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Abstract

Intraoperative imaging has been shown to be a vital tool for surgical decision making, partic-

ularly in the case of brain tumour surgery. Real-time acquisition of subsurface information is

essential for achieving maximal safe resection, removing as much pathological tissue as possible

while minimising damage to normal and critical tissue. Ultrasound has shown considerable

promise in becoming the principal tool for assisting neurosurgeons. However, despite this po-

tential, due to the lack of standardisation of training and use, the variability between centres

is high. This factor has, as a consequence, contributed to the lack of research on this imaging

tool, especially compared to other similar modalities. Brain tumours are an especially complex

type of tumour and the surgical process is likely to incur many confounders, making real-time

subsurface imaging essential. In particular, in the case of diffuse tumours, where due to the

inflitrative properties, the margins suffer from ill-definition, which can introduce significant

uncertainty and subjectivity during surgical decision making.

This thesis presents research on computer-assisted methods for intraoperative ultrasound for

brain tumour resection. The work was carried out as part of the Imperial–Technische Univer-

sität München (TUM) Joint Academy of Doctoral Studies, in collaboration with the Department

of Neurosurgery and Imaging at Charing Cross Hospital. The work at Imperial, conducted at

the Hamlyn Centre, primarily addressed computer vision topics relevant to the clinical context,

while TUM and the Deutsches Zentrum für Luft- und Raumfahrt (German Aerospace Centre)

focused on robotics and control systems.

The thesis contributions can be grouped into three categories: Pathological Tissue Delineation,

Probe Manipulation Analysis, Resource Leveraging. Together, the work in these chapters aims

to expand the understanding of ultrasound brain tumour imaging and to present solutions

to enable real-time computer-assisted support for surgeons and facilitate automation through

robotic systems.
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Chapter 1

Introduction

1.1 Motivations

To provide an accessible introduction, this section is kept concise and free of excessive technical

detail. For a more in-depth background on the subject matter, refer to Chapter 2.

Although a rare form of cancer, brain tumours are one of the leading causes of cancer-related

deaths among young adults. Their relative rarity, in combination with the complexity of the

treatment and the general poor survival rates, has contributed to stunted developments in

translational research.

In particular, for brain surgery, maximal safe resection is of the utmost importance - no ex-

cess and critical function tissue should be damaged. Typically, preoperative images, which are

always captured for diagnosis, are used to guide the surgeon during resection. However, pre-

operative images suffer from reduced reliability during surgery, due to significant confounders

such as brain shift. These factors emphasise that there is a serious need to develop methods

to support neurosurgeons during surgery to accommodate the complex and dynamic surgical

scene. Imaging and sensing that can be performed intraoperatively therefore present themselves

as a key point of interest.

Developments in intraoperative imaging tools and techniques have generally seen progress,

1



2 Chapter 1. Introduction

but have been slow, with limited funding and research output. Magnetic resonance imaging

(MRI) has historically been the modality of choice due to its diagnostic familiarity and superior

image quality. However, intraoperative magnetic resonance imaging (iMRI) has shown limited

promise due to its high cost, the need for dedicated equipment and specialised operating room

setups, prolonged surgical durations, and associated anesthesiology complications. In contrast,

while ultrasound (US) provides lower-resolution images and captures smaller spatial areas,

intraoperative ultrasound (IOUS) offers a real-time, cost-effective alternative that integrates

more easily into the surgical workflow. Given these advantages, this PhD focusses on the

advancement of computer-assisted methods for IOUS, with the aim of improving its utility

in brain tumour surgery and fostering greater interest in this field from both the clinical and

technical communities. The secondary direction of this PhD is dictated by the aim of the

Imperial–Technische Universität München (TUM) Joint Academy of Doctoral Studies (JADS)

project, which is the building of a robotic system to automate the general IOUS process.

1.1.1 Healthcare Benefits of Robotic and Computer-Assisted Surgery

The ultimate goal of the contributions in this thesis, and research within this domain, is to

support and achieve clinical translation that has a positive real-world impact. Unlike theoretical

research, applied research that prioritises purely benchmark-gaming and research over practical

outcomes risks offering little more than intellectual nothings. As such, before diving into the

relevant literature and technical contributions of this thesis, it is important to highlight how the

general scope of what is being aimed to achieve may lead to positive outcomes and application

within the healthcare sector. For in-depth details of the clinical and technical background,

please refer to Section 2.

Although it is difficult to quantify how "difficult" neurosurgery is, or whether it is any more

or less so than other surgical specialisations, it is measurable that medical students perceive

it that way [HDK11, BA19]. More importantly, whatever the cause, there is a global shortage

of neurosurgeons [WTN+23], and theatre-attending neuroradiologists are rarer still [RCR24].

Therefore, it must be emphasised that this deficit in specialists will invariably increase individ-
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ual workloads [INB+25], negatively affecting the probability of surgical error [SBB+10].

Intraoperative sensing and imaging is now a regularly recommended tool for brain tumour

surgery to improve the outcome. For example, iMRI and IOUS are both recommended by the

National Institute for Health and Care Excellence during glioma resection [Nat21]. However, the

standardisation of neurosurgeon training for IOUS is limited [DLGS+22] - which has impacted

the wide adoption of it. Furthermore, performing IOUS is an additional cognitive burden for

surgeons [BJT+21].

Considering these factors, and as the global population is increasing [GAD21], along with the

increase in the incidence rates of brain cancer [II23], it is vital to explore all avenues that can

alleviate the burden on neuro-healthcare professionals.

Trends show that robotic devices and robotic assisted surgeries have become more common

in hospitals [SCD20]. As such, studies have been performed within real surgery, showing that

robotic assistance has provided positive benefits to surgeons. For example, a study measured

that during the phases of high cognitive load and time pressure of laparoscopic surgery, robotic

assistance has been associated with improved surgical performance [SMR+18]. More generally,

NHS England forecasts that robotic-assisted surgery will become far more common, reducing

the physical demands of complex procedures, increasing the number of complex surgeries per

day, and improving patient outcomes [NHS25].

Furthermore, early investments and speculation have highlighted the potential benefit of robotic

assisted surgery for low- and middle-income countries (LMIC). Due to the limited access to

healthcare specialists in certain regions [HLK+15], telesurgery can provide an invaluable solu-

tion to this problem by bypassing cost and logistical challenges and having access to specialists

through an online connection [Tam21] [MAA+22]. In addition, due to the disproportionate

burden of infectious diseases in LMIC [GB], limiting the risk to surgical personnel and patients

is vital. Robotic surgery can be a solution to control and minimise disease spread [MRMK20]

through the ability to increase the distance between the patient and the staff (also intra-staff)

or completely separate the patient; potentially, also reducing the number of staff required alto-

gether.
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1.2 Thesis Structure And Summary

Each chapter is based on an individual project and publication. The chapters are grouped into

three categories: Pathological Tissue Delineation (Chapters 3, 4, 5), challenges with interpreting

brain tumours in US, particularly concerning tumour margin uncertainty; Probe Manipulation

(Chapter 6), evaluating US probe interaction with brain tissue; Resource Leveraging (Chapters

7, 8), key areas where data and simulation resources are limited, which has affected translation

efforts.

Figure 1.1 situates this thesis within the wider research space of robotic IOUS for brain tu-

mour surgery and highlights the pertinent technical and clinical domains. Part I establishes

the clinical need by addressing the key task of tissue characterisation: interobserver-variability

study, a pragmatic sparse-annotation method, and robust fine-tuning for limited data. Part II

demonstrates the feasibility of robotic IOUS for brain surgery using contact-aware ultrasound

feedback to manipulate the probe. Part III mitigates resource limitations via two contributions:

a realistic, low-cost ex vivo brain phantom and a data-efficient 3D reconstruction framework.

Although complete end-to-end integration lies beyond the scope of this thesis, these contribu-

tions constitute foundational steps towards a complete system and an early exploration of fully

automated IOUS for brain tumour surgery. Note: the narrative order is I→II→III for clarity

and emphasis on the more fundamental areas, while the logical development and system flow

runs inverse III (resources)→II (guidance)→I (analysis). This workflow has been highlighted

in Figure 1.2.
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Figure 1.1: The research space for robotic intraoperative ultrasound in brain surgery. Subdi-
vided into four key areas (Robotics, Image Analysis, Resources, Clinical goals + Imaging) and
their respective subtopics . The colours of the boxes indicate: red = Part 1; green = Part 2;
blue = Part 3; grey = topics addressed during the PhD but not included in the thesis.
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•

•

•

•

•

•

•

Figure 1.2: Thesis workflow and system logic for robotic IOUS in brain tumour surgery.
The logic proceeds from methods that enable experimentation (Part III) to ultrasound-driven
probe–tissue coupling (Part II), and finally to pathological tissue analysis within the acquired
images (Part I). The box colours are the same as in Figure 1.1.
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Chapter 2: Background. A broad background is provided on the clinical and technical

scope of intraoperative ultrasound for brain tumour surgery. The clinical section describes the

basics of brain tumours, the surgical process, and imaging techniques (not limited to ultrasound)

used before and during surgery. The technical section describes the main areas of current and

relevant research on this topic.

Chapter 3: Interobserver Variance Of Tumour Annotation The baseplate method

for annotation is segmentation, be it multiclass or binary. Brain tumours are infiltrative with

poorly defined margins, raising the question of whether or not it is possible to segment brain

tumours in US images. In this chapter a study is presented that focusses on measuring the

significance of the delineation uncertainty, due to the lack of resolution of ultrasound and the

lack of formal and standardised clinical training.

Chapter 4: Robust Fine-Tuning For Tumour Detection. It can be assumed that

within the near future most medical challenges will still lack appropriate volumes of available

data with accurate and reliable annotations for standard supervised deep learning training.

This chapter explores the benefit of fine-tuning using a newly proposed constrained gradient

descent method that leverages anchoring on pre-trained parameters.

Chapter 5: A Sparse Annotation Method Based On Confidence Grading The

binary classification of brain tissue goes against what is known about the biological properties

of brain tumours. The is specifically the case along the tumour margins where cancers behave

infiltratively. This chapter contains a proposed method for sparse annotation of tumours, based

on spatial-wise confidence grading.

Chapter 6: A Method For Evaluating Ultrasound Probe-Tissue Contact Dur-

ing Brain Surgery. During US scanning, a professional user will reposition and reorient a

probe using purely image feedback. A method is developed to replicate this process, specifically

by identifying the visible tissue which can subsequently be used to infer contact related issues

with the probe-tissue coupling, providing usable information for reorientation guidance.

Chapter 7: Learning Structured Light Projections To Improve Stereo Disparity
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Learning From Limited Data. The extraction of high resolution 3D information of a surgical

scene is particularly beneficial for ensuring appropriate contact between surgical devices and

tools and the tissue surface. In particular, for defining US probe trajectories, whether it be

towards the brain surface or along the surface. Available surgical data is limited, ethics are hard

to acquire, and the capture of precise and reliable in vivo ground truth is difficult to achieve.

A training framework is proposed that uses joint learning of structured light, to supplement

limited-depth training datasets for improved learning from limited data.

Chapter 8: Inexpensive Brain Model With Tumour Simulation. Commercially

available and homemade methods to create brain phantoms with accurate anatomical imaging

in US are limited. This chapter explores a method for using inexpensive ex vivo brain tissue

and simulating tumours using injected agar.

Chapter 9: Conclusion. A conclusion of the thesis is provided with comments on the

limitations of the work and possible future directions.
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1.3 Publications

1.3.1 Thesis Specific Publications

These publications are directly relevant to the subject of this thesis. All publications are open-

access articles distributed under the terms of the Creative Commons CC BY licence. This

permits unrestricted use, distribution, and reproduction in any medium, provided that they

have been properly cited. All publications can also be found on Arχiv and medχiv.

• Chapter 3 -

Weld, A.∗, Dixon, L.∗, Anichini, G.∗, Patel, N., Nimer, A., Dyck, M., ONeill, K., Lim, A.,

Giannarou, S., & Camp, S. (2023). Challenges with segmenting intraoperative ultrasound

for brain tumours. Acta Neurochirurgica, 166.

• Chapter 4 -

Weld, A., Dixon, L., Camp, S., & Giannarou, S. (2025). A Study Of Robust Fine

Tuning Of DETR Models From Small Data For Tumour Detection In 2D Ultrasound.

(Submission - TBD)

• Chapter 5 -

Weld, A., Dixon, L., Camp, S., & Giannarou, S. (2025). Confidence-Based Annotation

Of Brain Tumours In Ultrasound. Arxiv. (Submission - TBD)

• Chapter 6 -

Weld, A., Dixon, L., Anichini, G., Dyck, M., Ranne, A., Camp, S.J., & Giannarou,

S. (2023). Identifying Visible Tissue in Intraoperative Ultrasound Images during Brain

Surgery: A Method and Application. International Journal of Computer Assisted Radi-

ology and Surgery (IJCARS).

• Chapter 7 -

Weld, A., Cartucho, J., Xu, C., Davids, J., & Giannarou, S. (2022). Regularising dis-

parity estimation via multi task learning with structured light reconstruction. Computer
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Methods in Biomechanics and Biomedical Engineering: Imaging & Visualization, 11, 1206

- 1214.

• Chapter 8 -

Weld, A., Dixon, L., Anichini, G., Faoro, G., Menciassi, A., Camp, S., & Giannarou,

S. (2024). A Method For Mimicking Tumour Tissue In Brain Ex-Vivo Ultrasound For

Research Application And Clinical Training. Acta Neurochirurgica, 167.

1.3.2 Other Publications

Publications that are not specific to this thesis are listed below. It is worth noting that a

portion of the work conducted in collaboration with colleagues in Germany has been excluded

from the main body of this thesis to avoid duplication or overlap of contributions. Additional

output from this collaboration, which remains unpublished, is expected in the near future.

• Ultrasound Segmentation Using A 2D UNet With Bayesian Volumetric Sup-

port

Weld, A.∗, Agrawal, A.∗, & Giannarou, S. (2022). CuRIOUS/KiPA/MELA@MICCAI.

• Deep Regression With Spatial-Frequency Feature Coupling And Image Syn-

thesis For Robot-Assisted Endomicroscopy

Xu, C., Roddan, A., Davids, J., Weld, A., Xu, H., & Giannarou, S. (2022). International

Conference on Medical Image Computing and Computer-Assisted Intervention.

• Toward Safe And Collaborative Robotic Ultrasound Tissue Scanning In Neu-

rosurgery

Dyck, M.∗, Weld, A.∗, Klodmann, J., Kirst, A., Dixon, L., Anichini, G., Camp, S.,

Albu-Schaffer, A., & Giannarou, S. (2023). IEEE Transactions on Medical Robotics and

Bionics, 6, 64-67.

