120 samples (i.e. 4 seconds

duration). Finally, the samples were normalized to the maximum force value in the

entire dataset.

Given the normalized force profiles f (t) (Fig. 5.5a), the virtual displacement profiles

x(t) (Fig. 5.5b) were obtained by solving the differential equation for the Maxwell

model, equation (5.1), as follows:

x(t) =
f (t)
E

+
1
η

∫ T

0
f (t) dt (5.5)

where f (t) is the corresponding force profile, T is the duration of the force profile, η =

0.5 N s cm−1 and E = 1 N cm−1 are Maxwell model’s damping and spring coefficients,

respectively. As discussed in section 5.3.1, these parameters were chosen such that

estimated displacements approximately match the actual distance travelled by the

scalpel.

The corresponding virtual velocity profiles ẋ(t) (Fig. 5.5c) were obtained by approx-

imating the time derivative of x(t) using the finite difference method with a step size

dt = 0.033.
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a

b

c

Figure 5.5: Data used for training the elliptical excision force model. a Normalised
measurements of excision forces. b Blade’s virtual displacement traces. c Blade’s
virtual velocity traces. Note: the individual traces are shown as semi-transparent lines
and their distribution (one standard deviation) is shown as coloured areas. For each
distribution, there is N = 12 independent trials.
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Figure 5.6: The design and construction of the multilayered skin-mimicking phantom.

5.4.2 Tissue phantom

Fig. 5.6 illustrates the design and material composition of the multilayered phantom

used in this study. The design consists of a gelatin base that simulates the recoil of

subcutaneous tissues, and a stack of three silicone layers that mimic the mechanical

properties of human skin. The outer silicon layer is reinforced by pre-tensioned power

mesh fabric that increases the tear strength of a sample. The gelatin base and silicon

layers are coupled through a thin layer of an ultrasound gel. The fully assembled

phantom has dimensions of 160 mm x 160 mm x 30 mm.

The fabrication of each phantom comprised of the following procedure. 64 g of gelatin

powder (240 Bloom) was spread across 640 ml of cold water and left unstirred for 20

min, then simmered and stirred until fully dissolved. The liquid was poured into a 3D

printed mould (160 mm x 160 mm x 25 mm volume container) wrapped in cellophane

film and was left to solidify overnight in a refrigerator.

Next, a square piece of power mesh fabric (180 mm x 180 mm) was secured to the

working surface under a slight amount of tension. 20 ml of two-part silicone rubber

(Smooth-On EcoflexTM 00-30, shore hardness 30) was thoroughly mixed in a 1:1 ratio

for 2 min and poured onto the center of stretched fabric in the series of three pours.

The silicone-saturated mesh was then left for 45 min to cure. When cured, the next

layer of 20 ml silicone (Smooth-On EcoflexTM GEL with shore hardness 000-35) was

mixed and poured over. Finally, the second batch of 25 ml Smooth-On EcoflexTM 00-

30 was poured over the pre-cured silicone layers. The silicone sample was left to cure

for 4 hours.

The cured silicone sample was placed on the full set gelatin base with a power mesh-

reinforced layer presenting the skin surface. The remaining edges of the power mesh

are trimmed to match the surface area of the phantom. The fully assembled phantom

is stored in a refrigerator prior to each experiment.
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Table 5.1: Expert grading of phantom realism (from least to most realistic. H - Hard,
S - Soft and VS - Very soft)

Realism Bottom layer Middle layer Top layer Comments

1 H (20 ml) N/A H (25 ml) Not very realistic
2 S (20 ml) N/A S (25 ml) N/A
3 S (20 ml) N/A H (25 ml) N/A
4 S (20 ml) VS (20 ml) H (20 ml) Child-like skin
5 H (25 ml) VS (20 ml) H (20 ml) An older adult’s skin
6 S (25 ml) VS (50 ml) S (20 ml) Realistic
7 S (25 ml) VS (20 ml) S (20 ml) Very realistic

The design of the phantom was selected after extensive validation with a single exper-

ienced surgeon, and selected for its realistic viscoelastic properties. A total of seven

phantom designs were evaluated according to the perceived realism of pressing,

stretching, pinching and cutting the phantom surface. All evaluated designs consisted

of a gelatin base with 100g per litre concentration and varying combinations of silicone

layers. We have chosen Smooth-On EcoflexTM Gel, Smooth-On EcoflexTM 00-30 and

Smooth-On Dragon SkinTM (shore hardness 10A) silicone rubbers to represent very

soft, soft and hard phantom layers, respectively. Table 5.1 shows the phantom design

ranking (from least to most realistic). A few summary points:

• Softer silicone rubbers (shore hardness < 30) appear more realistic.

• The combination of silicone layers with varying hardness increases realism.

Single-layer designs were scored lowest, while three-layer designs were rated

as most realistic.

• The hardness gradient (with a harder outer layer) plays a role in the realism of

shear loads (e.g. stretching the skin).

• The hardness of the bottom layer plays role in pressing load and can mimic the

age of the skin.
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Figure 5.7: Subject-specific distributions of the excision force profiles. Mean and
standard deviation (N = 12) of normalized force profiles for each of the medical
students (blue) and practicing surgeons (dark yellow and green). Subjects A, C and
D have repeated the trials after two months (orange). Fig. 5.5a shows individual force
profiles for each subject.

5.5 Results

Fig. 5.7 shows the distribution of force profiles (mean and standard deviation) for

each of the 12 medical students (blue), compared with force profiles of two practising

surgeons - consultant neurosurgeon (dark yellow) and plastic surgeon (green), each

with 5 years of experience. There is a considerable difference in the mean, variability

(standard deviation) and overall shape (envelope) of the incision force profiles across

the subjects. For example, force profiles of subjects H and J resemble an overdamped

step-like response with a smooth and even force level in the steady-state phase of

the excision, whereas force profiles of surgeon A (dark yellow) show noticeable force

modulation (e.g. dip in the force at t = 3 s). The narrow envelope of the profile distri-

bution (i.e. force profile variability) in the surgeon’s trials indicate that such modulation

is consistent, and hence, is likely to be a part of the cutting behaviour.

Subjective evaluation of the incision skills

Four surgical experts (two plastic surgeons and two neurosurgeons) subjectively eval-

uated all 15 trials (12 original trials plus 3 repeated, see Methods section for details)

independently, based on trial videos. The experts were asked to group the trials

according to their perceived proficiency (i.e. experts were free to evaluate the perform-

ance according to the criteria of their own choice) and provide comments to support

their judgement (Appendix A). Fig. 5.8 shows the boxplots of the grouped subjects

based on proficiency ratings from 0 to 3 (where 0 is the poorest performance).
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Figure 5.8: Box plots of force samples (N = 1,440) sorted by expert evaluation scores.
Subjective evaluation by surgical experts (Appendix A). Proficiency is scored from
lowest (0, darkest region) to highest (3, lightest region).
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The assessment showed poor inter-rated agreement [171] among the experts, with an

intraclass correlation coefficient (two-way random, single measures) of 0.45. Despite

agreeing in their assessments of the poorest performances (both subject F and the

second trial of subject C were rated the worst by each of the experts), experts showed

a noticeable difference in rating the average and top performers. For example, Expert

A rated subject G with the highest score of 3, while both experts B and C rated it as

the second poorest performer (score 1). In addition, subjects E and H were rated with

the highest score by experts C and D, but only with a second-lowest score by expert

A. Finally, experts A and C rated the first trial of subject A with the highest score, but

it was rated as the second poorest by experts B and D.

The discrepancies in subjective assessment of the overall proficiency perceived by

the experts highlight the challenges in teaching and assessing skills that are typically

mastered through apprenticeship. These differences in assessment might reflect the

different specialities, schools or experience levels of the experts. In this study, we treat

each expert assessment as an equally valid evaluation.

Below, we investigate the characteristics of elliptical excision performance that drive

each expert’s perception of skill. Specifically, we study the relationships between the

measured incision forces and the subjective assessments of skill based on motion

alone. In the following sections, we perform the analysis using the conventional force-

based metrics and introduce a generative model for elliptical excision forces that

decomposes force measurements into a set of independent components that uniquely

describe the manner of the excision. Finally, we provide an analysis of how these

components can explain the subjective criteria employed by each expert.