• SurgT challenge: Benchmark Of Soft-Tissue Trackers For Robotic Surgery

Cartucho, J., Weld, A., Tukra, S., et al. (2023). Medical image analysis, 91, 102985.
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• Probe-Based Raman Spectroscopy In The Presence Of Visible Light For Brain

Tumour Analysis

Davids, J., Weld, A., Hill, C., Thompson, A., Giannarou, S., Ashrafian, H., & Darzi, A.

(2024). Journal of Neurology, Neurosurgery & Psychiatry.

• NeuroMetaverses For Neurology, Neurosurgery And Psychiatry

Esposito, L.∗, Davids, J.∗, Miriyala, R., Berstecher, R., Jose, I., Weld, A., Samarasekara,

J., Adams, H., & Ashrafian, H. (2024). Journal of Neurology, Neurosurgery & Psychiatry.

• 2D Ultrasound Thermometry Based On Echo Nonlinearities And Deep Learn-

ing Denoising

Faoro, G., Weld, A., Giannarou, S., & Menciassi, A. (2024). (Submitted to IEEE Trans-

actions on Ultrasonics, Ferroelectrics, and Frequency Control).

• Intraoperative superb microvascular ultrasound imaging in glioma: novel quan-

titative analysis correlates with tumour grade

Dixon, L., Weld, A., Bhagawati, D., Patel, N., Giannarou, S., Grech-Sollars, M., Lim,

A., & Camp, S. (2025). Acta Neurochirurgica vol. 167.

• Multimodal Imaging Platform For Enhanced Tumor Resection In Neuro-

surgery: Integrating Hyperspectral And pCLE Technologies

Roddan, A., Czempiel, T., Xu, C., Xu, H., Weld, A., Chalau, V., Anichini, G., Elson,

D., & Giannarou, S. (2024). International Journal of Computer Assisted Radiology and

Surgery (IJCARS) 20, 1087–1096.

• Deep Learning-Based Glioma Segmentation on 2D Intraoperative Ultrasound

Images: A Multicenter Study from the Brain Tumor Intraoperative Ultra-

sound Database (BraTioUS)

Cepeda, S., Esteban-Sinovas, O., Singh, O., Moiyadi, A., Dixon, L., Weld, A., et al.

(2025). Cancers, 17, 315.

• SurgRIPE challenge: Benchmark of Surgical Robot Instrument Pose Estima-

tion
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Xu, H., Weld, A., Xu, C., et al. (2025). Arxiv. (Accepted at Medical Image Analysis)

• Standardisation of Convex Ultrasound Data Through Geometric Analysis and

Augmentation -

Weld, A., Faoro, G., Dixon, L., Camp, S., Menciassi, A., & Giannarou, S. (2025). Arxiv.

(Submission - TBD)

1.3.3 Presentations and Posters

• Weld, A.∗, Dyck, M.∗, Klodmann, J., Anichini, G., Dixon, L., Camp, S.J., Albu-Schäffer,

A., & Giannarou, S. (2022). Collaborative Robotic Ultrasound Tissue Scanning for Sur-

gical Resection Guidance in Neurosurgery. Proceedings of The 14th Hamlyn Symposium

on Medical Robotics.

Contribution - Co-first author.

• Dyck, M.∗, Weld, A.∗, Klodmann, J., Kirst, A., Anichini, G., Dixon, L., Camp, S.J.,

Giannarou, S., & Albu-Schäffer, A. (2023). Automated Robotic Intraoperative Ultra-

sound for Brain Surgery. ICRA-RAMI workshop.

Contribution - Co-first author.

• Weld, A., Davids, J., Ashrafian, H., & Giannarou, S. (2023). AI-guided Ultrasono-

graphic Assessment for Intraoperative Glioma Resection. Brain Tumour North West

Conference.

Contribution - First author.

• Weld, A., Dixon, L., Anichini, G., Giannarou, S., & Camp, S. (2024). Intraoperative

Ultrasound Brain Tumour Margin Uncertainty: Interobserver Variation And A Method

For Annotation. Cancer Research UK Brain Tumour Conference.

Contribution - First author.

• Weld, A., Dyck, M., Dixon, L., Anichini, G., Camp, S., Albu-Schäffer, A., & Giannarou,

S. (2024). Robot-assisted Ultrasound Brain Tissue Scanning for Surgical Resection Guid-
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ance. Cancer Research UK Brain Tumour Conference.

Contribution - First author.
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1.4 Coronavirus Disease 2019 Impact Statement

Between March 2020 and December 2021, the UK government imposed lockdowns and measures

due to the 2019 coronavirus pandemic. The social and economic impact of this period was

significant and continued long afterward. This PhD began early in January 2021. At least the

first year of this PhD was heavily affected by the global pandemic. Office work was challenging

and many colleagues did not return to the office until long into 2022. Collaboration with

colleagues working within the NHS and abroad in Germany was difficult. In particular, the

NHS had little time and money for research for the duration of the PhD. The principal objective

of this PhD is clinical translation research and therefore the pandemic greatly affected the shape

and direction of the work in this thesis. In particular, all 3D vision work was performed during

the pandemic. Face masks required and all.



1.5. Descriptions, Conventions and Short Handings 15

1.5 Descriptions, Conventions and Short Handings

To help with readability, equations are redefined within each chapter to maintain smooth no-

tation and contextual relevance. This approach keeps the notation self-contained within the

chapters and ensures closer proximity for the reader to refer to. Abbreviations, such as ultra-

sound (US), are also redefined within each chapter for the same reason.



Chapter 2

Literature Review

This review of the background literature presents the clinical challenges and key technical devel-

opments in the space of computer-assisted intraoperative ultrasound for brain tumour surgery.

Since each contribution chapter corresponds to an individual research project and includes

its respective relevant literature review, this chapter minimises redundancy by discussing the

broader subject and highlighting areas of interest - both covered and not covered later in this

thesis - that I perceive as being relevant, important, and potential avenues of future work.

16
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2.1 Clinical Background

2.1.1 Brain Tumours

Figure 2.1: Brain tumour illustration - Wellcome Collection, United Kingdom - CC BY.
https://www.europeana.eu/item/9200579/use8h2y8

Brain tumours are intracranial neoplasms, abnormal growths of cells that can form in or around

brain tissue [DeA01]. An illustrative example is shown in Figure. 2.3 They can be benign

(noncancerous) or malignant (cancerous). They may originate from the brain (primary) or

have spread from other cancers (secondary / metastatic), such as the central nervous system

(CNS). The international standardisation of CNS tumour classification has been dictated by

the WHO. Where the classification is determined by cell of origin or anatomical origin, resulting

in the identification of 120 types of brain tumours. The current standard was decreed 2021 in

the 5th edition of the "WHO classification of CNS tumours" [LPW+21].

According to Cancer Research UK, in the UK, measured between 2017 and 2019, approximately

12,700 new cases were diagnosed every year [cru]. This continues the trend observed over the

last decade of an increase of 10% of the incidence rate. Where, the rate of new cases was highest

among those between 85 and 89 years of age. However, the distribution of tumour type varies
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significantly across age brackets [MPL10]. Between 2017 and 2019, brain tumours represented

3% of cancer deaths in the UK. During the three years, 5456 deaths were associated with brain

tumours, which is approximately equivalent to 14% of the total number of new cases.

Although brain tumours are less common than other cancers and rank lower in overall cancer-

related mortality in all age groups, they are the leading cause of cancer-related deaths among

children and young adults under 40 years of age since 2002, according to Brain Tumour Research

[Bra] [RS23]. Despite this, only 1% of national cancer research funding is allocated to brain

tumour research.

The diagnosis and treatment planning of brain tumours is strongly determined using mag-

netic resonance imaging (MRI), which has replaced invasive historical methods such as lumbar

puncture [LT93]. MRI provides noninvasive high-resolution imaging with good soft tissue con-

trast. More significantly, the pulse setting can be varied in MRI to achieve different imaging

sequences, which can expose different perspectives of the tumour embedding and interaction

with surrounding normal tissue [MRS+23].

An example of commonly used MRI sequences is the set present in the BRATS dataset [MJB+15],

a seminal benchmark dataset for brain tumour MRI image segmentation. These sequences in-

cluded are: T1-weighted (T1), T2-weighted (T2), contrast-enhanced T1-weighted (T1CE) and

T2 Flair (FLAIR). Images from the dataset are shown in Figure. 2.2. Additional common

sequences that are used, but not part of BRATS, include diffusion-weighted and perfusion-

weighted.

Furthermore, due to the complexity of pathological invasion into the surrounding normal tissue

adjacent to the tumour, the limits of what should and can be resected are difficult to determine.

For example, approximately 7% of the gliomas will have invaded eloquent regions, critical

functional tissue, such as speech [HS03] [SOB+96]. In such cases, functional MRI, a sequence

less commonly used, becomes crucial to providing insight by mapping the interaction of the

tumour with the eloquent cortical regions [LSC+23].

In addition to MRI, Computed Tomography (CT) and positron emission tomography (PET)
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Figure 2.2: Example images from the BRATS dataset showing different MRI sequences. Seg-
mentation legend: blue is necrotic and non-enhancing tumor core, green is peritumoral edema,
silver is Gadolinium enhancing tumour.

images are also used to provide complementary information for further investigation of the

tumour and also provide circumstantial information for which MRI might not be suitable. CT

imaging is particularly useful for detecting bone damage, tumour calcifications, and haemor-

rhages, which can be secondary to tumours or confound their diagnosis. PET imaging provides

advantages by capturing metabolic information, including tumour extent, differentiation of

treatment-related changes from recurrent tumour, and does not rely on blood-brain barrier

breakdown, unlike contrast-enhanced MRI [LCS+09].

2.1.2 Brain Tumour Surgery

Treatment of tumours will be highly dependent on the centre, patient, and tumour specifics

[PL16]. However, treatment usually involves a combination of radiation therapy, chemother-
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Figure 2.3: Illustration of a craniotomy process - "Drawing of the brain showing a sub-
cortical clot." from Harvey Cushing Photograph Collection, Medical Historical Library, Cush-
ing/Whitney Medical Library, Yale University Library Digital Collections, Image ID: 32325691,
https://collections.library.yale.edu/catalog/15951324.

apy, and surgery. Where surgery is usually the first and most common treatment approach.

Specifically, the purpose of surgery is the maximal safe resection of pathological tissue.

Glioblastomas are one of the most insidious brain tumours due to their aggressive nature and

their complexity in biological properties and treatment. Studies of the extent of resection,

specifically comparisons of gross total resection (GTR) with subtotal resection (STR) - where

GTR is the removal of all visible tumour (identified on MRI), whereas STR leaves residual

pathological tissue due to interaction with eloquent cortex, in order to minimise the risk of

iatrogenic complications - have shown that GTR probably improves survival probabilities, par-

ticularly for 1 and 2 years by a significant factor [BBL+16]. However, it is important to acknowl-

edge that these studies are substantially limited by poor control of patient and tumour-specific

factors, and that the studies are retrospective. Furthermore, confounders such as tumour size,

interaction with eloquent structures, and postoperative therapies contribute significantly to

determining whether GTR or STR is pursued and therefore also mortality probabilities. This
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is highlighted in the cited systematic review and meta-analysis. Regardless of the situation,

what is clearly highlighted through this is that surgery is fundamental to treatment, and the

complexity of the surgery is a major factor in the likelihood of patient mortality.

The discussion of the surgical process is beyond the scope of this thesis. As such, I will reduce

this process to merely highlighting the mechanical aspects. That is, scalp incision, removal of

the bone flap and cutting of the dura material [CVB08]. This process is shown in Figure. 2.3. At

this point of the procedure, confounding factors begin to appear that complicate the reliability

of presurgical information such as preoperative imaging. Which is what the main context of

this thesis is concerned with.

There are a multitude of variables that occur post-craniotomy, with the main contributing

factor being intracranial decompression, as the brain is normally contained within a protected

and closed environment. The most noticeable factor is brain shift, which is the issue of brain

deformation during the surgical process. For example, brain tissue and also tumour tissue

are known to increase in volume after craniotomy [KDBF+24]. In addition, the brain itself

may have a different intracranial orientation due to simple factors such as the position of the

patient and the effect of gravity [GKOH+21]. Furthermore, during cutting, the tissue gradually

undergoes an increase in deformation, which correspondingly reduces the preoperative MRI’s

representation of the current surgical scene [RC15].

2.1.3 Intraopeartive Imaging

The natural solution to the reduced reliability of preoperative images is to reimage during

surgery, this process is called intraoperative imaging. The most explored imaging modality is

intraoperative MRI (iMRI) [MGB10]. This is due to the familiarity with the modality during

the diagnostic stage, as well as to the high-quality visualisation of the tumour tissue and the

entire 3D brain structure.

However, logistical concerns and preparation requirements make iMRI infeasible as an on-the-

fly tool. A major limiting factor is the added complexity of anaesthesia management. From
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this study [GB18], it is implied that iMRI can only be performed if the number of scans and

total duration are pre-determined preoperatively. This encumbersome scheduling requirement

prevents its flexible use during surgery. Furthermore, a study [BJF+09] reported that setting

up a dedicated iMRI system (POLESTAR™) and operating room can take anywhere from 30

minutes to 3 hours, with image acquisition times ranging between 8 seconds and 13 minutes.

Beyond time constraints, the financial burden is significant: another study [MCE+11] calculated

the initial investment and 5-year running cost of their system to be $3.8 million.

Additional imaging and optics alternatives include hyperspectral and multispectral imaging

[ALH+24], Raman spectroscopy [ZqYL+23], computed tomography [ACH+20], and confocal

laser microscopy [RPV+21]. However, none have achieved any standardisation and are all in

the infancy of investigation for practical application.

2.1.4 Ultrasound

Figure 2.4: Simplified diagram of the US scan within a craniotomy.

Arguably, the most promising intraoperative tool is ultrasound (US). Where by US, I mean

medical US devices that emit ultrasonic signals in the diagnostic range of ≈ 2–20 MHz, from a

piezoelectric matrix (transducer) within a handheld probe. The transducer converts electrical

energy into high-frequency sound waves that propagate through tissue and reflect back to the

transducer, at acoustic boundaries. These reflections, known as echoes, will vary in amplitude
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(a) Convex probe ultrasound scan through a small craniotomy win-
dow.

(b) Scan inside resection cavity.

(c) Ultrasound manual registration with preoperative MRI.

Figure 2.5: Intraopertative ultrasound scan captured at Charing Cross Hospital.
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and density depending on the impedance properties of the boundaries (echogenicity) and pos-

sible artefacts. The echoes are received as radio frequency (RF) signals, which, for standard

clinical devices, are immediately processed and converted into a B (brightness) mode grayscale

image; the RF signals are usually inaccessible outside of research devices. The depth of the

image corresponds to the depth of propagation of the signal, while the brightness varies with

the echogenicity of the tissue, for example, hyperechoic (bright) for bone and hypoechoic (dark)

for the abscess core [PP24].

There is a wide array of US probe types available. For neurosurgery, the most relevant probes

are linear, convex, phased array, and hockey stick. Where the convex and phased array probes

can also capture 3D US volumes. However, since 3D probes offer images of much lower quality

than 2D [AEP+22], due to the topic of this thesis, the work is focussed on 2D. This was verified

with our clinical partners and exploration with different machines and probe types.

Intraoperative ultrasound (IOUS) is the application of US post craniotomy, before, during, and

after resection. A simple diagram outlining the US process, within a craniotomy, is shown

in Figure 2.4. Pictures captured during brain surgery at Charing Cross Hospital are shown

in Figure 2.5. The benefit of IOUS, particularly over iMRI, and why this tool is the centre

piece of this thesis, is that IOUS can be used on the fly for acquisition of real-time information

with minimal extension of the surgical time taken, progressively improving image quality, and

enormously cheaper (orders of magnitude, low hundreds of thousands compared to millions)

initial investment cost and running cost. Although iMRI does provide better image resolution

and tissue differentiation - particularly at the end of resection - the pragmatics involved make

it significantly more difficult to establish it as a widely standardised tool across centres and

countries, for neurosurgical oncology [MSR+22].

Notable factors in the slow adoption of IOUS include the perceived difficulty in mastering (e.g.

image interpretation and visuotactile skills), standardisation, and the large variability of US

machines and probes [DLGS+22]. In particular, the lack of standardisation and formal training

in the use of IOUS has meant that studies evaluating the use of IOUS may have been conducted

by those without sufficient training and experience with the tool.
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2.2 Technical Background - Computer Vision Algorithms

For Limited Data Applications

Automated analysis of digital images is a mature field with numerous promising applications in

clinical practice. Radiological, sonographic, and optical imaging tools are becoming increasingly

important and widely adopted in surgical settings. These trends have motivated considerable

interest in translating computer vision algorithms into operating theatres; across the medical,

academic, and commercial sectors.

The application of machine learning algorithms for surgical tasks has now begun to seriously

demonstrate translation viability [VHOT24]. Mostly, these algorithms are based on deep learn-

ing. One of the first breakthroughs was a 2018 collaboration effort between DeepMind and

Moorfields Eye Hospital, for the diagnosis and referral decision for retinal disease [FLRP+18].

In this work, they demonstrated that standard segmentation and classification neural networks

could be trained to match or exceed the performance of experienced clinicians. In addition, an-

other contribution was the demonstration of the ability to retrain segmentation neural networks,

without prohibitive data requirements, to adapt to another optical coherence tomography de-

vice. Although this was a significant breakthrough in demonstrating the potential of neural

networks, it should not be obfuscated that the key to deep learning success is access to large

datasets. In the case of this work, the original training was performed on 14,884 images and

it should be noted that the distribution shift between the two devices was relatively minimal.

Furthermore, this study was industry-financed, the hospital is world-leading, the recording of

retinal images is naturally part of clinical practice, and the diseases are relatively common.

Some large medical image datasets are available, but when considering the total set of clini-

cal tasks involving imaging, it must be remembered that there is fundamentally a scarcity of

available data. Efforts are underway to improve this situation; however, these hurdles present

an uphill battle, including the difficulty of acquiring ethics, the limitation of hospital resources,

the limited incentives to share data, and the rarity of the conditions.

A brief historical outline of the key developments in machine learning is presented in Appendix
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Chapter 9.2.3. I believe that knowing this historical context is critical to understanding the

current state of research; notably, how we arrived here, which should provide a reference point

to current data limitation problems.

The comprehensive exposition of the fundamentals of linear algebra, information theory, com-

puter vision, and machine learning is purposefully omitted from this thesis, as these topics have

been covered ad nauseam. For a comprehensive background on these subjects, the following

seminal textbooks are recommended: Sheldon Axler’s "Linear Algebra Done Right" [Axl95],

Christopher Bishop’s "Pattern Recognition and Machine Learning" [Bis07], Kevin Murphy’s

"Machine learning: a probabilistic perspective" [Mur12], Richard Szeliski’s "Computer Vision:

Algorithms and Applications" [Sze11], Richard Hartley’s "Multiple View Geometry in Com-

puter Vision" [HZ04], Ian Goodfellow’s "Deep Learning" [GBC16].

2.2.1 Non-learning Examples in Surgical Application

When data is limited, or when explicit task and environment modelling is feasible, non-learning

algorithms offer a strong alternative. Using natural information such as known physics or

geometry, these methods may inherently offer superior interpretability, better behaviour un-

der distribution shift, provable convergence (under specific assumptions), analytically derived

uncertainty, and robustness compared to deep learning methods. These strengths make non-

learning solutions advantageous for many surgical tasks, including surgical robotic guidance

and diagnostic support.

For reference material, a brief list of examples is provided that were read during the PhD; for

this and the deep learning section below, non-US examples will be provided to diversify the

review of the literature. For 3D Vision: using Simultaneous Localization and Mapping (SLAM)

for endoscopy tracking and mapping [MCH+16]; combining SLAM with shape-from-template

and non-rigid structure-from-motion to perform deformable tracking and mapping of soft tissue

surfaces in surgical videos [LPBM19]; point tracking of soft tissue features using salient fea-

ture extraction in conjunction with an Extended Kalman Filter [GSY13]; surgical robotic tool

tracking and pose estimation using pattern markers [CWH+21]; surgical scene depth estimation
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for robotic tissue scanning probe guidance using stereo vision depth estimation via a Bayesian

stereo matching algorithm [ZCG20] [GRU10]. For Tissue Characterisation: polyp segmentation

in endoscopy using principal component pursuit and active contours [SIBK18]; brain tumour

segmentation using fuzzy integrated active contours [JRP19]. For Image Quality: uncertainty

quantification in fast, undersampled MRI using Bayesian hypothesis testing [RPW18]; joint

reconstruction and (structural) segmentation of fast, undersampled MRI using a Bregman iter-

ation framework [CBE+18]; physics informed random walk for US confidence analysis, to guide

robotic systems [KWKN12a]. For Registration: 2D IO camera with 3D preoperative MRI brain

surface registration through elastic deformation, optimised with gradient-descent energy min-

imisation [BCH+14]; The registration of iMRI and preoperative MRI images for estimation of

brain shift and assessment of residual and tumour margins, via non-rigid registration [CDT+05].

2.2.2 Deep Learning With Limited Data

Much work has been done to explore and quantify the problem of data limitation for deep

learning training. The first question, particularly for safety-critical areas like medical imaging,

is how much training data is sufficient [CLS+15]. While a logical starting point, in practice,

answering this is inherently circular - to know the answer, you need to have the data to see

how the performance will change; a catch-22. This has been highlighted in such papers as

[DHM+20] which explore the idea of underspecification. That is, held-out data usually follow

the same distribution as the training data and therefore bias judgement and evaluation on

trained performance.

In [HNA+17] [BDK+21], empirical evaluation, across multiple data domains, shows that neural

network performance, specifically generalisation error, decreases approximately as a power-law

with the size of the training dataset.

It is clear, that work in this domain may indefinitely suffer from the limitations of available

data. However, this should not prohibit attempts to do research and development with what

is available.



28 Chapter 2. Literature Review

Although most surgical imaging tasks lack large, organised annotated datasets, it is often

feasible to collate small datasets manually or from various public sources. This can facilitate two

paths of algorithm development: (i) calibration and evaluation of non-learning algorithms, and

(ii) well-planned training of neural networks. Granted that fully supervised, standard neural

network training given voluminous datasets will usually result in the best possible performance.

The considered exploitation of small datasets within strategic training frameworks may still

yield competitive performance. Various mechanisms to achieve this are listed below; this will

include approaches that will range from improving learning given the limited data to methods

that aim to synthetically generate data.

2.2.2.1 Data-Focussed Examples

Elemental training strategies involve the careful design of how data and labels are prepared

and presented. Data-focussed methods can be divided into mainly three subcategories.

• Data processing - The deterministic curation of existing data to maximise information

gain or representation of dataset labels. Fundamental examples may include batching

and shaping of data. A well-known example of for the propagation of dataset labels is the

"Stereo Correspondence and Reconstruction of Endoscopic Data Challenge" (SCARED)

[AMW+21]. For this dataset, 45 dense depth map key frames were captured using porcine

cadavers. However, through careful warping of the key frames onto intermediate frames

using the da Vinci robot kinematics (which held the stereo endoscope), a dataset was

created that contained 17,206 training and 5,637 test samples of rectified stereo pairs

with depth ground truth. This dataset facilitated research into 3DV for surgical scenes.

• Data augmentation - On-the-fly modification of data during training to enrich the learn-

ing process and fill in and broaden the taught in-distribution. Common augmentation

techniques include additive noise, smoothing, or compression; random cropping or zero-

ing; within-sample shuffling; geometric and colour-space transformations. Although not

always physically realistic, these techniques have become commonplace in all deep learn-

ing and have demonstrated unquestionable benefit to improving the generalisation and
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robustness of neural networks. In medical imaging, augmentation has shown improved

efficacy when the physics of data acquisition or representation are obeyed. Examples of

these augmentation techniques would include: spectral augmentation for improved cal-

ibrated learning of hyperspectral data [RCEG24]; generating motion artefacts in MRI

through k-space filtering [SSV+20]; "copy-paste" tumours in kidney CT to improve seg-

mentation training [YZL+21]. Although not tested within a training pipeline, the aug-

mentation method highlighted in the Appendix Chapter B could also hypothetically be

used to improve US learning.

• Data generation - The use of generative models to supplement datasets with semi-unique

data samples. The history of generative models has been diverse, with many subtle

variations in interpretations and applications. I refer to Appendix Chapter 9.2.3 for a

better context of this. However, in modern deep learning paradigm, generative models

fundamentally root to: Variational Auto Encoder (VAE) models [KW13], Generative Ad-

versarial Networks (GANs) [GPAM+14], and diffusion models [HJA20a]. Where, overall,

these models learn to approximate the probability distribution of given training data and

can be used to generate new samples from the learned distribution. Generative mod-

els have shown unprecedented capability in recent years, and in many cases, synthetic

images, audio, and videos have become difficult to distinguish from real [AMS22]. This

qualitative impression of synthetic capabilities has become appealing within the medical

community: "If i cannot see the difference, if it looks good enough, why should I not

train a neural network with it?" Certainly, empirical evaluation in many different ap-

plications and published works has demonstrated the benefit of training using synthetic

data [AKS+23] [KWA+23]. However, on a personal note, I believe it is clear that there

are certain underlying issues which the research community has neglected in favour of

advancing benchmark performances. These are both issues regarding the ethics of the

use of synthetic data as a proxy to real data, and also the potential impact of performance

under real distribution shift are yet to be fundamentally evaluated.
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2.2.2.2 Transfer learning

Similarly to data augmentation, a common default strategy is to take a neural network with pre-

trained weights, pre-trained on an alternative large dataset, or to perform this initial training

step manually. enabling improved learning in target datasets / tasks.

In circumstances where alternative datasets are available, similar to the target dataset - for

example, dataset A containing 100,000 images with classification ground truth of household

pets, and dataset B containing 100 images exclusively of blue whales. Pre-training on the large

dataset allows the neural network to learn parameters which can discriminate semantic features

similar to what is expected in the target dataset. Therefore, continuing training from this

primed position leverages a model with strong foundations, making increased performance and

avoidance of overfitting more likely. Even if the two datasets contain fundamentally different

information, there may still be unrealised common information, e.g., low-level features like

edges or intensity patterns. Regardless of the distribution shift between the datasets, starting

from a learnt position may inherently provide an advantage over starting from randomness.

An early investigation of the benefit of transfer learning in medical image applications was

[SRG+16]. Here, the authors explore how transfer learning could be used with convolutional

neural networks, applied to CT images, for lymph node detection and lung disease classification.

The main outcome of this work was the consistent evidence of the benefit of using networks

pre-trained on natural image data. A detailed investigation of the impact of transfer learning

on neural networks, how the feature extraction process adapts, where the benefits could lie,

and the limitations is provided in [RZKB19].

Subsequently, a large volume of research and commercial exploration of deep learning for med-

ical imaging have relied on this training strategy as a matter of course. More nuanced are now

the subcategories of transfer learning, which would include:

• Linear probing - A simple and fast to train technique that involves freezing a pre-trained

backbone [EAAAM22] and appending a trainable linear output layer/head. This approach

has demonstrated strong advantages, through keeping the feature extraction layers fixed,
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thereby reducing the risk of overfitting. Using a foundation model [Com23] based on Con-

trastive Language–Image Pre-training (CLIP) [RKH+21] and pre-trained on biomedical

vision–language data, the authors show that linear probing can achieve state-of-the-art

performance for domain adaptation to limited-label classification tasks on benchmarks

such as the RSNA pneumonia dataset [SWH+19] - with competitive performance on

other datasets including PatchCamelyon [VLW+18] - even with as little as 1% and 10%

labelled data [ZXU+23]

• Fine-tuning - Involves training a pre-trained network, either all layers or a subset, with

small updates or small learning rates, to limit the overall change in the feature extraction

process of the original learnt parameters. This enables the network to adapt to tasks

with larger distribution shift than linear probing, while also providing a framework which

can be designed to encourage the maintaining of performance on the original training dis-

tribution. Fine-tuning is a broad category in itself, therefore I recommend this detailed

survey comparison of multiple fine-tuning strategies for medical image classification, in-

volving multiple architectures and datasets, which also including comparisons against

linear probing [DCH24].

• Parameter-Efficient Fine-Tuning (PEFT) - With the trend of successful training of neural

networks with continuingly growing numbers of parameters [HGL+24]. Recent interest

has moved to training strategies for updating large models through training of a subset of

parameters. As generalisability of large models, notably large language models [VSP+17]

[Ope22] and vision transformer (ViT) [DBK+20], have demonstrated increasing capabili-

ties in understanding cross domains and modalities, this has struck interest in the medical

community, as fundamentally, this replicates the required real-world decision-making pro-

tocols. A detailed study of PEFT algorithms for medical tasks was published in [DES+23].

In addition, it covers a large number of multiple architectures, tasks, and datasets. What

was highlighted was the benefit of PEFT in low- to medium-scale datasets and the over-

all potential of this avenue of research and development which will be a hot focus in the

medical image analysis community in the coming years.
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2.2.2.3 Learning Without Ground Truth

When ground truth / labels are not available, feature representations of the task can be learnt

by training the network to model the input itself. Two main subcategories can be defined within

this field:

• Self-supervised - Learning that is supervised by input data, without additional annotated

ground truth. A seminal example for this, which has shaped a lot of research for surgical

guidance learning from limited data, is the left-right consistency depth estimator [GAB17]

(although historically termed unsupervised); depth is learnt by finding the differentiable

warping of the left image to the right and vice versa, without any disparity ground truth.