Traditional performance analysis

In this section, we analyzed the relationships between the subjective evaluations by

experts and the following objective force-based metrics: mean force, force variability

(standard deviation), peak force, scaled force (mean force divided by the peak force

value, an indication of force overshoot), derivative of force with respect to time [29]

(indication of the aggressiveness) and force integral (indication of cutting energy).

Levene’s test showed that the variance of incision force samples has a statistic-

ally significant difference across the subjects (p-value < 0.05). Therefore, the om-

nibus Welch’s ANOVA (analysis of variance) and Games-Howell post-hoc tests with a

family-wise error rate of 0.05 were used. Subjective evaluation by expert A showed no
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Note: Late finger repositioning 
(in the middle of parabola), 
constant tissue tensioning.

Note: No finger repositioning, 
constant tissue tensioning. Dip 
in force reflects a sudden turn of
the blade in the middle of parabola.

a b

Figure 5.9: Comparison of high scorers from expert evaluations. a High scorers from
expert A evaluation (second trials of subjects D and A) performed incisions with
frequent tissue re-tensioning. b High scorers from expert B evaluation (subjects H and
E) executed incisions with constant tissue tensioning. The blue lines are the individual
force profiles (depicted on the images), and the grey dotted lines and shaded regions
are the mean and standard deviations of force profiles from high scorers’ trials.

monotonic relationship with any of the described above force-based metrics. On the

other hand, expert B ratings showed positive monotonic relationship with the mean

force, peak force, scaled force and force integral metrics. Expert C ratings showed a

positive monotonic relationship with the mean force, scaled force and force integral

metrics. In the peak force metric, the middle rated groups (with scores 1 and 2) by

expert B showed no significant difference. For expert C, no significant difference

is registered between groups with scores 1, 2 and 3 in the mean force and force

integral metrics, and groups 2 and 3 in the scaled force metric. In addition, ratings

from experts B and C show negative monotonic relationship with the time derivative

of force (groups rated with scores 0, 1 by expert B, as well as groups rated with

scores 2 and 3 by expert C show no significant difference). Expert D shows a positive

monotonic relationship with scaled force, with groups scored 1 and 2 showing no

significant difference. No monotonic relationship between the subjective assessment

of experts and force variability is registered.

The analysis above suggests that experts B and C reward the incisions that are

executed with smooth (i.e. uninterrupted) force profiles of larger amplitude and low

overshoot. This observation is in agreement with an intuitive interpretation of the

force-based metrics - higher force integral (larger incision forces with longer duration)
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along with lower force derivative corresponds to “confident” incisions with consistent

application of forces throughout the task execution. In the case of expert D, there is

an indication that the expert penalizes the excisions with an overshoot in the force

profile.

However, the above analysis fails at explaining the implicit criteria of expert A. Fig. 5.9

compares the high scorers from the experts’ evaluations. The top scorers from expert

A evaluation executed the incisions with distinct frequency of tissue re-tensioning. In

contrast, the top scorers from evaluation by experts B and C show noticeable passivity

of the non-dominant hand - the surrounded tissues held in constant tension with

occasional finger re-positioning in the later stages of task execution. The inspection

of the commentary from expert A (Appendix Table A.2) further suggests that active

re-positioning of fingers (or tissue re-tensioning) might be one of the dominant per-

formance criteria employed by the expert. Nevertheless, the traditional force-based

metrics fail to identify this rating dimension. In the following section, we show how

this problem can be addressed by exploring the parameter space of our probabilistic

generative model.

Elliptical excision force model parameters and behaviour analysis

The proposed elliptical excision force model encodes the observed cutting behaviour

using the following set of parameters with meaningful and intuitive interpretation:

• vL and vU, which determine the lower and upper excision force levels and char-

acterise the overall amplitude and the spread of the force profile distribution.

• σ2
L and σ2

U, which capture the uncertainty of the upper and lower excision force

levels and reflect sample-to-sample variability within the force profile.

• transition probability matrix Q =

[
q11 q12

q21 q22

]
, which determines the temporal

characteristics of the incision force profile, i.e. the modulation of forces ob-

served in the experiment. Here, q12 is the probability of switching from the lower

to the upper force level, q21 is the probability of switching from the upper to the

lower force level, q11 and q22 are probabilities of remaining in the lower and

upper force levels, respectively.

Fig. 5.10 illustrates the effect of the above parameters on the learned behaviour for

subjects H and D. Note that actual incision forces exerted by the subjects have similar

mean amplitude (approx. 0.4), but differ in the force envelope - subject H shows

a tighter distribution in force profiles compared to subject D, which is reflected in
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Figure 5.10: Excision forces and model parameters. Learned model parameters
(vL,vU,σ

2
L ,σ

2
U and Q) from (a) subject H and (b) second trial of subject D, respectively.

Thick black lines are synthetic force profiles (generated by the trained model), blue
lines are corresponding generated velocity profiles, and semi-transparent grey lines
are the actual force profiles used in model training. Note: The pink and green shading
corresponds to the standard deviation of velocity at the lower and the upper regimes
(σL and σU), respectively. The grey shading denotes the envelope of the excision
forces, defined by the lower and the upper regimes (vL and vU).

the corresponding vL and vU parameters. In addition, the subjects differ in temporal

characteristics of the excision forces - subject H shows slow varying modulation

between the upper and the lower force levels, whereas subject D shows occasional

losses in the excision forces followed by rapid recovery to the upper force level. These

characteristics are captured by the transition probability matrix Q (Fig. 5.10).

Fig. 5.11a shows the scatter plot of vL versus vU parameters across the subjects

(including the surgeons SA and SB), and the corresponding distributions of forces for

each cluster along the amplitude axis (higher the vL and vU parameter values corres-

pond to the higher mean forces). Note that subjects H and D are well aligned along the

amplitude axis, as expected. In addition, it should be noted that the axis orthogonal to

the amplitude axis describes the width of force envelope, e.g. simultaneous increase

in vL and reduction in vU corresponds to narrower force profiles, and vice versa (see

the effect of vL and vU parameters on the force envelope in Fig. 5.10). As expected,

subjects H and J, as well as surgeons SA and SB are located in the bottom right

corner of Fig. 5.11a plot, reflecting highly consistent force application with a narrow

envelope (Fig. 5.7).

The proposed model implicitly encodes the descriptive statistics of the excision forces

and provides a compact representation of a range of heuristic metrics previously con-

sidered in the literature, such as mean forces or force variability. However, our model

extends the analysis by explicitly capturing the temporal structure of the behaviour,

which is typically lost when descriptive statistics are computed directly. For instance,
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Figure 5.11: Performance analysis using model parameters. a Parameters vL and
vU encode the amplitude information of the excision forces (the mean, the standard
deviation and the individual force profiles for each highlighted group are shown as
solid lines, shaded region and semi-transparent lines, respectively). b-d The Principal
Component Analysis representation of parameter space encodes meaningful features
that can characterise the task execution. b The diagonal axis on the Principal
Component 1 (PC1) vs Principal Component 2 (PC2) plot captures the excision
abruptness, characterised by increased probabilities of sudden rises and falls in
the applied forces. c The PC1 vs Principal Component 3 (PC3) plot captures the
Energy feature, characterised by the amplitude and steadiness of the excision forces
(the integrals of the mean force profiles for each of the groups is shown here). d
Orthogonal to the Energy axis is the Confidence feature reflecting the consistent and
steady force application (the mean, the standard deviation and the individual force
profiles of the highlighted groups are shown as solid lines, shaded region and semi-
transparent lines, respectively). Note: Letters A to L correspond to medical students
(where numeral indicates the trial), “SA” and “SB” correspond to surgeon A and B,
respectively.
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a close inspection of incision force profiles from subjects J and H (Fig. 5.5a) reveals

that subject J executes the incision with a lower amount of modulation of the force

amplitude. However, the standard deviation of normalized force profiles (the width of

the force envelope) for J and H subjects is identical, 0.056 ± 0.031 vs 0.056 ± 0.036

(N = 12, excision profiles), respectively. In addition, the force profiles from subject J

trials exhibit a higher force derivative metric score [29] (3.7 ± 0.37 vs 3.2 ± 0.53,

N = 1,440 force samples), which might lead to an incorrect conclusion. Our model

correctly captures this temporal characteristic with the transition probability matrix

Q: the smooth and slowly varying force profile modulation shown by subject H is

reflected in the equal and low transition probabilities q21 = q12 = 0.037. In contrast,

the imbalance in the transition probabilities for subject J (q12 = 0.124 and q21 = 0.028)

yields a considerably higher long-term probability of application of a steady excision

force (πU = 0.819) compared to subject H (πU = 0.496).