This has been used as the foundational technique for numerous successful translations

for endoscopic application through stereo disparity estimation [TG22]. A comprehensive

evaluation of self-supervised methods for the classification of medical images was pub-

lished in [HPJ+23]. A main take from this study was that self-supervised pre training of

models for annotated limited tasks, in general, offered better model performance.

• Unsupervised - Self discovery of representations and structures within the data which can

be used for discrimination, without any explicit target. A particularly important imple-

mentation of unsupervised learning is the use of autoencoders to measure reconstruction

error and encoded representation shift during inference. Models such as the VAE are

trained on healthy data to encode and then decode input data, where the decoded output

should be identical to the input. This is done using data without the need for labels.

Then, during inference, if the encoding and decoding process produces abnormal be-

haviour, this can be used to classify medical image anomalies such as tumours in MRI

images [CSD+22]. For reconstruction, if the similarity measure against the input shows

a significant difference, these data can be determined as anomalous. For the encoding,

the VAE is trained to map data to normal distributions, so if the data is mapped to

something anomalous to the normal distributions, this can be used to signal anomaly. A

comprehensive survey of unsupervised learning using VAEs for medical imaging can be

found in [USHE18].
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2.2.2.4 Multi-Task Learning

Multi-task learning is the joint optimisation of a shared model for multiple related but differ-

ent tasks, usually given the same data. The advantages for data-limited application are the

regularisation impact during training and the maximisation of information gain from individ-

ual samples. Examples of joint optimisation frameworks include: histology classification and

segmentation of different tissue regions [GVJ+22]; multi-modality foundation model for clas-

sification, detection, and segmentation [SNH+23]; capsule endoscopy pathology classification

and self-supervised distortion classification [VPMH21]; surgical instrument segmentation and

self-supervised stereo disparity estimation [PMVS22]. A review of this topic can be found in

[ZWC+22].

2.2.2.5 Meta-Learning

Perhaps the most distinctive of the methods listed is meta-learning, a technique for training

models for rapid parameter adaptation from a few labelled examples. The focus is "learning-to-

learn"; during meta-training, a variety of tasks are presented within either one of the following

optimisation frameworks. Metric-based frameworks approach learning an embedding and sim-

ilarity/distance metric to compare given queries to the few labelled support examples akin to

lookup tables. Model-based focus on the design of network architectures to enable fast adapta-

tion using structures such as memory modules. Lastly, optimisation-based, where the current

literature suggests this as the most effective framework in practice, involves learning an initiali-

sation such that within a few gradient steps rapid adaptation of the parameters is achieved. An

important example is the Model-Agnostic Meta-Learning (MAML) [FAL17], which is a two-step

optimisation process, with an inner loop that updates task-specific parameters and an outer

loop that optimises initial parameters for rapid convergence. A notable variant is the Implicit

MAML, which decouples the inner and outer loops via implicit differentiation, improving the

computational cost [RFKL19]. These optimisation-based meta-learning approaches have shown

promise in healthcare translation; for example, fine-tuning a model within a few-shot learning

framework for lesion segmentation [KJH+21]. However, as highlighted in recent surveys [PC23]
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[RMJ+23], meta-learning in healthcare has received less attention than alternative methods

and many significant open challenges remain. I therefore describe metric- and model-based

frameworks only briefly, as above.
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2.3 Technical Background - Ultrasound

2.3.1 Ultrasound Hardware and Imaging

When thinking of US, most people will imagine black and white feotal imaging. However, a

plethora of advanced technologies have been and continue to be developed on top of standard

US technology and machines.

A standard feature of US is Doppler flow imaging, which measures the velocity and direction

of blood within vessels. This technique operates by measuring frequency shifts in returning

echoes, caused by the movement of blood relative to the transducer. There are many variants

of Doppler ultrasound techniques. Superb microvascular imaging (SMI) improves the visuali-

sation of low-velocity microvascular flow using a clutter suppression algorithm [ANAS17]. The

qualitative evaluation in [ION+17] found that SMI aids in identifying normal tissue, differen-

tiating tumour types (e.g., high- and low-grade gliomas [CXW+23]) and delineating tumour

borders [CXW+24]. Other Doppler-based US techniques include functional ultrasound (fUS),

which measures changes in cerebral blood volume [DDPT18]. This is achieved using ultrafast

ultrasound imaging systems [TF14], which are capable of capturing thousands of frames per

second. Similarly to fMRI, fUS can help maximise safe resection by identifying eloquent brain

structures [SVS+20].

Another notable advancement in US technology with promising intraoperative and non-invasive

applications is focussed ultrasound (FUS). For example, FUS can be used to temporarily open

the blood-brain barrier for targeted drug delivery [BH14]. However, the most relevant applica-

tion for this thesis is the use of high-intensity focussed ultrasound (HIFU) in tumour ablation.

HIFU works by concentrating high-intensity ultrasound waves on a specific target, inducing

localised thermal ablation (>56°C), which when maintained for a couple of seconds, causes co-

agulative necrosis and tumour and cancer cell destruction. Studies have shown that this can be

achieved both with and without craniotomy [QWK+18]. By eliminating the need for surgical

incisions, HIFU minimises damage to surrounding healthy tissue and offers a promising tool

for noninvasive neurosurgical interventions.
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2.3.2 Ultrasound Registration

A rather important point of exploration for neurosurgical applications is the real-time regis-

tration of IOUS images with preoperative images. This can be achieved physically through

optical or magnetic trackers [SBP+17]. However, these are often limited to only overlaying

information (rigid alignment), without accommodation for deformation and shifting, and the

requirement for additional hardware, which can introduce user-based challenges. This moti-

vates the exploration of computer vision-based systems. The first major effort in this direction

was the correction of brain shift with the intra-operative ultrasound (CURIOUS) 2018 chal-

lenge [XMW+19], where the retrospective evaluation of cerebral tumors (RESECT) [XFU+17]

dataset was used for algorithm development. Specifically, the challenge focussed on rigid reg-

istration prior to dura opening. This included the winning methodology that used the linear

correlation of linear combination similarity metric [WLF+13], and the second-place method,

which was based on the self-similarity context (SSC) descriptors [Hei18]. Where both methods

achieve a mean Euclidean distance test score of sub 2mm between two corresponding landmark

sets, and the recorded mean computational time per case was 20 and 25 seconds, respectively.

A recent extension of CURIOUS/RESECT is the brain resection multimodal imaging database

(ReMIND) collection [JDK+23]. Although the RESECT dataset included some images after

dura opening and after resection, the dataset primarily contains images before dura opening.

The ReMIND data critically add post-resection iMRI and IOUS, as well as pre-operation iMRI

with pre- and post-dura opening IOUS. This addition of post-resection information is critical

for studying the deformation issues created during cutting.

2.3.3 Ultrasound Segmentation

Diving into the deep learning inferno, we encounter the most popular area of interest, which is

that of tumour segmentation. Owing to the incredible variability in image quality depending

on machine and settings, non-standardisation of the IOUS for brain tumour surgery, difficulty

in acquiring ethics, and other factors. The volume of publicly available data is extremely

limited which consequently also limits what can be technically achieved. Extending from the
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registration subsection, the same group responsible for RESECT later extended the dataset to

include tumour segmentations, RESECT-SEG [BCC+22], which is probably currently the most

important public dataset. Due to the leveraging of the registration information to support

annotation and the consequential opening for future work for the development of methods for

dual segmentation and registration, this presents a logical and effective next step. However,

the issue with this dataset is the use of 3D US which suffers from inferior imaging quality

compared to same-generation, comparable 2D US machines. As highlighted in [CESS+25], the

2D IOUS images captured as part of the project that this thesis was part of are far superior to

the RESECT-SEG data.

Various strategies have been proposed to minimise the impact of data scarcity; for example,

through the fusion of different data modalities and deep learning training setups. Two of

these approaches will be outlined here. In [CESS+25], a segmentation method is proposed

using exclusively 2D IOUS images. The approach was based on nnU-NET [IJK+20], a self-

configuring U-NET training framework, specifically designed to simplify optimisation for the

creation of benchmark / well-performing biomedical image segmentation models. Their model

demonstrated strong generalisability across unseen data from different machines, including

both images from 2D and 3D acquisitions. A more advanced method is proposed in [DTH+24],

where a patient-specific segmentation method is developed that utilises the annotation of pre-

operative MRI images to train an MRI-IOUS synthesis Multi-Modal Hierarchical Variational

Auto-Encoder model. These synthetic images can then be used to overfit a real-time 2D UNet

to achieve patient-specific tumour segmentation.

2.3.4 Thesis Bridge

This thesis is principally concerned with general computer-assisted methods, and relevant topics

have been described in this review of the literature. However, since the PhD was also part of

the JADS robotic project, methods for assisting the robotic system are also of concern to this

work. The issue with this is that although the field of robotic ultrasound has attracted a great

deal of attention and output, nothing has been proposed for brain surgery. For example, recent
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comprehensive surveys of robotic ultrasound [JSN23] [BJD+24] show not only that no work has

been explored for brain surgery. But also, they completely fail to mention it as an avenue for

future work. A general background discussion of robotics is beyond the scope of this thesis.

Although some robotics work is included in the contributions, no extensive background reading

is required. For those interested in robotic US, I recommend those survey papers as a starting

point.

As has been discussed, considering the extraordinary acceleration of AI methods and applica-

tions, data-driven methods have seen very minimal translation to neurosurgical applications.

The direct transfer of principles from other IOUS applications to brain surgery is unlikely due

to its unique anatomical and procedural constraints. Key factors include the limited surgical

window, the delicate nature of brain tissue, the proximity to eloquent functional areas, and the

infiltrative nature of brain tumours. As such, clinical realities are often simplified to facilitate

technical feasibility, but this, in turn, distances solutions from real-world surgical needs. These

challenges have discouraged research, leading to limited technical developments and a scarcity

of available data. As a result, this thesis aims to address fundamental issues that have been

explored inadequately.



Part I

Pathological Tissue Delineation
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Preamble

The most challenging aspect of IOUS is the interpretation of the US feedback. This is especially

the case for brain surgery, where tissue delineation is inherently poor, particularly for patholog-

ical tissue. Within the NHS, IOUS training is largely limited to radiologists and sonographers.

With surgeons commonly learning "on the job" and relying on general US training or very

limited IOUS training. This is definitely the case within the neurosurgical community, where

adoption of IOUS as a regular tool has been notably slow. Much of the reason for this is the

perceived difficulty in mastering IOUS. Exacerbated by the wide variety in US machine quality

and the limited literature on the topic. Up until the publication of the first chapter, there were

no public studies measuring the issue of interobserver variability among experienced neurosur-

geons in IOUS. The main objective of the study is to highlight IOUS operator challenges and

the need for more formal training. In addition, through studying interobserver variability, the

study aims to indirectly measure the more fundamental challenge of tumour margin aleatoric

uncertainty; given the resolution of current state-of-the-art US machines. In light of the conclu-

sion of the study, an annotation method is proposed to directly address the issue of uncertainty

over tumour margins through Gaussian distributions representing confidence. This annotation

method has been shown to offer superior downstream application for data learning, particularly

when data is limited, as the annotations themselves are better representative of the underlying

information of the pathological tissue.

Within the context of this thesis, this outcome of this research is fundamental for developing

topic appropriate automatic tissue characterisation algorithms, which can be leveraged within a

human-in-the-loop framework (assisted scanning) or to drive a fully autonomous robotic system.



Chapter 3

Interobserver Variance Of Tumour

Annotation

3.1 Introduction

Maximal-safe resection of brain tumours is a key pillar of modern neuro-oncology management,

improving symptoms, quality of life and overall survival [HJB16]. Accurate delineation of a

lesion from surrounding normal functional brain tissue remains challenging but is critical to

ensure optimal resection. Ultrasound (US) has been employed intraoperatively (intraoperative

ultrasound IOUS) in neurosurgery for 70 years [FWN50]. Applied for surgical guidance, as it

allows real-time detection, characterisation and outlining of tumours. Unlike Magnetic reso-

nance imaging (MRI) - specifically intraoperative MRI (iMRI) - it integrates easily into the

surgical workflow and is relatively affordable. With the availability of high-quality US ma-

chines and navigated US co-registered with preoperative MRI and computed tomography (CT)

[DR01, HDIT97, JRHP12, OKN+10, MMQ+16], its adoption has increased over the last two

decades.

However, factors associated with the quality of the modality as well as standardisation of train-

ing has effected universal adoption [DLGS+22]. There remains a perceived steep learning curve

secondary to limited fields of view with unfamiliar topographical representation, artefacts, the

41
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unique visuo-tactile task and the difficulty with gaining experience outside of the intraoperative

setting. There are also concerns regarding the imaging accuracy and granularity. These factors

can make learning IOUS difficult, with the potential to impair tumour and tumour boundary

detection with the risk of leaving unintended residuum or causing inadvertent damage. This

challenge is further compounded by the inherent great variation in types of brain lesions, their

appearances, the degree of infiltration and the intraoperative changes (such as oedema and

haemorrhage) which can further confound.

Presently, there have been only a few meta-analyses looking at the impact of IOUS in glioma

surgery. One pooled series reported an average 77% gross total resection rate in 739 patients

undergoing IOUS-guided resection (71.9% in high grade glioma, HGG, compared to 78.1% in

low grade glioma, LGG) which was comparable to other forms of navigation. A recent meta-

analysis of 409 diffuse gliomas compared the accuracy of IOUS to the reference standard post-

operative MRI. They found that IOUS was an effective technique in assessing diffuse glioma

resection, with a 72.2% pooled sensitivity and a 93.5% pooled specificity [TBT+19]. Whilst

these results are encouraging the current evidence supports a need to improve IOUS accuracy if

it is to become part of the standard of care in brain tumour surgery. Trials assessing the role of

US in neurosurgery, such as the randomized controlled trial Functional and Ultrasound-Guided

Resection of Glioblastoma (FUTURE-GB), and refining of US techniques are therefore needed

[PCC+22].

There are three aims of this study. Firstly, to assess whether tumour boundary detection

on IOUS is challenging, we measure interobserver variation between regular IOUS operators in

segmenting US images of brain lesions. Secondly, we model the pixel intensities of the segmented

tumour boundaries to mathematically model the clarity and blurriness - factors relating to issues

of low resolution and low signal-to-noise ratio - of tumour boundaries. Finally, we evaluate the

interobserver variation of bounding boxes to assess whether this annotation method has a role

as an alternative, complimentary simplified method for outlining lesion margins. Additional

evaluation is performed to determine if these bounding boxes can be used as a guide to improve

the accuracy of the segmentation.
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To improve the utility of IOUS in neurosurgery, the understanding of the limitations of tumour-

margins delineation capabilities needs to be understood and measured. With standardised

training, new supporting techniques as well as the development of new tools required to reduce

uncertainty and error. By formally addressing the issue of tumour segmentation error and un-

certainty, we hope to highlight a fundamental challenge with IOUS that has hindered universal

adoption. Until now, this issue has largely been an implicit challenge recognised by experienced

IOUS operators.
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3.2 Materials and Methods

A preliminary study was conducted using 4 annotators (AN) experienced with IOUS - a neu-

roradiologist and 3 neurosurgeons - to determine the foundation of our hypothesis. The neu-

roradiologist and the three neurosurgeons are all post-training doctors. All clinicians involved

have extensive research backgrounds and familiarity with segmentation tools and protocols.