The Principal Component Analysis (PCA) of model parameters allows the extraction

of meaningful features that characterise the performance. Fig. 5.11b shows the PCA

projection of model parameters for each subject on the 2D plot, with highlighted

groups along the diagonal axis. The principal component PC1 reflects a simultaneous

reduction in the lower force level vL (Fig. 5.12a) and an increase in the probability of

a sudden drop of applied forces q21 (Fig. 5.12b). In other words, the higher end of the

PC1 axis corresponds to a more frequent and drastic loss of applied force throughout

the task execution. The PC2 component reflects the increase in the probability of a

sharp rise of excision forces (Fig. 5.12c), i.e. the higher end of the PC2 axis corres-

ponds to a more aggressive brush stroke-like application of excision forces. We call

the diagonal axis on PC1 vs PC2 plot an Abruptness feature, as it reflects a degree

of discontinuity of the task execution.

The third principal component PC3 corresponds to a reduction of the upper force

level vU (Fig. 5.12d). Note that model parameters whose projection lies on the high

ends of PC1 and PC3 would correspond to low overall excision forces (due to low

values for vL and vU parameters) with frequent switching to a lower force level (due

to high probability q21). Conversely, the model parameters that are projected to the

lower regions of the PC1 and PC3 axes would correspond to high excision forces with

rare loss of the applied forces. We call this diagonal axis of the PC1 vs PC3 plot an

Energy feature (the higher excision forces applied for a longer duration, the greater

the energy of task execution). Fig. 5.11c shows the PC1 vs PC3 plot and groups of

subjects aligned along the Energy axis.
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Figure 5.12: Correlation between principal components PC1, PC2 and PC3 and
model parameters vL, vU , σ12 and σ21 (N = 17 independent trials). Note: PCC
- Pearson Correlation Coefficient. Letters A to L correspond to medical students
(where numeral indicates the trial), “SA” and “SB” correspond to surgeon A and B,
respectively.

Finally, the model parameters that are simultaneously projected on the lower end of

the PC1 and on the higher end of the PC3, correspond to highly uniform (due to low

probability of q21) and highly consistent excision forces with narrow envelope (due

to high values of vL and low values of vU parameters). We call this diagonal of PC1

vs PC3 plot a Confidence feature. Note that the Confidence axis is orthogonal to the

Energy feature, i.e. equally confident excisions can be executed at different energy

levels (e.g. subject J and surgeon SB), and vice versa (e.g. subject I and surgeon

SA).

Beyond traditional performance analysis

We performed correlation analysis to identify whether the inferred parameters of the

proposed elliptical excision force model reflect the evaluation score provided by each

of the experts. The expert B evaluation scores showed significant (p-value < 0.05)

Spearman rank-order correlation with vL, σ2
L , q11 and q22 model parameters. The

performance evaluation by experts C and D showed significant Spearman’s rank

correlation with parameters σ2
U and q22. In the above analysis, the critical value of

0.446 was used for N = 15 observations [172].
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Figure 5.13: Analysis of experts’ evaluation criteria with model parameters. a-d
Scatter plot of parameters vL and vU with linearly interpolated expert evaluation score
(with the brighter region corresponding to the higher score). e-h and i-l PCA plots of
model parameters with linearly interpolated expert evaluation score. Note the subjects
G and I were excluded as outliers from the analysis of experts A and C. Note: Letters
A to L correspond to medical students (where numeral indicates the trial), “SA” and
“SB” correspond to surgeon A and B, respectively.

Fig. 5.13 (top row) shows the scatter plot of vL and vU parameters with a contour

plot of linearly interpolated evaluation score provided by each of the experts. The plot

suggests that evaluation by expert A is approximately invariant to the overall amplitude

of the force profiles, however, it is well aligned with an axis that defines the width of

the force envelope. In addition, it can be seen that the top scorers from the evaluation

of expert A cut with higher force envelope width compared to the top scorers from

other experts. Note that the top scorers by expert B cut with higher mean force (i.e.

subjects are located higher along the vL and vU axes) compared to other experts.

Fig. 5.13 (middle row) shows the PCA projection of model parameters across the ex-

pert evaluations with highlighted Abruptness feature. It can be seen from the plot, that

interpolated evaluations of experts A, B and C are well aligned with the Abruptness

axis. Note that the top scorers evaluated by expert A are located further along the axis
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compared to evaluations from experts B and C, which indicates that expert A rewards

task executions with highly pronounced modulation of the excision forces. In contrast,

the top scorers from experts B and C are located on the lowest side of the Abruptness

feature, suggesting that the experts penalise discontinuous application of excision

forces. Finally, expert D showed no distinctive alignment with the defined axis, which

suggests that the Abruptness feature does not reflect the expert’s evaluation criteria.

Fig. 5.13 (bottom row) shows the PC1 vs PC3 plot, with corresponding Energy and

Confidence features. It can be seen from the PCA plots that expert A rewarded

the performers that scored highly along the axis of the Energy feature, as well as

moderately along the Confidence axis. This agrees with previous conclusions that

expert A values a certain degree of force modulation. In addition, it can be noted

that expert B rewarded the performers that executed the task with high energy and

high confidence (with an exception of subject K ). Finally, the evaluation of expert D

appears invariant to the Energy axis, however, it is well aligned with the Confidence

axis (the top scorers are clustered in the region of the highest confidence score).

The above analysis suggests that, in contrast to other experts, expert A rewards the

incisions that are executed with a wider force envelope and an increased amount

of switching between the distinct force levels. In the elliptical excision task, such

behaviour corresponds to an explicit force modulation due to well-pronounced tissue

re-tensioning or finger re-positioning events (Fig. 5.9). This conclusion agrees with

both the additional commentary from the expert (Appendix Table A.2), as well as with

the qualitative assessment of force profiles from the distribution of high scorers (Fig.

5.5a).

In summary, the analysis indicates that expert B rewards confident incisions executed

with higher energy. Expert C rewards excisions with consistent force application (i.e.

narrow envelope of the force profiles). Both experts B and C penalise interrupted

incisions. Finally, according to the analysis, expert D rewards the Confidence feature,

but is invariant to the Energy feature, which suggests that overall force amplitude

is not part of the expert’s evaluation criteria. Importantly, the above analysis is in

agreement with conclusions derived from the traditional force-based metrics, yet it

offers an additional insight by introducing temporal features into the analysis.
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5.6 Discussion

The contributions of this chapter are threefold. Firstly, we have developed a low-cost

easy-to-replicate cutting instrument with an integrated force sensor. Secondly, our

experiments using this instrument revealed that the time series of incision forces

consists of subject-specific signatures that can reflect the subjective expert evalu-

ation, and can be used for downstream performance analysis and objective surgeon

comparisons. Thirdly, we compare the traditional force-based analysis techniques

with the proposed superior method of analyzing incision forces.

The collected dataset of elliptical incisions shows a distinct pattern of a step-like

response in the cutting force, with noticeable amplitude modulation in the steady-state

phase. We found that incision force profiles encode the characteristics relevant to the

perceived quality of task execution, and therefore can map the subjective criteria of

an expert. The proposed model extends traditional descriptive statistics through a

rigorous treatment of the temporal dependency of force measurements and conveni-

ently decomposes the cutting behaviour into amplitude and temporal components.

Analysis showed that this decomposition offers greater flexibility and brings deeper

insight into the complex behaviours of surgeons, which are characterized by strong

temporal structure.