Specifically: Neuroradiologist - 10 years of US and neuroimaging experience; An1 - 10 years of

neuro-oncology experience with 10 years of ≈ 2-3 cases per week using IOUS; An2 - 8 years

of neuro-oncology experience with 6 years of ≈ 1 case per week using IOUS; An3 - 9 years of

neuro-oncology experience with 9 years of ≈ 2 cases per week using IOUS. The order of the

annotators has been randomised.

3.2.1 Data

The dataset consists of 30 images, from 30 patients, taken during brain surgery at Imperial

College NHS Trust London. The images were retrospectively selected by the neuroradiologist

from cine clips of US sweeps that captured the entire tumour. Images with a field of view

which covered the boundaries of the tumour and at least 2cm of surrounding normal brain

were selected with reference to the preoperative MRI (Magnetom Vera 3T, Siemens) to ensure

accuracy. All images were captured before tumour resection. For patient information please

see Tab. 3.1. Images were acquired using a Canon i900 US machine (Canon Medical Systems,

Japan) with the 8MHz i8MCX1 microconvex probe, and were stored using the Digital Imaging

and Communications in Medicine (DICOM) format. For all images, the dynamic range was

fixed at 70dB. The aperture was set to either 1 or 3. The power level was set to either 5 or

7. The gain varied between 79 to 98. The maximum depth was varied between 5cm to 11cm,

with the depth focus between 1.8cm to 8.1cm. All images are of size 960× 1280.

The study had full local ethical approval by the HRA and Health and Care Research Wales

(HCRW) authorities. Study title - US-CNS: Multiparametric Advanced Ultrasound Imaging

of the Central Nervous System Intraoperatively and Through Gaps in the Bone, IRAS project
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Table 3.1: Patient information. KPS = Karnofsky Performance Status, ASA = American
Society of Anesthesiologists Grade, SCC = Squamous Cell Carcinoma, SS = Supratentorial
Subependymoma, DNET = Dysembryoplastic Neuroepithelial Tumor, TB = Tuberculosis, Lt
= Left, Rt = Right.

ID G Age Lesion Location Histology KPS ASA

1 F 60-69 Metastasis Rt Parietal SCC - lung 80 3

2 M 30-39 Glioma Rt Frontal Astrocytoma 90 1

3 M 50-59 Glioma Rt Parietal Glioblastoma 80 2

4 F 40-49 Glioma Lt Frontal, Parietal Astrocytoma 90 2

5 M 20-29 Glioma Lt Parietal Astrocytoma 80 2

6 M 60-69 Glioma Lt Parietal Glioblastoma 70 2

7 M 50-59 Glioma Lt Frontal Oligodendroglioma 90 3

8 M 50-59 Glioma Rt Frontal Glioblastoma 90 2

9 M 60-69 Glioma Lt Parietal Glioblastoma 90 3

10 M 50-59 Glioma Rt Frontal Glioblastoma 90 2

11 M 40-49 Glioma Lt Parietal Glioblastoma 80 2

12 M 60-69 Glioma Rt Parietal Glioblastoma 70 3E

13 M 70-79 Glioma Rt Frontal Glioblastoma 70 2

14 M 10-19 Granuloma Lt Temporal Granuloma TB 100 1

15 F 60-69 Glioma Rt Parietal Glioblastoma 70 2

16 M 60-69 Glioma Rt Parietal Glioblastoma 80 2

17 M 40-49 Glioma Lt Temporal Glioblastoma 100 2

18 F 60-69 Glioma Lt Temporal Glioblastoma 70 2

19 M 40-49 Glioma Lt Frontal Glioblastoma 80 2

20 F 50-59 Ependymal Lt Temporal SS 90 2

21 M 30-39 Glioma Post Fossa Pilocytic astrocytoma 90 1

22 M 60-69 Glioma Rt Parietal, Occipital Glioblastoma 70 2

23 F 60-69 Glioma Lt Frontal Oligodendroglioma 90 2

24 M 30-39 Glioma Lt Parietal Glioblastoma 90 1

25 M 70-79 Glioma Rt Parietal Oligodendroglioma 90 2

26 F 20-29 Glioma Rt Frontal Astrocytoma 90 2

27 M 40-49 Glioma Rt Frontal Astrocytoma 90 2

28 F 10-19 Glioneuronal Lt Frontal DNET 90 1

29 F 40-49 Glioma Lt Temporal, Occipital Oligodendroglioma 90 2

30 F 30-39 Glioma Lt Parietal Astrocytoma 90 2
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ID: 275556, Protocol number: 22CX7609, REC reference: 22/WA/0259, Sponsor: Research

Governance and Integrity Team (RGIT).

3.2.2 Annotation protocol

The boundaries of tumours were annotated, for both segmentations and bounding boxes, using

3D Slicer (5.4.0) [FBKC+12]. The annotations provided by the neuroradiologist were made

using the benefit of the full US dataset, cross-registration with the preoperative MRI and

patient metadata; and we define these as the reference standard/ground truth for this study.

The other annotators were given only the individual 2D US images – these annotations were

used to evaluate the consistency and accuracy of the annotation capability, comparing inter-

neurosurgeon variation and dissimilarity against the annotations of the neuroradiologist. Whilst

this is unlike normal clinical practice (where the MRI and full real-time US would be available

and employed by the operator) the aim of this study is to assess the ability of B-mode US

to delineate brain lesion margins in isolation. The utility of bounding boxes as a guide to

refine tumour boundary segmentation was then assessed by An1 repeating their segmentations

3 months later (to mitigate bias) with the reference standard bounding boxes produced by the

neuroradiologist overlaid. The bounding box annotations are created by taking the maximum

and minimum, x and y coordinates from the annotators’ segments, fitting a box around the

outer limits of the segment - as opposed to re-annotating.

3.2.3 Statistical analysis

Three statistical metrics were used to compare the similarity between annotations. Within the

mathematical framework, let A and B represent two annotations from the same image i.e. A

could be the neuroradiologist’s annotation and B, one of the neurosurgeon’s annotations. The

first two metrics that we define are methods to quantify the degree of overlap - indirectly the

degree of similarity in the shape and volume - between A and B. The intersection over union

(IoU) [RTG+19] IoU = |A∩B|
|A∪B| , which is defined as the set of image coordinates occupied in
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the intersection of the two segmentations, divided by the union of the two segmentations, the

total set of image coordinates occupied by both segmentations. The Sørensen-Dice Similarity

Coefficient (DSC) [HPP+20] DSC = 2|A∩B|
|A|+|B| , which is defined as twice the intersection of the

two segmentations divided by the cardinalities of the two segmentations. For both IoU and

DSC, the closer the value to 1 the better the score.

For evaluation of the uncertainty of the boundary delineation, the contours of the segmentations

were compared using the Hausdorff Distance (HD) [KS19] ĤD(Ac, Bc) = maxac∈Ac minbc∈Bc ||ac−

bc||, HD = max(ĤD(Ac, Bc), ĤD(Bc, Ac)), which determines the maximum Euclidean distance

(pixels) between all closest point pairs between the two contours sets - the subscript c denotes

the contours of the corresponding segmentations, where the contours are the lines intersecting

the endpoints of the segmentations. For this metric, the closer the value is to 0 the better.

This analysis was performed using Python, pynrrd [EEBJ+19] for reading the segmentation

files and scikit-image [VDWSN+14] and SciPy [VGO+20] for the quantitative analysis.

3.2.4 Tumour Border Pixel Dispersion Substudy

To assess the visible distinguishability of the tumour from the surrounding normal tissue, the

dispersion of pixel intensities around the neuroradiologist’s tumour margins are evaluated. By

measuring the pixels along the segmentation’s contour plus a 10 pixels border, perpendicular

to, and on both sides of the contour. To calculate the properties of the distributions, a local

maxima peak-finding method is implemented. Where one peak = unimodal, two = bimodal

and three or more = other (could be either multimodal or uniform).
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3.3 Results

3.3.1 Inter-Neurosurgeon annotation variance

Figure 3.1: Inter neurosurgeon annotation variance. From top to bottom - ID 14, ID 16, ID
18. ID is the image index.

All results are presented in the following format - Metric[Mean:interquartile range (IQR)]. The

similarity measure between the neurosurgeons’ annotations is as follows - IoU[0.789:0.115],

DSC[0.876:0.072], HD[103.227:73.071]. Although the overlap scores indicate general similarity

between the annotations, there are still inconsistencies, which when considering the precision

required for tumour resection, this marginal difference can be considered impactful. The average

HD, on the other hand, is a significant result. Showing that there is frequent disagreement on at

least one point along the tumour boundary. Figure 3.1 highlights 3 examples of the annotation

variance. All figures show cases with minor and severe variance, to visually highlight the

features and general causes of uncertainty.
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Figure 3.2: The top row/example shows the effect on the boundary of a binary circle when
Gaussian blurring is applied - using a kernel density estimate plot. The bottom row/example
shows the same but using a box filter, where the circle also now has protrusions, unaffecting
the defined boundary represented by the yellow mask.

3.3.2 Tumour Border Pixel Dispersion Substudy

First, we provide a simplified example to illustrate how smoothing affects pixel distributions

along a binary boundary (perfect separability). In Figure 3.2 a binary circle is created and both

Gaussian and box filters are applied with increasing amplification. For the case of the binary

circle without smoothing, the boundary is perfectly defined and as such the pixel distribution is

bimodal. However, as the smoothing factor increases, the distribution tends towards uniformity

or multimodal and under severe blurring, becomes unimodal.

From evaluating the tumour boundaries, from the 30 images, 27 were classified as unimodal

and 3 as other Figure 3.3. This result is strong evidence of the severity of the pixel intensity

variation along the tumour boundary, which provides mathematical evidence for the ambiguity

in defining the discrete, definite boundary points.
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Figure 3.3: Top is a plot of all tumour boundary pixel intensities distributions. Blue highlights
unimodal distributions and red highlights other. Bottom is an example of tumour boundary is
shown using ID 009. ID is the image index.
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3.3.3 Neuroradiologist-Neurosurgeon annotation variance

Figure 3.4: Box and Whisker plots of the annotators IoU, DSC and HD scores on the 30 images
- red = segmentation, black = bounding box. What is highlighted is the greatly reduced median
score and IQR when using the bounding box method. IoU is Intersection Over Union, DSC is
Sørensen-Dice Similarity Coefficient, HD is Hausdorff Distance and IQR is Interquartile Range.
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The results of the similarity comparison between the reference standard annotations produced

by the neuroradiologist (which benefited from correlation with the preoperative MRI and the

full US dataset) and the neurosurgeons is tabulated in Tab. 3.2,3.3, and visualised using a box

and whiskers plot in Figure 3.4. This showed a moderate interobserver variance between the

reference standard segmentations’ and the annotations performed by the neurosurgeon on the

single slice B-mode images alone, highlighting the potential limitations and uncertainties of
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Table 3.2: Shown are the IoU and DSC similarity results. The closer the value to 1 the more
similar the annotations are. IoU is Intersection Over Union, DSC is Sørensen-Dice Similarity
Coefficient.

An1 An2 An3
Seg BBox Seg BBox Seg BBox

Image IoU DSC IoU DSC IoU DSC IoU DSC IoU DSC IoU DSC

1 0.952 0.976 0.954 0.976 0.875 0.933 0.862 0.926 0.941 0.970 0.971 0.985
2 0.908 0.952 0.962 0.981 0.911 0.954 0.957 0.978 0.880 0.936 0.847 0.917
3 0.888 0.941 0.907 0.951 0.906 0.951 0.914 0.955 0.891 0.943 0.955 0.977
4 0.902 0.948 0.926 0.962 0.848 0.918 0.886 0.940 0.389 0.560 0.230 0.374
5 0.905 0.950 0.940 0.969 0.856 0.923 0.912 0.954 0.893 0.943 0.856 0.922
6 0.570 0.726 0.536 0.698 0.811 0.895 0.854 0.921 0.876 0.934 0.893 0.943
7 0.578 0.733 0.734 0.846 0.781 0.877 0.916 0.956 0.819 0.901 0.940 0.969
8 0.889 0.941 0.863 0.927 0.957 0.978 0.954 0.977 0.965 0.982 0.971 0.985
9 0.591 0.743 0.830 0.907 0.693 0.819 0.746 0.854 0.679 0.809 0.724 0.840
10 0.902 0.948 0.960 0.980 0.788 0.881 0.733 0.846 0.913 0.955 0.943 0.971
11 0.644 0.783 0.581 0.735 0.800 0.889 0.919 0.958 0.670 0.803 0.777 0.875
12 0.833 0.909 0.776 0.874 0.872 0.932 0.887 0.940 0.923 0.960 0.976 0.988
13 0.823 0.903 0.816 0.899 0.809 0.895 0.843 0.915 0.865 0.928 0.870 0.931
14 0.265 0.419 0.217 0.357 0.219 0.359 0.199 0.332 0.206 0.342 0.199 0.333
15 0.130 0.230 0.148 0.257 0.125 0.221 0.159 0.275 0.129 0.228 0.143 0.251
16 0.885 0.939 0.903 0.949 0.809 0.894 0.855 0.922 0.802 0.890 0.763 0.865
17 0.706 0.828 0.702 0.825 0.548 0.708 0.649 0.787 0.616 0.762 0.780 0.876
18 0.168 0.287 0.139 0.245 0.167 0.286 0.172 0.293 0.083 0.154 0.078 0.145
19 0.901 0.948 0.875 0.933 0.790 0.883 0.805 0.892 0.835 0.910 0.616 0.762
20 0.956 0.977 0.943 0.971 0.870 0.930 0.819 0.901 0.839 0.912 0.747 0.855
21 0.873 0.932 0.902 0.948 0.452 0.623 0.475 0.644 0.853 0.920 0.881 0.937
22 0.849 0.918 0.850 0.919 0.854 0.921 0.888 0.940 0.876 0.934 0.877 0.934
23 0.402 0.573 0.208 0.345 0.624 0.769 0.746 0.854 0.534 0.696 0.233 0.378
24 0.743 0.853 0.785 0.880 0.632 0.775 0.723 0.839 0.694 0.820 0.740 0.850
25 0.838 0.912 0.883 0.938 0.904 0.950 0.919 0.958 0.751 0.858 0.744 0.853
26 0.619 0.765 0.773 0.872 0.561 0.718 0.698 0.822 0.572 0.728 0.707 0.829
27 0.873 0.932 0.857 0.923 0.813 0.897 0.764 0.866 0.804 0.891 0.836 0.911
28 0.803 0.891 0.874 0.933 0.773 0.872 0.832 0.908 0.756 0.861 0.908 0.952
29 0.791 0.883 0.867 0.929 0.620 0.766 0.754 0.859 0.622 0.767 0.807 0.893
30 0.821 0.902 0.810 0.895 0.878 0.935 0.816 0.899 0.832 0.908 0.879 0.936
Mean 0.734 0.821 0.751 0.827 0.719 0.812 0.755 0.837 0.717 0.807 0.730 0.808
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Table 3.3: Shown are the HD similarity results. The closer the value to 0 pixels the better
aligned the annotation margins are. HD is Hausdorff Distance.