We intentionally limited the scope of this study to the analysis of incision forces

alone. We acknowledge the importance of motion analysis, and regard the role of

force measurements as complementary. Nevertheless, it is critical to highlight the

practical implications of force-based skill quantification. As accurate motion capture

remains prohibitively expensive and difficult to deploy in realistic settings [173, 174],

the tools and analysis approach described in this work offer an opportunity to explore

the composition of surgical skills at a considerably larger scale.

This chapter opens up a number of opportunities for future work. Firstly, a com-

prehensive analysis of the utility of objective performance characterisation using a

greater number of participants would be valuable, alongside work investigating skill

requirements for different tasks and procedures. A small cohort of trainees with no

prior experience in the studied procedure is a limitation that we aim to address in

future work. Our study would also benefit from a comprehensive analysis of the

learning curve, with a series of repeated trials across the entire cohort. The mapping

between these objective measurements and downstream patient outcomes would

also be particularly interesting. Moreover, an analysis of the variations in criteria
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underpinning subjective evaluations of surgeons would be valuable, and it would be

interesting to determine if there are specialisation-specific nuances or preferences

present using the techniques introduced here. Finally, with minor modifications to

sensing hardware, the described method can be applied to studying other complex

manipulation skills, such as tissue characterization through palpation, or gentle grasp-

ing, where the force modality and its temporal components are also likely to play a

dominant role. Finally, the proposed model is particularly promising for the analysis

of highly procedural surgical tasks with multiple distinct execution phases, such as

suturing. Although we found that two regimes are sufficient for modeling the force

measurements in the elliptical excision task, the number of states can be increased

for modeling more complex data. Being a hybrid system, our model enables modeling

complex nonlinear behaviours with multiple linear dynamical systems. In practice,

however, the inference of large number of parameters for switching linear dynamical

system can be challenging given limited and noisy measurements.

In the next chapter, we show how the proposed model can be used to align robotic

elliptical excision with desired characteristics of cutting forces.



Chapter 6

Learning robotic elliptical excision

with human-like tool-tissue

interactions

In surgery, the application of appropriate force levels is critical for the
success and safety of a given procedure. While many studies are focused
on measuring in situ forces, little attention has been devoted to relating
these observed forces to surgical techniques. Answering questions like
“Can certain changes to a surgical technique result in lower forces and
increased safety margins?” could lead to improved surgical practice, and
importantly, patient outcomes. However, such studies would require a
large number of trials and professional surgeons, which is generally im-
practical to arrange. Instead, we show how robots can learn several vari-
ations of a surgical technique from a smaller number of surgical demon-
strations and interpolate learnt behaviour via a parameterised skill model.
This enables a large number of trials to be performed by a robotic system
and the analysis of surgical techniques and their downstream effects on
tissue. Here, we introduce a parameterised model of the elliptical excision
skill and apply a Bayesian optimisation scheme to optimise the excision
behaviour with respect to expert ratings, as well as individual character-
istics of excision forces. Results show that the proposed framework can
successfully align the generated robot behaviour with subjects across
varying levels of proficiency in terms of excision forces.

89
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6.1 Introduction

Surgical excision implies the application of physical forces necessary for tissue sep-

aration [85]. A successful procedure requires appropriate levels of excision forces

- sufficient for cutting, yet conservative to avoid damaging tissue (excessive force

can account for more than half of the medical errors committed by surgical trainees

[175]). Cutting forces, on the other hand, strongly depend on the configuration of the

blade [11,24,176], and therefore on the excision technique. In order to derive optimal

surgical techniques, in the context of surgical training or autonomous surgery, tool-

tissue interaction forces and their downstream effect on the tissues must be studied

in a controlled manner. A comprehensive analysis of a wide range of behaviours

across different levels of expertise is needed to identify good and bad practices and

to measure their benefit or harm.

Unfortunately, such studies require a large number of participants at different stages

of their professional development, which is extremely time-consuming and challenging

in terms of logistics. As an alternative, we can use a considerably smaller number of

subjects to teach a robot performing the excisions from various levels of proficiency

and apply machine learning techniques to interpolate the behaviour between the

demonstrations. A suitably parameterised behaviour model would let us generate a

large number of trials with tight control over the process parameters, such as excision

velocity, blade insertion angle, etc. Such a robotic setup would facilitate the exploration

of the downstream effects of the cutting technique on the tissues, and therefore

provide a deeper insight into its efficacy and safety. Importantly, this gives us the

ability to align robotic cutting behaviour with the desired characteristics of excision

forces to analyse various techniques and their influence on tissue outcome.

A standard approach to accomplish this relies on imitation learning techniques [177],

such as the Dynamic Movement Primitive (DMP) [96], to learn excision behaviours

directly from demonstrations. In the case of the classical DMP formulation, the en-

coded policy can be generalised via hyper-parameters, such as the goal state and

temporal scaling, as well as the coupling terms [127]. Unfortunately, although this

allows exploration around the demonstrated trajectories, the parameterised policies

are restricted to individual demonstrations with no relation to one another. Altern-

atively, one could apply DMP formulations that leverage multiple demonstrations to

capture behaviour variability as a separate task parameter [178, 179], which can be

interpolated to synthesise unseen behaviours [180]. In the context of learning surgical
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Figure 6.1: The proposed framework to generate human-like excision behaviours
operates as follows. At a high level, an objective function takes in the sawing
parameter ρ and outputs an observation similarity score y. The goal of the optimiser
is to find the value for ρ that maximises the observation variable y. The inner structure
of the proposed objective function consists of the proposed trajectory generator (T )
that given the scalar ρ ∈ [1,10] and a nominal trajectory τnom, generates the pose
trajectory of the blade τ . Next, the robot executes the trajectory τ , and collected forces
ψ are converted to a set of performance features by model F . The obtained features
are then used to define the final objective function, e.g. the similarity score between
the robot-executed task and the performance of an actual surgeon, which updates the
optimiser and generates a new excision behaviour.

excisions, these methods allow explicit capture of different “styles” of cutting tissues,

which is particularly relevant for our task. However, these methods are unsuitable

to encode the end-effector’s pose trajectory in Cartesian space, as the orientation

component requires special treatment of the SO(3) structure [181]. This presents

challenges to apply the above methods to learn cutting skills, as the position and

orientation trajectories of a blade are inherently coupled due to the nonholonomic

nature of the cutting motion [3,182].

As an alternative, in this chapter we introduce a simple parametric model of elliptical

excision that decomposes the skill into nominal and behaviour-driven components,

each of which can be learned from demonstrations. Here, we focus on modelling

a sawing movement as the most dominant characteristic of the elliptical excision

technique [183] observed in human trials [2], with less experienced trainees showing

more pronounced sawing behaviour. Our model encodes the behaviour with a single

real-valued parameter ρ that determines the amount of sawing movement applied

during excision. We then show how this model can generate a variety of human-

like excision trajectories, and apply Bayesian optimisation to align the generated

behaviour with expert ratings.
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Figure 6.2: Measured individual position (top row) and orientation (middle row)
trajectories of the blade for each of the demonstrated behaviour (the darker green
lines correspond to smoother excisions). (Bottom row) Differenced measurements of
x, y and pitch versus differenced measurements of z. Note: the original measured
trajectories are shown as black dashed lines in the above plots.

Finally, as the core contribution of this chapter, we propose a framework for align-

ing human-like robotic elliptical excisions with the desired characteristics of excision

forces and demonstrate its applicability for analysing excision skills. In this framework

(Fig. 6.1), we generate an elliptical excision behaviour using the parametric model

described above, which generates the pose trajectory of the blade, specified by a

behaviour parameter ρ and a nominal cutting trajectory. The robot executes the gener-

ated trajectory in a real-world experiment. A suitable model characterising the excision

behaviour from the excision force measurements [2,184,185] allows us to 1) calibrate

the robotic behaviours to match the desired characteristics of tool-tissue interaction,

and 2) use the aligned robotic behaviour to analyse the excision techniques in a

well-controlled and repeatable manner. Here, we propose a Bayesian Optimisation

scheme to minimise the number of phantom excisions required for behaviour tuning.
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6.2 Parametric generation of human-like excision tra-

jectories

The primary objective of our excision trajectory generator is to produce realistic pose

trajectories of the blade, mirroring those typically observed during an elliptical excision

procedure. In particular, we are interested in learning the auxiliary sawing movement

of the blade, which can play a role in assisting the excision by lowering the cutting

forces required for the task [11]. In this section, we introduce a generative model

of blade trajectories with a single parameter ρ that specifies the amount of sawing

movement applied to any desired elliptical excision motion.

Our central hypothesis is that elliptical excision comprises two movement compon-

ents: a nominal smooth cutting motion along the ellipse and an adaptive sawing

motion that assists the excision. To better understand the interplay between these

two components, we recorded ten elliptical excisions with varying amounts of sawing

behaviour, from a highly pronounced sawing movement to an extremely smooth ex-

cision. Fig. 6.2 (top and middle rows) shows the measured position and orientation

trajectories of the blade in each trial. Notice the back-and-forth oscillation of the blade

on the XY plane, a distinct feature of the sawing movement. It should be noted

that sawing is executed at a noticeably different pitch when compared to smoother

executions. Unsurprisingly, smoother excisions result in a much lower spread of the

pose trajectories, which highlights the challenge of maintaining consistent motion

when sawing. As expected, the sawing motion is most dominant along the z axis,

i.e. the cutting depth. However, the sawing is also reflected in the blade’s x, y and

pitch trajectories.

Fig. 6.2 (bottom row) shows the trajectories of differenced x, y and pitch motion

components, compared to a differenced z trace, all from one of the observed sawing

behaviours. The entire trace of x, and the first half of the parabola in y trajectory, are

noticeably in-phase with the z. In contrast, the whole trace of the pitch, and the second

half of the parabola in y trajectory, are noticeably out-of-phase with the z trajectory.

The relationship between z and xy trajectories indicates that sawing movement is

achieved by propagating the blade forward on the ascent, with residual backward

motion on the blade’s descent. The relation between z and pitch trajectories suggests

that consistent modulation of the insertion angle is also a part of the slicing motion.
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Figure 6.3: (Top row) Comparison of measured x, y and pitch trajectories (blue lines)
with model predictions (orange lines). The nominal trajectories obtained by low-pass
filtering raw measurements are denoted with green. (Bottom row) Comparison of
measured z trajectories for three different sawing behaviours (black lines) and cor-
responding synthetic trajectories generated by the model (coloured semi-transparent
lines).

6.2.1 Modeling blade trajectories for elliptical excisions

Given the above insights, we model the elliptical excision behaviour as follows. First,

we decompose the cutting motion into a nominal movement component that follows

the desired smooth cutting contour, and a behaviour component that characterises

the manner of task execution (e.g. sawing vs smooth excisions). For the z trajectory,

this is written as

zm = zn + zb (6.1)

where zm, zn and zb are the measured, nominal and behaviour trajectories along the

z axis, respectively.

Next, we assume that a nominal movement component can be approximated by low-

pass filtering of the measurements, and therefore the behaviour component can be

computed as zb = zm − zn. The obtained behaviour component zb can be used to

model the observed x, y and pitch trajectories of the blade, as follows:

xm = xn + cxzb

ym = yn + cyzb

βm = βn + cβ zb

(6.2)
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Here xm, ym and βm are the measured x, y and pitch trajectories, respectively, and xn,

yn and βn are their corresponding nominal trajectories. cx, cy and cβ are the scaling

coefficients. (We invert the sign of cy in the second half of the ym parabola to correctly

represent the modulation of parabolic nominal trajectories on the XY plane - here the

ascent of the blade corresponds to propagation along the negative Y slope.)

As a result, we model the x, y and pitch trajectories as a function of zb. According to

this model, any modulation along the cutting depth is reflected in the x, y and pitch

trajectories. Fig. 6.3 (top row) compares the actual trajectories with those predicted

by our model for one of the observed sawing behaviours. Here, we used a first-order

Butterworth filter with a cutoff frequency of 0.6 Hz to obtain the nominal trajectories

from the raw measurements. Finally, parameters cx, cy and cβ were manually selected

as 0.2, 0.13 and -1.2, respectively.

6.2.2 Learning cutting behaviour

The movement component zb, which defines the excision behaviour, can be learned

using one of many supervised learning techniques. In this work, we first apply the

following function approximation to encode the behaviour component zb:

zb(t)≈
∑

N
i=1 ψi(t)θi

∑
N
i=1 ψi(t)

, (6.3)

where ψi(t) = exp(−hi(t − ci)
2) are Gaussian basis functions, N is the number of

basis functions, t is the timestep, ci and hi are the centres and widths of the basis

functions, and θi are the weights of the basis functions.

The vector of learned weights θ= [θ1, ...,θN ] can be viewed as a compressed repres-

entation of the zb time series. We fit a second-order autoregression model to vector

θ:

θi = c+a1θi−1 +a2θi−2 + εi (6.4)

where ak and c are the autoregression coefficients and bias constant, respectively; εi

is the white noise term.
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Finally, given the excision behaviour label (1 to 10, where 1 represents the distinct

sawing cuts, and 10 denotes smooth excisions), we fit a linear model to predict the a1

and a2 coefficients. Thus, given a real number ρ ∈ [1,10], our model generates the

behaviour component zb, which along with a nominal cutting trajectory can be used

to produce a human-like pose trajectory of the blade with desired sawing behaviour

to be executed by a robot. Fig. 6.3 (bottom row) compares the z trajectories sampled

from our model with the actual measurements zm for different sawing behaviours.

6.3 Optimisation of elliptical excision technique

Optimisation of the robotic behaviour with respect to the excision force characteristics

can offer interesting prospects for studies on the effects of surgical procedures. For

example, the alignment of robot behaviour with excision forces that match those of

expert surgeons is particularly promising for robotic surgery applications. Equally

important is the ability to faithfully recreate sub-standard excision techniques and

study the common mistakes observed in less experienced surgeons or trainees. In

addition, technique optimisation concerning force characteristics critical to the proced-

ure’s safety could positively contribute to the existing surgical training and practice.

In this work, we use an excision force model described in [2], characterising the

excision performance from force measurements; however, other force-based char-

acterisation approaches can be readily applied in the proposed framework. Below,

we provide a brief overview of the force-based characterisation of elliptical excision

used in this study, followed by descriptions of the objective function and the proposed

method for technique optimisation.

6.3.1 Performance characterisation from force measurements

A model of excision forces introduced in [2] allows characterising the performance

of the generated excision behaviours directly from the measurements of the excision

forces. Alongside descriptive statistics of excision forces, this model parameterises

task-related characteristics correlated with elliptical excision performance, such as

abruptness of task execution flow. This approach models the elliptical excision pro-

cess as a hybrid system, with underlying continuous dynamics of viscoelastic inter-

action between tissues and the blade, as well as discrete event dynamics, typically

associated with tissue re-tensioning or blade re-orientation.



6.3. Optimisation of elliptical excision technique 97

First, the model approximates the process of cutting a viscoelastic object as a con-

tinuous blade’s movement through Maxwell material using the following constitutive

law:
η

E
ḟ + f = η ẋ (6.5)

with f is the excision force, ḟ the time derivative of the excision force, ẋ is the blade’s

velocity, E and η the Maxwell model’s spring and damper coefficients, respectively.

The model assumes that an excision is executed using K cutting regimes, where

each regime k corresponds to a constant velocity of the blade vk. System uncertainty

is modelled using white Gaussian noise with variance σk, ṽk ∼ N (vk,σ
2
k ). Cutting

regimes are switched according to K×K transition matrix Q, which along with vk and

σ2
k , can be learned by fitting a Hidden Markov Model (HMM) to ẋ. Under the assump-

tion of the Maxwell model, vk can be obtained directly from force measurements f ,

captured using a suitably instrumented scalpel.

The learned model parameters encode the amplitude and temporal features of the

excision forces that characterise the manner of task execution. For instance, para-

meters {v1...vK} describe the dominant force levels of the excision forces, and thus

the overall magnitude and spread of forces applied during the excision. Along with

transition probability matrix Q, which captures the temporal characteristics of the

excision forces, these parameters can encode meaningful features, such as Energy

(where increased energy reflects higher cutting forces applied for a longer duration)

or Smoothness (where increased smoothness reflects the lower probability of sudden

rise and fall of excision forces).