An1 An2 An3

Image Seg BBox Seg BBox Seg BBox

1 14.765 8.544 43.000 36.620 14.142 5.000

2 22.204 4.123 25.000 5.000 52.802 46.271

3 33.734 16.492 32.558 14.142 23.324 9.220

4 29.069 8.246 42.438 33.061 371.389 379.120

5 51.614 13.153 57.245 19.416 40.162 23.345

6 162.926 163.515 56.223 35.511 52.924 17.804

7 74.632 40.311 32.650 7.280 42.579 6.000

8 52.000 48.010 33.121 7.616 28.636 6.403

9 137.773 49.477 74.686 47.265 79.202 48.836

10 25.807 4.243 55.803 44.598 18.682 6.403

11 117.652 119.620 362.627 15.000 138.105 69.231

12 66.000 70.000 68.447 47.170 43.600 7.071

13 46.174 28.844 62.000 30.000 40.522 23.324

14 331.724 341.264 329.524 336.265 331.965 345.307

15 263.610 294.703 218.563 247.746 254.342 288.043

16 36.770 36.000 81.006 44.000 90.554 68.710

17 309.015 110.000 330.510 102.000 377.922 62.169

18 429.439 419.640 323.303 328.056 404.901 524.675

19 27.295 23.000 58.052 36.401 419.715 112.058

20 30.887 23.000 64.938 58.694 87.727 84.000

21 42.012 15.000 119.549 111.973 33.377 14.866

22 68.447 28.425 70.264 25.000 43.600 24.000

23 415.473 290.493 57.079 44.721 415.120 302.154

24 71.007 48.703 89.022 63.789 80.000 53.488

25 56.511 20.809 22.627 14.213 63.600 35.468

26 156.259 45.188 171.047 70.767 175.026 57.271

27 15.000 10.440 24.000 24.413 29.547 21.024

28 34.670 30.067 36.056 30.017 35.228 13.601

29 53.254 38.949 180.049 79.649 171.234 54.406

30 67.231 40.792 26.926 27.731 59.641 24.739

Mean 108.098 79.702 104.94 66.270 133.986 91.134
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isolated B-mode in defining tumour boundaries.

With conversion of the segments to bounding boxes there was a noticeable improvement in

annotation similarity with a sizable decrease in the IQR. For all annotators, the conversion to

a bounding box, overall, increases the annotation similarity. The decrease in the IQR, as a

percentage, for [IoU, DSC, HD] are as follows - An1=[40%, 44%, 52%], An2=[37%, 42%, 49%],

An3=[33%, 37%, 60%].

Further evaluation of the bounding box proposal is conducted by measuring individually for

each image, the percentage of the neuroradiologist’s segmentation contained within the neuro-

surgeon’s corresponding bounding box. The average results per annotator are - An1:98.387%,

An2:98.833%, An3:99.052%. From the results, it can be concluded that the bounding box ap-

proach is usable for localising the entire tumour mass, and is a suitable method for reducing

inter-observer annotation variance.

Sample images are displayed in Figure 3.5,3.6. An assortment of different sources of boundary

aleatoric uncertainty are shown in Figure 3.5. Including images containing fuzzy borders and

continued hyperechogenicity extending beyond the tumour. Shown in Figure 3.6 are example

cases where using bounding boxes has substantially improved the annotation similarity.

3.3.4 Improving segmentation accuracy using overlaid bounding boxes

as a guide

In the substudy looking at the impact of overlaid reference bounding boxes on An1 segmen-

tation accuracy, we found a substantial improvement in segmentation similarity between the

neurosurgeon and reference standard. The previous results compared to the new results are

as follows - without bounding box [IoU:0.734, DSC:0.821, HD:108.098], with bounding box

[IoU:0.858, DSC:0.922, HD:52.072]. This result shows that the bounding box can be used as a

visual anchor to minimise the uncertainty when segmenting.
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Figure 3.5: Uncertainty caused by unclear boundary. The left images are the original images,
the middle from the neuroradiologist and the right from a neurosurgeon. From top to bottom
- ID 13 An3, ID 07 An3, ID 18 An2, ID 19 An2. ID is the image index.

Figure 3.6: Examples for where the segments have large dissimilarity whilst the bounding boxes
do not. The left images are the original images, the middle from the neuroradiologist and the
right from a neurosurgeon. From top to bottom - ID 11 AN 2, the bottom from ID 26 AN 1.
ID is the image index.
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3.4 Discussion

3.4.1 Historical background and clinical landscape

Several intraoperative imaging devices have been developed to help neurosurgeons localizing

the tumour during surgery. Aside from CT scan and MRI scans, introduced in clinical practice

during the ‘70s and in the ‘80s, neuro-navigation frameless devices were introduced during the

‘90s, and they were the first tools allowing intraoperative localization of the tumour [Enc09],

although they rely on pre-operative images rather than real time acquisition. The challenging

problem of having a real time tool for tumour location and visualization has been partially

sorted by the gradual introduction of IOUS in the armoury of neurosurgical equipment [DR01].

Interestingly, in several cases the signal obtained from IOUS was different when compared to

that obtained using traditional imaging technologies (CT or MRI scan), thus sparking attention

on the fact that the IOUS could be used not only as an intraoperative aid, but also as a

complementary tool for those lesions of unclear nature or margins [DR01]. Moreover, coupling

of the IOUS with MRI based neuro-navigation has greatly improved the possibility of midline

shift adjustment during surgery [LTR+06, LKO+03, OKN+10] and has been proven useful to

improve tumour demarcation when close to eloquent areas [RLR+07]. In more recent years,

further technological advancement has led to the development of 3D IOUS [BJT+21, SZP+22,

UOM+02, UL19]. The 3D reconstruction is automatically generated by the neuro-navigation

software after an intraoperative acquisition through a single spatial plane. The images can

be integrated with doppler angiography when required, so that vessel encasement by an intra-

cranial mass or aneurysm can also be detected [ŠBT+22, PMM+15]. Recent research has also

been focusing on the possibility of integrating IOUS with contrast [ACM+16, ZSX+23].

3.4.2 Findings, challenges, and future perspectives

In this study, we highlight the specific challenge of tumour detection and tumour boundary

delineation in cranial IOUS. Here we demonstrate that there remains moderate to high interob-
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server variation in the identification and segmentation of tumours on B-mode images acquired

on a modern, current-generation US scanner, between four individuals with experience in IOUS-

guided brain surgery. Three broad elements likely contribute to this variance, 1) the specific

qualities of brain tumours, 2) technical ultrasound factors and 3) operator influences.

Firstly, there are inherent features of brain tumours themselves which can make them diffi-

cult to delineate. Gliomas, in particular, are well-known to be infiltrative tumours, meaning

that they spread cancer cells beyond their obvious radiological margins [PAB+14, SCJ+12].

Moreover, both high-grade gliomas and low-grade gliomas often show a degree of surrounding

oedema which is, to this day, challenging to interpret in terms of differential diagnosis be-

tween reactive inflammatory tissue or actually infiltrated brain, even using more established

neuroimaging tools such as MRI. Moreover, the intraoperative imaging quality varies based on

the stage of surgical resection [MMQ+16, UL19]. Superficial, small sized lesions are typically

very well visualized by the acquisition and during resection. However, even modest to moderate

amount of bleeding causes a visible artifact that can hamper surgical view beyond the limits of

resection. To detect residual tumour, it is crucial to perform accurate haemostasis and remove

all haemostatic material to the surgical cavity.

One of the main points of discrepancy in the present series was the definition of tumour margins.

For example, in some cases, the lack of clarity over whether the highlighted hyperechogenicity of

the tissue was caused by a continuation of the tumour mass or just reactive oedema, introduces

significant heteroscedastic aleatoric uncertainty when defining the exact margin. This challenge

is further emphasised by how there remains no reference standard imaging technique that

absolutely defines tumour extent, nor is it usually possible to remove tumours en bloc in intra-

axial neurosurgery, precluding accurate histological correlation of tumour margins.

Secondly, there are unique challenges that US presents. There are numerous ways that an

ultrasound image can be altered, including changes in settings (such as gain and frequency),

ultrasound machine, probe type, probe contact and probe angle. In most cases, several of

these parameters need to be intentionally tailored to the particular tumour being imaged. For

instance, using a low-frequency probe, which has a trade-off in reduced spatial resolution, to
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visualise a deep tumour versus a high-frequency probe, with high spatial resolution, to image

a superficial cortical tumour. This wide range of US options can greatly alter the final image

creating another source of variance and in turn, aleatoric uncertainty which is arguably greater

than typically seen with other established imaging modalities such as CT and MRI.

US is also vulnerable to several unique artefacts, such as acoustic shadowing [WDA+23b] and

acoustic enhancement, which can alter and obscure the image creating a further source of

uncertainty. These issues could be mitigated somewhat by the establishment of a standardised

protocol for US settings and image acquisition. However, even then, it would be impossible to

fully account for all scenarios due to the wide spectrum of tumours and anatomical locations.

The potential for confounding artefacts and uncertainty regarding tumour boundaries further

increases as surgery progresses due to increased deformation, oedema and potential obscuring

blood products. This uncertainty could also be reduced with operator experience, which links

to operator factors which are the final source of variance. Currently, neurosurgical training in

US is predominantly experiential based on exposure to live cases in theatres. Whilst this is an

essential aspect of learning a new surgical skill this can greatly prolong the learning phase due

to a relatively low rate of exposure to the imaging technique as it necessitates an intraoperative

setting with a craniotomy window. This is in contrast to CT and MRI, which neurosurgeons

are much more comfortable with interpreting, owing, in part, to these being readily available

and performed regularly on most patients.

There are several complementary ways that IOUS accuracy could be improved and the steep

learning curve could be flattened and shortened. This includes the use of advanced multimodal

US (including contrast-enhanced US) and navigated US. In addition, dedicated courses employ-

ing US phantoms with brain tumour models can greatly help, by providing both applied formal

training in US theory in addition to hands-on time with US scanning. In all cases, however,

these approaches still require significant time investment and training. In this context, auto-

mated, computer-assisted, detection and segmentation of brain tumours on ultrasound would

be a desirable and useful additional tool. Automated segmentation of brain tumours on MRI

has been well explored with several robust and open source tools now available [PBEe22]. In

contrast, development in automated segmentation of IOUS images is in its infancy with no
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applications yet available. There are several reasons for this. As illustrated in this study it is

challenging to establish a ground truth dataset using manual segmentation due to high inter-

observer variance - especially as most published data usually contains only individual frames or

volumes. Furthermore, unlike MRI there is a paucity of neuro-oncology IOUS imaging datasets.

This is likely due to the relatively low number of IOUS scans acquired, the greater logistical

challenges with saving and downloading scans, the potentially large file sizes of video acquisi-

tions, the greater variation of IOUS across sites and the need for highly experienced annotators

to perform the time-consuming segmentations. Considering these many boundaries, we are far

off the realisation of a reliable system to rapidly automatically and accurately segment IOUS

brain tumour images. To bridge this gap, here we assess the utility of bounding boxes as an

additional complementary tool for simplified tumour detection and delineation.

Unsurprisingly, we found much lower interobserver variation when using bounding boxes to de-

fine tumour location and margins compared to segmentations. The advantage of our proposed

use of bounding boxes is a step in the direction of overcoming the above-mentioned challenges.

From a clinical perspective, the bounding box would be useful for training purposes and imme-

diate identification of the tumour mass. While this system is expected to be lower in specificity,

the high sensitivity should assist inexperienced surgeons in detecting tumours and providing

an area to focus on. Further, the whole signal change (fuzzy margin) would be included in the

bounding box, thus making sure that there is no missing tumour from the targeted area. The

process of annotation is also much quicker for bounding boxes although this will be annotator-

dependent, from our experience, bounding box annotation may take as little as 1/3 of the time

of segmentation, reducing the manual labour cost.

In computer vision and AI, segmentation methods will typically define, assume that the segmen-

tation task can be framed as separating an image into sub-regions with defined and complete

boundaries. For example, explicitly through the definition of a mathematical optimisation

framework, or implicitly by training a neural network on common datasets. Because of this,

the task of semantically segmenting brain tumours in US becomes uniquely difficult. From an

engineering perspective, there are a large number of benefits to using bounding boxes. First and

foremost, the reduced annotation complexity should facilitate the collection of large datasets.
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Accelerating technical and clinical research into this topic. For technical development, the

primary benefit is the reduced complexity of the estimation task, which should lead to highly

accurate systems. The bounding boxes can also be used for different tasks such as: represent-

ing the segment as a probabilistic heat map [PJM+20] to account for the tumour infiltration

[PAB+14, SCJ+12], prompting large/powerful models such as Segment Anything Model (SAM)

[KMR+23], tracking algorithms [CWT+23].
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3.5 Conclusion

What has been highlighted in this chapter is our thoughts on the challenges of segmenting brain

tumours in 2D US images, with a preliminary study conducted to corroborate our hypothesis.

For future work, larger curated and consensus annotated datasets of IOUS brain tumour images

and volumes are needed to develop more accurate computer assisted boundary detection tools.

This is likely to only be achieved through multi-site collaboration and pooling of data.

There are a few limitations of this study which we hope to be addressed in future work. Firstly,

the number of annotated cases was small which is why we have withheld from identifying

correlates - such as whether certain tumour types are more accurately segmented. Secondly,

only single slices were used for segmentation as opposed to volumes. This is unlike the real-world

use of IOUS where assessment of boundaries is based on live 3D sweeps of tumours and adjacent

anatomy, plus often cross-correlation with preoperative MRI, both of which would help refine

the accuracy of segmentations. However, we do comment that even though 3D information

may be available, decisions are still biased by what is visible, which invariably would still be a

2D slice. Extending from this, there remains the recurring issue in neuro-oncology of there not

being an accepted gold-standard ground truth for tumour boundaries and our use of integrated

multimodal MRI and US to create the reference standard segmentations has to be an accepted

compromise. Finally, whilst bounding boxes may serve as an efficient method to improve the

detection of tumours, this is at the expense of specificity, which is important for the prevention

of inadvertent removal of normal, functional brain tissue.