6.3.2 Objective function

Fig. 6.1 shows a diagram of the proposed framework for aligning robotic cutting

behaviour with desired characteristics of excision forces, typically observed in human

trials. At every n-th iteration, the robot executes the excision trajectory τn generated

by the proposed trajectory model (T ) using candidate behaviour parameter ρn and a

fixed nominal trajectory τnom. After the execution, the recorded excision force profile

ψn is provided to the force-based characterisation model (F ), which encodes the

characteristics of the excision forces, as described in the previous section. The fea-

tures extracted by model F are then used to evaluate the objective function g(ρn).

Two scoring methods are used to evaluate the proposed objective function:
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Figure 6.4: Gaussian process model fit to six datapoints (black dots) collected by
optimising ρ with respect to the Smoothness feature. (The black line is the posterior
mean, and the shaded region is 95% confidence interval).

A single characteristic of excision forces

is used for aligning the generated robot behaviour with respect to a certain character-

istic of the excision forces, e.g. amplitude or smoothness evaluated by model F .

Expert rating

This objective function is used to optimise the robot behaviour with respect to a pre-

dicted expert score. [2] evaluated the magnitude-based characteristics of the excision

forces (the Amplitude and Consistency features, captured by model F ) using 15

expert-labelled excision trials. Here, we apply k-nearest neighbour regression (with

k = 1) to predict the expert rating given the excision features.

6.3.3 Bayesian optimisation of excision behaviour

We apply Bayesian Optimisation (BO) [186] to reduce the number of cutting experi-

ments required to generate a given human-like excision behaviour. At each iteration,

BO optimises an acquisition function α to choose the next candidate sawing para-

meter ρ for trajectory generation in order to evaluate the objective function g (as

described above). We model the mapping between trajectory parameter ρ and the
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Figure 6.5: Results for behaviour (ρ) optimisation with respect to the interpolated
performance score from four experts. (Top row) Gaussian process models fit to six
observations (black dots) obtained during optimisation. The black lines show the
posterior, the shaded regions illustrate the 95% confidence intervals, and the red
dashed lines highlight the optimal ρ parameters for each of the experiments. (Bottom
row) Contour plot of the interpolated expert scores over the feature space of the
excision force model F . The orange dots are the individual sample points ρ used
during optimisation.

objective function using a Gaussian process (GP) [187]:

g(ρ)∼ G P
(
m(ρ),κ(ρ,ρ ′)

)
(6.6)

where m(ρ) and κ(ρ,ρ ′) are the mean and kernel functions.

For α , we use the Expected Improvement acquisition function with the following closed-

form expression [188]:

α(ρ) = (m(ρ)−g(ρ+)− ε)Φ(Z)+σ(ρ)φ(Z), (6.7)

where

Z =


m(ρ)−g(ρ+)−ε

σ(ρ) , if σ(ρ)> 0

0, if σ(ρ) = 0

Above, m(ρ) and σ(ρ) are the mean and the standard deviation of the GP posterior,

and Φ and φ are the cumulative probability function and the probability density func-

tion, respectively. ρ+ is the current optimal choice of sawing parameter, and ε is a

scalar that sets the tradeoff between exploration and exploitation during optimisation.
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Figure 6.6: (Left) ρ parameter vs evaluated smoothness feature. (Middle and right)
Contour plots of the ρ parameter values obtained during experiments. The orange
dots are the individual datapoints with shown values for ρ parameter. Note: T and S
denote medical trainee and professional surgeon, respectively.

We use a Matérn kernel [189] function κ(ρ,ρ ′) with the following analytical expres-

sion:

κ(ρi,ρ j) =
1

Γ(ν)2ν−1

(√2ν

l
r
)ν

Kν

(√2ν

l
r
)

(6.8)

where r = |ρi−ρ j|, Γ(·) is the gamma function, Kν the Bessel function, ν and l kernel

hyperparameters. We choose this kernel because of its flexibility - Matérn kernel is

a generalization of the Gaussian radial basis function and can be reduced to the

exponential kernel by controlling the smoothness [190]. In our experiments, we set

ε = 2, ν = 2.5 and l = 1. These parameters were chosen manually during setup

calibration.

6.4 Experiments and Results

We performed two sets of experiments with the following objectives: 1) to find the

excision technique that maximises the smoothness feature of the applied cutting

forces, and 2) to find the excision technique whose excision forces predict the highest

expert ratings.

Fig. 6.4 shows the optimisation results for six iterations of smoothness feature op-

timisation. The first trial was initialised with a sample {ρ1 = 1,y1}, where y1 is the

force smoothness feature evaluated by model F . Optimisation results confirmed our

expectations that smoother excision trajectories (e.g. generated by model T using

larger values of ρ parameter) result in smoother excision forces.
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Fig. 6.5 shows the results for six iterations of expert score optimisation, for each of

the four experts. As before, we initialised the optimisation with {ρ1 = 1,y1} pair (this

time, y1 is the predicted expert score, as described in section 6.3.2). The obtained

mean of the posterior GP predicts higher expert scores for the excision behaviours

generated using larger ρ values (i.e. smoother trajectories). In other words, the results

suggest that the sawing movement is more likely to be penalised by experts. In

addition, the experiment demonstrates that the sawing behaviour parameterised by

ρ can achieve different modulations of excision forces. For example, the score from

Expert A highlights the rater’s preference towards excisions with a more pronounced

force modulation, as reflected by the Consistency feature. Notice that the posterior

GP successfully captures this preference with the optimal sawing parameter ρ ≈ 6.

6.4.1 Excision force characteristics versus ρ parameter

We analysed the {ρ,y} datapoints collected in the above experiments to explore the

relationships between the sawing parameter ρ and characteristics of the excision

forces. Fig. 6.6 (left) shows a scatter plot of the ρ parameter values vs the smoothness

feature of the excision forces evaluated by model F . As in the first experiment, the

sawing behaviour shows a strong positive correlation with the Smoothness feature

(Pearson’s r = 0.74, p < 0.05). This relationship has an intuitive interpretation that

smoother excision trajectories must result in a more uniform application of excision

forces. The smoothness of the excision forces achieved by two medical students

(dotted green lines) and two practising surgeons (dashed red lines) suggest that more

experienced surgeons are likely to apply more uniform blade trajectories.

Fig. 6.6 (middle) shows the contour plots of the Amplitude and Consistency features

of excision forces against the sawing parameter ρ . The results show that ρ has no

significant correlation with the excision force amplitude - both smooth and sawing

excision trajectories can yield equally low or high cutting forces. On the other hand,

the consistency of excision forces (a feature that reflects the inverse of the spread of

force levels during excision), highlights a strong correlation with sawing parameter ρ

(Pearson’s r = 0.82, p < 0.05). This relationship is explained by Fig. 6.3 (bottom row),

where larger ρ values correspond to the noticeably lower variations of zb, and as the

result, to lower variations along x, y and pitch components of the excision trajectories.

This observation agrees with a general intuition that it is more difficult to apply excision

forces consistently when sawing.
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The Confidence feature (Fig. 6.6 right), which characterises both the uniformity and

consistency of the excision forces, shows a significant alignment with sawing para-

meter ρ (Pearson’s r = 0.78, p < 0.05). Similar to the Amplitude feature, the experi-

ment results show a weak relationship (Pearson’s r = 0.58, p < 0.05) between ρ and

the Energy feature. Finally, Fig. 6.6 shows the model F characterisation of excision

forces from two professional surgeons (denoted as S) and two medical trainees with

no experience at elliptical excision task (denoted as T). Notice that model character-

isation of surgeon excisions is aligned with the higher sawing parameter ρ values,

whereas the performance of trainees matches the region of lower ρ values. Again,

this indicates that surgeons are likely to exhibit smoother excision trajectories when

compared to less experienced medical students.

6.5 Discussion and conclusions

In this study, we used a model of excision forces to optimise the pose trajectories of a

blade in an elliptical excision task. We proposed an excision trajectory generator cap-

able of producing human-like elliptical excision behaviours parameterised by a single

parameter ρ that defines the amount of sawing motion applied during excision. These

models can be used to efficiently optimise the excision technique with desired excision

characteristics using Bayesian optimisation. More specifically, we show how to align

robotic excision behaviours with features that satisfy the criteria of surgical experts

and behaviours that resemble the performance characteristics of surgeons at various

experience levels. Experimental results indicate that the proposed ρ-parameterisation

can successfully produce cutting force modulation that maximises the performance

assessment of experts.

Our analysis suggests that professional surgeons are more likely to apply smoother

excision trajectories, whereas less experienced medical trainees exhibit greater saw-

ing behaviour. It is well known that sawing movement assists the cutting process

by lowering the forces required to separate the material [11]. We hypothesise that

inexperienced trainees employ this strategy to overcome the need to apply excessive

excision forces to perform a controlled cut. Although this study is limited to scalpel

trajectories only, the cutting forces are strongly affected by the tissue tensioning con-

trolled by the non-dominant hand. Hence, we hypothesise that experienced surgeons,

while applying the smooth excision trajectories, actively tension the tissues to assist
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the excision. This combination of excision and tissue tensioning strategies is an in-

teresting line of future work to better understand the dexterous manipulation skills

underlying the elliptical excision task. Finally, we want to emphasise the promising

prospect of using the proposed framework for studying surgical techniques at various

levels of expertise, analysing common mistakes and their effects on the tissues.



Chapter 7

Conclusions

7.1 Discussion of results

In this thesis, we explored three major themes, namely 1) the role of force sensing

in the robust cutting behaviours exhibited by humans, 2) the composition of cutting

motion applied by humans in various cutting tasks, and 3) robot learning to perform

these tasks in a human-like fashion.

We formulated the need for human-like robotic cutting soft objects for the first time in

the robotics field. This need is motivated by two key factors. First, an important class

of robotic cutting applications – autonomous surgery – needs to comply with a wide

range of task specifications that are implicit by nature. We aim to leverage learning

these from human demonstrations. Second, the harmonious coexistence of robots

and humans in the shared workspace implies a thoughtful approach to constructing

robotic behaviours. Humans must perceive these as predictable and familiar. For

these reasons, we draw our attention to human cutting skills and ask questions about

its underlying structure and how we can capture and reproduce it in robots.

The insights gained by observing the humans at cutting tasks point to the force mod-

ality as a potential ingredient to robustness. The role of tactile feedback in the broad

context of manipulation tasks is well understood [191]. Earlier works on modelling the

dynamics of cutting soft objects highlight curious mechanisms that relate the motion

of the blade to the cutting efficiency, e.g. the relation of slice-to-push ratio to overall

cutting forces [11, 20]. Interestingly, these mechanisms appear encoded in human

cutting skills and give a specific structure to cutting techniques shown by humans.

In this thesis, we aim to reverse the discussion and ask whether we can learn these

force-driven mechanisms that shape the cutting techniques.

104
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Another observation of human-performed cutting tasks is that the motion envelope

has a well-defined structure despite the complexity of the kinematic trajectories ob-

served in practical cutting examples. Chapter 1 introduced the decomposition of cut-

ting movement into two independent components – nominal and adaptive motions.

These constraint motions, in general, operate in different degrees of freedom. This

dissertation explored how this structure can be exploited and how these components

can be learned from human observation.

For example, Chapter 3 described the approach of learning a nominal blade trajectory

in the grapefruit scooping task using kinesthetic teaching. The trajectory was encoded

as a Dynamic Movement Primitive (DMP), which offers excellent flexibility regarding

the composition of behaviours with reactive adaptation, among other advantages.

Chapter 4 further explored the applicability of these Dynamic System-based methods

in learning cutting skills and identified their significant limitations for a large class of

cutting tasks characterised by non-holonomic constraints (e.g. in the task of elliptical

excision). The proposed formulation for non-holonomic DMPs enables incorporating

a broad range of highly relevant constraints for cutting tasks while benefiting from

advantages offered by Dynamical Systems.

A key question about the role of forces in the robustness of cutting tasks, formulated

in the opening chapter of this thesis, is closely related to the other motion component

– adaptive motion. In Chapter 3, we formulate and confirm the hypothesis that cutting

movement guided by force feedback has a fundamental role in the cutting skills of

humans. The chapter proposes a probabilistic control law that modulates the nominal

trajectory according to the probability of desired blade-object interaction. The insight

behind this formulation is based on observation of how humans scoop a grapefruit –

a nominal scooping trajectory of the blade is skilfully adjusted in response to a rough

judgement of whether the blade is getting stuck in the peel.

This leads us to two interrelated sub-topics, namely, the question of feature rep-

resentations (the error signal) and the question of feature mapping into movement

adaptation (the controller). In Chapter 3, the former problem was approached by

learning the desired sensory trace from multiple executions of nominal trajectories.

This particular example is analogous to humans learning how it must feel to success-

fully scoop a grapefruit versus how it feels when the blade gets stuck in the peel.
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Chapter 5 and Chapter 6 take a step further by raising the question of whether this

approach applies to learning the desired force features in situ (e.g. in surgical training

with labelled performances). However, the variability of human-demonstrated cutting

motions complicates this matter considerably.

The latter problem of mapping force-based features into the movement adaptation

in this dissertation was approached by hand-constructing a control law based on

the available knowledge of task geometry. While this approach is feasible, given the

convenient decomposition of the cutting motion described above, there is a strong

motivation to learn this controller from human data. While the incorporation of struc-

tured knowledge in motion decomposition is welcomed – given the available theory

of constrained mechanical systems [192], our priors on mapping sensed forces to

motion in human cutting behaviour are weak.

This invites us to question how to learn these human-like force-based movement

adaptations in cutting tasks. Chapter 5 explores the idea of leveraging the structured

environment of surgical training (e.g. carefully curated, well-defined tasks and pro-

cedures, cohorts of trainees organised by experience level, labelled performance in

the form of scoring, etc.) for developing deeper insights into inner workings of this

phenomena. Here, we capture latent characteristics of excision forces that encode

subject-specific features and let us quantitatively compare the individual perform-

ances from force measurements. In Chapter 6 we shows how these characteristic fea-

tures of human-like blade-tissue interaction forces can be used to synthesise human-

like cutting behaviours.

Human-like motions of the blade, which may or may not reproduce the desired (human-

like) blade-object interaction forces (Fig. 1.4). This hinders our ability to learn faithful

human-like interactions in a fully autonomous setting (such as the approach used

in Chapter 3 to learn latent force-based features of the desired grapefruit scooping

behaviour). This thesis proposes to align robotic behaviour with humans by optimising

learned human-like cutting motions with respect to the desired (human-like) charac-

teristics of cutting forces. This implies the existence of a model capable of evaluating

whether cutting forces resemble the blade-object interactions from human cutting.

Chapter 5 proposes a model capable of characterising the cutting skill and the manner

of task execution. A significant contribution to this line of work was the development

of a novel low-cost sensorised instrument for measuring cutting forces. The data-

set of excision forces collected using the instrument in the elliptical excision task
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revealed subject-specific temporal and amplitude signatures in cutting forces, which

allow detailed performance analysis and subject-to-subject comparison. In addition to

analysing trainee versus surgeon performance, the chapter explores the latent feature

space of the model and identifies its relation to expert scoring.

In the context of behaviour alignment, this model lets us evaluate the similarity between

robotic and human cutting skills. Chapter 6 proposes the framework for skill optim-

isation with respect to an objective function defined over the parameter space of

the proposed model. This enables the exploration of human-like cutting behaviours

around the nominal cutting trajectory while ensuring that the sampled interaction force

trace remains within the distribution of human-like interactions.

7.2 Future work

This thesis provides a foundation for a better understanding of the cutting skills in

humans and takes a step closer to robust automation of this complex manipulation

skill. This work emphasised the importance of drawing our attention to human cutting

behaviour for insight and inspiration, but also as a “gold standard” reference. Future

studies of robotic cutting can explore various directions in achieving human-level

skills.