Chapter 4

Robust Fine-Tuning For Tumour

Detection

4.1 Introduction

What amount of data is sufficient for neural network training? Although the requirement may

vary, depending on factors such as the number of parameters and the specific task, the un-

derlying question remains unresolved and perpetually unanswered. The theoretical answer is a

dataset that covers the total distribution, which would facilitate neural network generalisability.

Achievable for constrained or toys tasks. Unachieved in real-world tasks.

Ethical clinical translation can only be achieved when systems can behave and perform at the

same level as their human counterparts. This can be boiled down to correct decision mak-

ing, robustness to unknown, unexpected, or unlikely circumstances, and interpretability of the

decision-making process. Current deep learning research for medical imaging has shown signif-

icant promise; however, tasks that are often solved have been simplified to accommodate the

ease of data preparation and neural network development. For example, classifying histopatho-

logical image classification for bening vs. malignant [SOPH16]. Unlike what a histopathologist

would do, which would include identifying cancer type, cancer grade, and characterisations.

Segmentation of post-treatment MRI glioma [dVSG+24]. Where the type of tumour (e.g.,

62
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glioblastoma, oligodendroglioma, astrocytoma), tumour grade, patient meta-data are ignored.

In addition, MRI sequences are limited to T1, T2, T1Gd and FLAIR. Although these datasets

are invaluable for benchmarking methods and developing toward clinical translation. They suf-

fer fundamental flaws in replicating the real practical scenario, which include numerous more

variables that may not easily be quantified or posed for deep learning. As such, deep learning

successes tend to be limited to a small subset of examples relative to the whole set of clinical

tasks. Here, a general assumption can be made that there is a correlation with the frequency

of occurrence with likelihood of available data, and therefore progress in technical transla-

tion, in essence a long-tail issue. This inherently introduces significant perceptual biases in

the translation community. Leading to unhelpful prophecies, most notably, "They should stop

training radiologists now." Geoffrey Hinton 2017 [Muk17] - there is currently a global shortage

of radiologists.

Data availability cannot be assumed as a guarantee. Many approaches have been developed to

mitigate this limitation, including generative methods, meta-learning, and unsupervised/self-

supervised. Examples include synthetic data generation to mitigate class imbalance and data

scarcity for endoscopy multiclass segmentation [ZTAG24]. Segmentation of lesions was explored

using the implicit model agnostic meta-learning optimisation framework under the few shot

setting, which enables fast neural network training convergence from a small amount of data

[KJH+21]. In [ZGCS23] a single image denoising diffusion model is proposed to synthesise lung

ultrasound images. Where they demonstrate that this approach can be used to improve down-

stream tasks, specifically classification performance (healthy, pneumonia, COVID-19) by using

the synthesised images for data augmentation. Most relevant to this work, [CBM+19] proposes

self-supervised context restoration for pre-training model parameters on a larger unlabelled

medical dataset, enabling improved fine-tuning on small datasets with limited annotations,

under the assumption that initialising weights on data more similar to the target dataset is

beneficial.

In this chapter, a study is constructed to explore a pressing but highly specialised applica-

tion of ultrasound (US). That is, intraoperative ultrasound (IOUS) for brain tumour resection

[DLGS+22]. This task has received relatively little attention, in part due to the lack of public
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data [CESS+25]. Specifically, this study explores recent developments in robust fine-tuning

[TDM+23] [TLSK23], which have mainly been aimed at maintaining large model performance

on in- and out-distribution data after fine-tuning through constrained gradient descent. Fol-

lowing recent research direction [CESR+25], this study explores the specific task of object

detection which has advantage over segmentation due to the minimisation of the impact of

margin uncertainty [WDA+23a].

This study exclusively uses transformer-based architectures for object detection, specifically

DETR [CMS+20] and DEF DETR [ZSL+20]. These approaches offer a distinct advantage over

traditional architectures, such as the two-stage Faster R-CNN [RHGS15] or one-stage detectors

like YOLO [RDGF15], by leveraging global context through the attention mechanisms. The

global context is particularly critical for the detection of brain tumours, where margins often

exhibit substantial aleatoric uncertainty, and tumours can vary significantly in scale and ap-

pearance. Furthermore, built-in attention layers can provide intuitive visualisations of model

focus, constituting a truer form of explainability compared to techniques such as Grad-CAM

[SDV+16], which only approximate activation. Finally, transformer-based detectors reduce the

need for extensive hand-crafted feature tuning, further streamlining the detection pipeline for

complex medical imaging tasks.

Furthermore, this study is interested in the impact of robust fine-tuning. Overcoming small data

training complications is relatively simple with convolutional networks. However, attention-

based architectures such as DETR often require more carefully constructed training frame-

works [ZSL+20]. This issue, namely the performance gap induced by data efficiency between

transformers and convolutional networks, has also been extensively explored in recent works

[LXLZ22]. Consequently, examining methods to improve neural network training and outcome

for DETR type architectures is essential. For a concise summary of the literature, the reader

is referred to Section 2.2.2

A dataset containing 3705 images captured during brain tumour surgery was annotated to

facilitate the experiments in this study. The results of this study show that, across both

models, all folds and including all optimisation methods, an intersection over union (IOU) of
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0.556 and F1 of 0.691 is achieved. Where specifically for the constrained gradient descent

trained models exclusively, an IOU of 0.583 and F1 of 0.736 were recorded, highlighting both

the feasibility of detecting tumours in ultrasound with good accuracy and the improvement

capabilities when training with constraints on the parameter update process. Experiment

extension was conducted to determine how the unconstrained and constrained models would

handle unseen noise. In all experiments, the unconstrained models achieved 29 better IOU and

F1 outcomes, while the constrained models achieved 67.
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4.2 Method and Experimental Setup

4.2.1 Data

The data used for these experiments were captured during brain surgery at Charing Cross

Hospital. Full, local, ethical approval for the collection of data was given by the HRA and Health

and Care Research Wales (HCRW) authorities1. The dataset consisted of 15 videos, from 15

patients with various pathological conditions [WDA+23a], with 3705 frames extracted (20Hz)

and annotated using bounding boxes - 3533 with tumour, 172 without. The annotation was

performed by an experienced, but non-clinically trained, brain tumour IOUS reader. Reference

annotations, a subset of frames from each video, were provided by a consultant neuroradiologist

who also verified all final annotations. Example annotations are shown in Figure 4.1. What is

highlighted specifically in these subfigures is the variability in the appearance of the tumours,

both intra- and inter-scan / patient. This heterogeneity adds a unique level of complexity,

unlike what is usually encountered in natural-scene tasks. Although the dataset is large in

frame number and annotations, it is vital to highlight that fundamentally this dataset only

comprises 15 patients / tumours, which therefore means there is limited tumour sampling,

which cannot be representative of all brain tumours.

4.2.2 Robust Fine-Tuning

Standard gradient descent can be expressed as

Wt+1 = Opt(Wt,∇L(Wt)) (4.1)

where W represents the trainable weight parameters of the neural network, t the previous

iteration, and ∇L(Wt) the parameter gradients given a loss function L.

1Study title - US-CNS: Multiparametric Advanced Ultrasound Imaging of the Central Nervous System In-
traoperatively and Through Gaps in the Bone, IRAS project ID: 275556, Protocol number: 22CX7609, REC
reference: 22/WA/0259, Sponsor: Research Governance and Integrity Team (RGIT).
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Figure 4.1: Sample ground truth annotations, where each row corresponds to a different scan
(different patient) and going from left to right is going forward in time.

The method proposed in [TLSK23], which is a main focus of this chapter, introduces a gradient

descent framework that remains anchored to the pre-trained weights through an adaptive and

optimisable norm-ball constraint. This creates a dual optimisation framework that simultane-

ously minimises both the loss function gradients and the deviation of the updated parameters

from the pre-trained weights. The original application of this method was to maintain perfor-

mance in distribution and out of distribution. In this work, the application of this method is

extended to explore the assumption that pre-trained models, which have been trained on large

datasets, relevant or not to the fine-tuning task, have learnt a parameter set which is well struc-

tured, with inherently robust geometric properties, for image processing. Therefore, we alter

the original narrative, and repurpose the method to explore it it is better to train a network

for perturbation/deviation from these pre-trained parameters, than to allow the parameter set

to change significantly; which will likely occur if fine-tuning is unconstrained.



68 Chapter 4. Robust Fine-Tuning For Tumour Detection

minimise ∥∇L(Wt)∥, ∥Wt+1 −W0∥ (4.2)

A summary description of the constrained gradient descent is presented.

δt+1 = Opt(Wt,∇L(Wt))−W0 (4.3)

where δt+1 represents the current deviation of the unconstrained gradient descent update Opt(..)

from the pre-trained weights W0.

∇γt+1 =
k

||δt||1
∑

(∇L(Wt)⊙ δt) (4.4)

γt+1 = AdamOpt(γt,∇γt+1) (4.5)

where ∇γt+1 represents the gradient of the learnt projection constraint, calculated from the

unconstrained gradients, and k is a gradient annealing factor. The scaling by the L1 norm

of the deviation k
||δt||1 normalises the term, creating the norm ball constraint. The projection

constraint γt+1 is then updated using the Adam optimization step applied to γt.

Wt+1 = W0 +
γt+1 · δt+1

||δt||1
(4.6)

Lastly, this represents the adaptive norm-ball projection update, ensuring that the updated

weights remain constrained relative to the pre-trained initialisation. The γt is initialised as

1e− 9. The terms δ and AdamOpt are initialised as 0.

4.2.3 Training Framework and Comparisons Setup

All experiments were carried out using Python, Pytorch and Hugging Face, on a Linux computer

with a single GeForce RTX 3080.
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The dataset was used to create a 3-fold experimental setup, where the train/test split was

performed at the patient level with a 10:5 ratio. Since each tumour and the corresponding video

are distinct, this approach maximises data utilisation while maintaining a robust evaluation,

despite the limited number of cases. The use of 3-fold cross-validation provides a thorough

experimental setup and reduces the need for evaluation on additional datasets, which have

limited public availability [CESS+25]. The images are of dimensions 1280x960.

Both DETR and DEF DETR were pre-trained on COCO 2017 [LMB+14] with RESNET-50

[HZRS15] backbone, with the bipartite matching loss used for pre-training and fine-tuning

[CMS+20]. All fine-tuning was performed for 20 epochs, where the batch size is set to 4, the

number of queries to 20, and all experiments were fully seeded. As per the original paper, the

robust fine tuning, when applied, is applied to all parameters except the head layers, which have

to be reinitialised. The evaluation was performed using IOU and F1 metrics [PPD+21], where

the F1 IOU threshold was set to 0.5. The best performing checkpoint on the corresponding

test sets was taken, using the IOU score, for reporting. As there is only ever one object per

image, and near all images contain a tumour, only the best output is evaluated, provided

the prediction label is for tumour and not for background. Accordingly, the mean average

precision is omitted due to the single-instance, single-prediction setup. This is determined by

taking the bounding box with the corresponding highest output activation confidence. Due to

its subsampling mechanism, DEF DETR inherently provides less informative attention maps.

Consequently, this study focusses exclusively on DETR. The attention maps were constructed

using the final cross-attention output, by averaging across the attention heads and reshaping

and upsampling the attention sequence using bicubic interpolation.

Specifically for the experimental setup, ADAM and SGD [Rud16] are used, where their robust

equivalents are denoted ADAM P and SGD P. For all optimisers, the learning rate is set to

2.0e-5, the weight decay to 5.0e-4. For SGD specifically, the Nestorov moment is used and set

to 0.9.

Furthermore, no data augmentation was applied during fine-tuning. This enabled evaluation

of the impact of noise on the test set performance, which can be perceived as a measure
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of robustness. Although the augmentations used during this evaluation are known and are

commonly used during training. Considering the diversity of noise and disturbances as well as

variability in image capture and quality, in medical imaging. This approach of holding back

these augmentations from training is done to control the validation, acting as an approximate

of unknown real noise, disturbance, and variability (real-world unpredictability). Specifically,

four sources of noise are chosen from the Albumentations library [BPK+18]: GaussNoise with

settings std range = (0.2, 0.44), mean range = (0.0, 0.0), noise scale factor = 1, per channel

= True; RandomBrightnessContrast with settings brightness limit = (-0.2, 0.2), contrast limit

= (-0.2, 0.2), brightness by max = True, ensure safe range = False; MultiplicativeNoise with

settings multiplier = (0.5, 1.5), per channel = False, elementwise = True; PixelDropout with

settings dropout prob = 0.2, per channel = True, drop value = 0, mask drop value = None.

The probability of applying the augmentation is set to 1 for all four augmentations.
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4.3 Results

(a) Adam (b) Adam P

Figure 4.2: Example outputs from DETR on fold 3 test data. The red bounding box is the
ground truth and the green is the best predicted. The brighter the yellow, the more attention.

4.3.1 Detection Performance

The results relevant to this subsection are Table 4.1 and Figure 4.2. The most significant

result of this experiment is that the constrained gradient descent achieved better IOU and

F1 results than the unconstrained networks, as shown in Table 4.1. To note, DETR fold 2

SGD failed to train, this can be contributed to the general instability when training using

SGD. As all parameters were fixed, the metrics for this experiment are set to 0. Following the

format unconstrained:constrained, the DETR IOU 0.475:0.577 and F1 0.571:0.716 and for DEF

DETR IOU 0.581:0.590 and F1 0.720:0.756. Figure 4.3 highlights the impact of constrained

gradient descent on the output models, where for all parameters, the constrained gradient

descent produces parameters much closer to the pre-trained weights.
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Table 4.1: Detection performance for the models produced using unconstrained and constrained
gradient descent. The epoch number corresponds to the best performing checkpoint on the test
set.

Fold Optimizer
DETR Def DETR

Epoch IOU F1 Epoch IOU F1

1

SGD 12 0.4923 0.5822 14 0.5394 0.5822
SGD P 20 0.5820 0.7676 14 0.5084 0.5700

ADAM 16 0.6165 0.7913 14 0.6382 0.8023
ADAM P 12 0.6343 0.8073 16 0.6243 0.7517

2

SGD – N/A N/A 14 0.5904 0.7472
SGD P 18 0.5607 0.7758 14 0.6168 0.8428

ADAM 20 0.6536 0.8300 20 0.5977 0.7998
ADAM P 12 0.5019 0.5362 14 0.5591 0.7394

3

SGD 20 0.4378 0.4335 12 0.5476 0.6213
SGD P 12 0.4819 0.5301 12 0.5721 0.7442

ADAM 20 0.6508 0.7898 14 0.5711 0.7654
ADAM P 20 0.7020 0.8810 18 0.6562 0.8858
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Figure 4.3: Impact of constrained gradient descent on the final model weights. The solid lines
show DETR and the dotted lines DEF DETR. Unconstrained gradient descent is highlighted
in red while constrained gradient descent with blue. The circle represents the mean difference
between final model and pre-trained parameters, while the lines highlight the standard devia-
tion. The y axis is log scaled.
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Table 4.2: Gaussian Noise.