The composition of the cutting motions discussed in this thesis was engineered based

on our intuitive understanding of the task. It is, however, important to explore the tech-

niques for learning this decomposition from data. This could help discover interesting

geometrical interdependencies that our intuition can overlook. Besides, the taxonomy

of cutting techniques discussed in Chapter 1 is artificial. Practical cutting tasks used

by humans will likely involve a mixture of these techniques applied simultaneously. It

is possible that the structure extracted from cutting motion data may significantly differ

from the canonical techniques discussed in this thesis.

The proposed method for reproducing human-like cutting skills in robots relies on 1)

human-like cutting motions learned from demonstrations, 2) a model that evaluates

characteristics of blade-object interaction and its similarity to interactions observed in

cutting by humans, 3) optimisation of learned human-like cutting motions with respect

to these characteristics, and 4) learning the interaction model that maps the sensed

cutting forces into an appropriate adaptation of cutting motion. A promising avenue
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for future research could look into learning this interaction model direction from pose

and forces data. However, collecting such datasets can be challenging – accurate

measurement of instrument pose requires expensive equipment with an elaborate

setup.

One promising immediate extension of work presented in this thesis is considering the

configuration of a robotic arm in achieving organic-looking cutting motions. Redundant

articulated manipulators offer the flexibility of planning human-like motions of the

entire kinematic chain.

A bimanual robotic setup in which the cutting process is assisted by controlling the

local deformation around the cutting front is highly relevant to bringing the perform-

ance of autonomous cutting closer to the human level. An exciting application is

surgery. Here, in addition to robotic cutting, a model of human-like cutting skills can

be used as a predictive model for robot assistants.

The vision modality is a natural extension of the primarily force-based approach to

adaptive cutting behaviours considered in this work. The role of vision in dexterous

manipulation tasks is undeniable. Deformation tracking and motion re-planning based

on visual cues can be among the most impactful additions to this research.

Finally, it is interesting to consider the applicability of the approach presented in

this thesis to other manipulation tasks where human-like behaviour is essential. This

could be any manual task in surgery, such as palpation, tissue retraction or suture.

An exciting line of work could be using the proposed framework to analyse the ef-

fectiveness and safety of surgical techniques in these tasks. Here, a robot capable

of reproducing human-like surgical skills could simulate the task executions under

various scenarios, which opens up opportunities for in-depth analysis of techniques

and their downstream effect on the tissues. Importantly, robot learning constrained to

human-like trajectories and interaction can lead to the fascinating subject of synthesis

of new surgical techniques.
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Table A.1: Expert evaluation (scoring from 0 to 3) of task execution based on video of
the trials. Note: Matching scores among experts are highlighted in bold. The original
scoring by expert B (shown in parentheses) was normalised to a 0-3 scale from
provided 0-5 scale, see Supplementary Table 3 for expert’s comment.

Subject Expert A Expert B Expert C Expert D

A (1st trial) 3 1 3 1
A (2nd trial) 3 1 (2) 2 3

B 1 1 (2) 1 1
C (1st trial) 0 1 0 1
C (2st trial) 0 0 0 0
D (1st trial) 2 1 (2) 2 2

D (2nd trial) 3 1 (2) 2 2
E 1 2 (3) 3 3
F 0 0 0 0
G 3 1 1 2
H 1 2 (3) 3 3
I 1 1 3 2
J 1 2 (3) 1 1
K 2 2 (3) 1 0
L 2 1 (2) 3 3

Table A.2: Expert A supplementary comment.

Subject Comments

A (1st trial) Good even pressure, skin traction, continuous movement.
A (2nd trial) Good movement, gentle and continuous.

B Nice flow.
C (1st trial) Minimal, if any meaningful traction. Movement with knife is not fluid. Seems to be

dragging/digging with knife rather than cutting.
C (2st trial) Awkward saw-like movement of blade.
D(1st trial) Nice fluid movements.

D (2nd trial) -
E Good movement of blade, but awkward movement at wrist.
F Digging at the material, appears to be sawing through it. Traction is not meaningful.
G Nice grip and knife movement, fluid re-positioning of fingers for traction.
H Fluid movement but limited use of hands for traction.
I Good, but odd grip.
J Slightly dragging the knife through the material, little traction.
K Fluid, but limited traction and very firm grip of blade without optimising the use of

wrist/hand movements.
L -
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Table A.3: Expert B supplementary comment.

Score Comments

0 Unable to perform dissection or rough/uneven scalpel use.
1 Able to cut through skin with some care.
2 As 1 + smooth scalpel strokes (did not go over the same area twice, for the same level, nor jerky

movement) + uses supporting hand to provide tension.
3 As 2 + held blade 90 degrees to incision line (no bevelling).
4 As 3 + recognises that the epidermal layer should be scored (smooth light cut) first, allowing a

smoother dissection of deeper layers.
5 Perfect dissection (all of the above).
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Table A.4: Expert D supplementary comment.

Subject Comments

A (1st trial) Good use of non-dominant hand, accurate in centre of dots for first two but that
accuracy decreased from 3rd ellipse onwards, slightly bevelled cut because knife
not at right angles to skin.

A (2nd trial) Smooth single glide on each half of ellipse, accurate, excellent use of non-dominant hand,
good knife angle, confident, very slight bevelling on the first part of lower incision of the ellipse.

B Fairly consistent accuracy in centre of dots, knife angle OK, less use of non-dominant hand,
there seemed to be less need for use of non-dominant hand, bevelling present.

C (1st trial) More of a stabbing/sawing, sometimes jerky movement, rather than knife gliding over skin.
Looks like the operator cut more deeply into the model and there was more friction on the
knife, became smoother and quicker from 1-6, good accuracy

C (2st trial) Stabbing, sawing movements, deep cuts, with possible variation in depth of cut, no glide,
accuracy medium to poor, no bevel, ragged edges, knife slipped once, non-dominant hand
used well.

D (1st trial) Fairly deep cuts, smoother action (knife seems sharper), longer continuous knife sweeps,
seemed more confident and quicker, accuracy good, except at corners, no bevelling. Top layer
of "skin" seemed much
more mobile in this specimen. (In marked contrast to subject H) I think this made the
incisions more difficult, especially in the first 2 ellipses - leading to ragged edges, where the
top layer seemed to be dragged by the knife rather than a clean cut.

D (2nd trial) Confident glide, non-dominant hand quality good, cuts deeper at start of incision, seemed more
superficial at end of each incision, accuracy medium.

E More shoulder/trunk movements than others, hand obscured view more than in other
recordings, no bevelling, knife held more vertically in line of incision possibly resulting in a
deeper cut and less glide, but knife glided fairly well with no re-cuts.

F Non-pencil grip, deep cuts, sawing action, little/no use of non-dominant hand to stabilise skin,
accuracy poor, no bevelling.

G Shorter glides, accuracy OK, no bevelling, good knife angle, more superficial incisions.
H Confidence, smooth glide single glide for each side of ellipse, limited (need to) use

non-dominant hand, good knife angle, accuracy fine, on last side of last ellipse near end -
lateral pressure to correct course led to slight ragged edge. Top layer of skin seemed very
firmly attached to lower layers with no sheering.

I OK, but less clean glide of knife, some breaks in continuity of glide, pushing knife to the side
to correct inaccurate course, very occasional bevel and slight dragging of top layer of skin
which was not as well attached to deeper layer, accuracy medium to poor.

J Less good use of non-dominant hand (interestingly, non-dominant hand often applied tension
along the long axis of the ellipse rather than at right angles to the incision) knife did not glide
smoothly, leading to dragging of top layer of skin, with some ragged cuts, no significant
bevelling, knife more vertical and made deeper cuts, which may have contributed to the jerky
movements while cutting against greater resistance.

K Accuracy is very poor (missed dots and overshot corners), non-dominant hand use could have
been better - did not seem to apply much stretch, side pressure to correct inaccurate course,
leading to ragged edges, e.g. ellipse no 2.

L Non pencil grip, confident although not a single smooth glide, good use of non-dominant hand,
some lateral force to correct course, but this was minimal, accuracy - medium.
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