Fold Opt
DETR Def DETR

IOU F1 IOU F1

1

SGD 0.4919 0.5906 0.5114 0.5677
SGD P 0.5901 0.7837 0.5026 0.5494

ADAM 0.6118 0.7852 0.6090 0.7881
ADAM P 0.6336 0.8035 0.6136 0.7205

2

SGD N/A N/A 0.5897 0.7294
SGD P 0.5342 0.6397 0.6216 0.8418

ADAM 0.6535 0.8310 0.6087 0.8096
ADAM P 0.4662 0.4741 0.5797 0.7739

3

SGD 0.4286 0.4173 0.5481 0.6221
SGD P 0.4812 0.5209 0.5327 0.6692

ADAM 0.6466 0.7883 0.5741 0.7753
ADAM P 0.6832 0.8547 0.6346 0.8935

Table 4.3: Brightness & Contrast.

DETR Def DETR

IOU F1 IOU F1

0.4546 0.5128 0.4507 0.4632
0.4966 0.5845 0.4824 0.5464

0.5810 0.7295 0.5625 0.7174
0.6075 0.7455 0.6095 0.7318

N/A N/A 0.5131 0.5796
0.4925 0.5964 0.5286 0.6387

0.6298 0.8093 0.5517 0.6633
0.4743 0.4771 0.5161 0.6472

0.4057 0.3833 0.5309 .6051
0.4179 0.4227 0.4959 0.5842

0.5827 0.6685 0.5277 0.6751
0.6548 0.8233 0.5851 0.8022

Table 4.4: Speckle Noise.

Fold Opt
DETR Def DETR

IOU F1 IOU F1

1

SGD 0.3431 0.2053 0.4094 0.4121
SGD P 0.4076 0.2701 0.4467 0.5120

ADAM 0.6046 0.7867 0.5938 0.7935
ADAM P 0.5936 0.6814 0.5308 0.6241

2

SGD N/A N/A 0.4333 0.4564
SGD P 0.3926 0.4091 0.4989 0.5737

ADAM 0.6145 0.8093 0.5754 0.7308
ADAM P 0.4647 0.5086 0.5597 0.7416

3

SGD 0.3408 0.1963 0.4895 0.4930
SGD P 0.4274 0.4173 0.4616 0.4298

ADAM 0.6479 0.7944 0.5574 0.7608
ADAM P 0.6749 0.8594 0.6299 0.8919

Table 4.5: Pixel Drop.

DETR Def DETR

IOU F1 IOU F1

0.4286 0.4838 0.4155 0.396
0.444 0.3586 0.4678 0.5479

0.5843 0.718 0.4019 0.4519
0.6118 0.7303 0.4812 0.5439

N/A N/A 0.4665 0.485
0.3789 0.2888 0.5669 0.7284

0.587 0.7836 0.5143 0.5788
0.4928 0.5835 0.5448 0.7081

0.3953 0.3771 0.5559 0.6538
0.4258 0.398 0.4775 0.49

0.5635 0.6677 0.5526 0.7548
0.6382 0.7674 0.4140 0.6182
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4.3.2 Inherent Robustness to Noise

The results of this experiment are highlighted in Tables 4.2, 4.3, 4.4, 4.5. Summing across all

experiments, the unconstrained models outperformed the constrained 29 times, while 67 times

vice versa. This clearly demonstrates the advantage of maintaining similarity to the pre-trained

weights which would have inherent robustness due to the large original training dataset.

4.3.3 Attention maps

The example attention map outputs of the DETR ADAM/ADAM P fold 3 experiments are

shown in Figure 4.2. The examples were chosen to highlight the impact of different textures,

tumour sizes, necrosis, and definiteness of the tumour margin. Due to the lack of quantifiability

of the behaviour of the attention maps, this evaluation is conducted qualitatively. What is most

notable is the similarity between the output maps of the two fine-tuning methods. The attention

mechanism for larger tumours will highlight the margin regions, while for smaller tumours it

will highlight the entirety of the tumours.
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4.4 Conclusion

This study presents an evaluation of fine-tuning approaches for transformer architectures for

brain tumour detection in IOUS. Specifically, DETR and DEF DETR are trained using an

unconstrained and constrained gradient descent methods. The US scans of 15 patients were

annotated, producing a dataset of 3705 images. Standard object detection evaluation is con-

ducted, and it was recorded that the constrained models outperformed their corresponding

comparators. The evaluation was extended to robustness against unseen noise, to which again

the constrained models achieved the better overall performance. Future work should focus on

determining when enough data is sufficient to use unconstrained gradient descent, and specif-

ically the limits of the benefit of constrained gradient descent. Limitations of the work are

notably the evaluation on a single dataset and the use of a single architecture type. Future

work should extend this set of evaluations.



Chapter 5

A Sparse Annotation Method Based On

Confidence Grading

5.1 Introduction

Figure 5.1: Tumour margin delineation uncertainty among four professional annotators. The
three vectors show visible ambiguity over boundary point.

The annotation of objects of interest in medical images is invaluable from both a clinical

and technical perspective. For normal anatomy or pathological tissue, the annotation of these

76
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features can serve a multitude of purposes that can include helping to make treatment decisions

(for example, long-term monitoring) [FNB+15], or postoperative evaluation (for example, extent

of resection)[HFP+23]. In clinical practice, tumours can be annotated in many ways, such as

diameter measurement [LWLF+22] or arrows for localisation [ST16]. The most precise form of

annotation for differentiating pathological tissue from normal tissue is discrete segmentation

[MJB+15]. This involves the binary separation of an object from its surroundings/background

along the boundary of the object, or separation via different categories of the tumour and

surrounding normal tissue such as enhancing, nonenhancing, oedema and necrosis.

In the clinical setting, ultrasound (US) is one of the most widely used imaging modalities.

The NHS publication “Diagnostic Imaging Dataset Annual Statistical Release 2022/23” [Dix23]

reports that between the years 2012/13 to 2022/23, US imaging accounted for > 20% of all

recorded imaging activity. The second most commonly used modality behind X-rays. Where

the common application of US was for the abdomen/pelvis.

The importance of US has resulted in published single- and multicentre data, which has been

beneficial for both clinical education and technical research. In particular, motivated by recent

successes with machine learning, annotated datasets have been curated for the task of seman-

tic segmentation. Some examples of such are breast cancer [ADGKF20], cardiac structures

[LSP+19], and foetus head [vdHdBdKG18]. A common denominator of these datasets is the

clarity of the object of interest, where the boundaries of the objects are well defined with limited

visual uncertainty.

Intraoperative ultrasound (IOUS) has become a commonly used tool to assist in surgical plan-

ning, detection and localisation of pathological tissue, and margin delineation [LGK+21]. Re-

cent evidence suggests that IOUS might be particularly useful in improving the likelihood of

maximal safe resection during brain tumour surgery [DLGS+22]. Although a useful tool, due to

the limited standardisation of training and the difficulty of interpreting images due to the con-

fined field of view, the annotation of brain tumours in IOUS images can be difficult and result

in variance between observers [WDA+23a]. This is further compounded in the case of diffuse

tumours, where there is often an extremely poor separability of the tumour from the normal
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surrounding tissue due to the graduated infiltrative nature of the disease and the inherent lack

of a boundary.

This chapter explores the use of probabilistic annotation of brain tumours as an alternative to

discrete annotation. Ill-definition, diffusion, infiltration of a tumour and its margin ultimately

results in an incompatibility with discrete annotation. What is argued in this chapter is that

annotation should be performed, not on a pixel level, but rather spatially and locally. The key

contributions are as follows.

• A confidence-based annotation protocol and method is proposed.

• Training tumour segmentation networks with clinically relevant soft labels improves neural

network calibration, compared to training with hard labels.
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5.2 Methodology

5.2.1 Annotation Protocol

For the construction of the confidence map of the object, the annotator can use three criteria

of scatter points - high, medium, and low confidence. Each scatter point is used to delimit

the edge of the corresponding level of confidence over which a heat map is to be constructed.

Based on computer vision and radiological theory, a protocol for defining these points has

been constructed. Inspiration has been taken from radiological annotation approaches that

differentiate the different layers of the tumour and the relevant surrounding tissue, as was done

in [MJB+15]. Principally, this protocol encourages sensitivity over specificity due to possible

extreme levels of aleatoric uncertainty along the tumour margins.

Areas of high confidence can be perceived as where the tumour mass is well defined with

expected low levels of interobserver annotation variance - low aleatoric uncertainty in the pixel-

level features. Where the granularity of US is sufficient to make the decision on whether to

resect. This can be contributed to the area belonging to the hypercellular components of the

tumour, which is usually hyperechogenic and thus considerably brighter than it’s surroundings.

Furthermore, where the texture is anomalous, significantly homogeneous or heterogeneous rel-

ative to the surrounding normal tissue. Or, where edges are well defined by calcification or

necrosis.

The medium confidence annotation should primarily be associated with the edge of the fuzzy

margin. Here there is likely a large degree of interobserver variability, and the margin aleatoric

uncertainty is already high. For these zones, the decision to resect is difficult to make using

purely the US image as a reference, where granularity begins to become or is unreliable. In

particular, for a diffuse tumour, this is somewhere along the gradient between a clear tumour

core and perceived normal tissue. For a well-defined tumour, this can be areas around the clear

margin of the tumour that have the continued visual properties of the tumour. For example,

continued brightness and or continued anomalous texture. This can also be due to obscuration

or acoustic shadowing. This level of confidence is likely the hardest to annotate.
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The distribution of low-confidence annotations will occur sparsely outside of the clear tumour

mass and the “clear fuzzy margin”. The margin aleatoric uncertainty and interobserver annota-

tion variance are significant. The US granularity is not sufficient to make actionable decisions

on resection. These areas will likely reflect the surrounding abnormal tissue that is a variable

combination of oedema and less cellular tumour infiltration that correlates with the perilesional,

non-enhancing abnormal signal observed on MRI [WRR+22]. Pragmatically, these would be

the areas that would not typically be resected, as it is thought to reflect predominantly oedema,

but where there remains an uncertainty and risk of residual tumour cells.

5.2.2 Confidence Map Construction

Once the annotation is complete, the following sets of coordinates are created: high likeli-

hood CH = {(xa, ya)}nH
a=1, medium likelihood CM = {(xb, yb)}nM

b=1, and low likelihood CL =

{(xc, yc)}nL
c=1.

The mesh grid G =
{
(x, y) | x ∈

[
0, W

λ
, 2W

λ
, . . . ,W

]
, y ∈

[
0, H

λ
, 2H

λ
, . . . , H

]}
is then defined,

given the width W and height H of the image, subsampled using λ. For this work λ = 100

provided a sufficiently smooth map.

The mesh grid is then weighted by aligning annotation coordinates with grid points.

w(x, y) =





βH if (x, y) ∈ DT (CH),

βM else if (x, y) ∈ DT (CM),

βL else if (x, y) ∈ DT (CL),

0 otherwise.

(5.1)

Where Delaunay triangulation DT is used to determine which grid points correspond to each

likelihood region. βH , βM , βL was assigned values 1, 0.5, 0.1.

The confidence map CM is finally constructed by applying a Gaussian Kernel Density Esti-

mation (KDE), with normalisation, over the mesh grid G with a minimal bandwidth factor
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σ = 0.1 chosen to prevent the over-influence of high confidence and further reduction of spatial

specificity.

f(x, y) =
1

nσ22π

n∑

i=1

w(xi, yi)e
− 1

2
(
(x−xi)

2+(y−yi)
2

σ2 ) (5.2)

CM =
f(x, y)−min(f)

max(f)−min(f)
, (5.3)

where n is the number of points in G. Overall, the set of tunable parameters is [λ, βH , βM , βL, σ],

which corresponds to [meshgrid size, annotation class weighting, KDE bandwidth].
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5.3 Experiments And Results

This section will describe the evaluation setup that has been used to validate the usability

of this method. Through, the implicit prediction of interoberserver variance as well as down

stream data learning application. Sample annotations are displayed in Figure. 5.2.

0.0
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Figure 5.2: Sample ground truth annotations.

5.3.1 Confidence Map And Interobserver Variance Similarity

Data from [WDA+23a] has been used in this study to measure the correlation of confidence

annotation with interobserver variance. The confidence annotations are performed with refer-

ence to the neuroradiologists annotations, which is defined in the cited study as their ground

truth due to annotation in conjunction with multiple modalities, with the annotations by the
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neurosurgeons unseen. The neuroradiologist annotations are used primarily for localisation,

with the annotations strictly adhering to the defined protocols. In particular, this means that

not all neuroradiologist annotations are described as high confidence.

5.3.1.1 Metric Similarity

To start, a basic image-wise comparison is performed between the confidence maps and the

interobserver variance, denoted Agreement = A1+A2+A3+A4

4
, where A is an individual binary

annotation. Two metrics are used, the Brier score and the Soft Dice score, both produce scores

lie in range [0, 1], where lower values indicate better performance. Using both metrics accounts

for the pixel calibration (Brier score is approximately equivalent to mean squared error but for

probabilistic prediction accuracy) and the segment similarity (Soft Dice score is the variant of

Dice score for soft/fuzzy annotation overlap analysis).

Brier =
1

n

n∑

i=1

(pi − yi)2 (5.4)

Soft Dice = 1− 2
∑n

i=1 piyi∑n
i=1 p

2
i +

∑n
i=1 y

2
i

(5.5)

where n is the total number of pixels to be evaluated across all images. Where p is the prediction

(confidence map) and y the ground truth label (agreement map), both in the range [0, 1]. The

Brier score is calculated for both the entire image (considering foreground and background)

and exclusively for the foreground (to avoid class imbalance), where the foreground is defined

as the union of the agreement and confidence map. The Brier score with background is 0.00762

and without 0.0437. The Soft Dice is calculated on the entire image, and an average score of

0.076 is recorded. Both metrics indicate a strong agreement between the confidence map and

Agreement maps.
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Figure 5.3: Mean Receiver Operator Characteristic (ROC) curves across threshold interobserver
agreement levels. Left subfigure shows the ROC will all pixels included, while the right subfigure
shows the ROC only using union area between the two annotations.

5.3.1.2 Similarity Across Threshold Levels

To further assess how well the confidence maps align with the Agreement maps. The Receiver

Operating Characteristic (ROC) curve are computed at four different binary thresholds of the

ground truth, [0.25, 0.50, 0.75, 1.00]. The ROC is calculated for both the entire image and

exclusively for the foreground. The results of this ROC analysis are shown in Figure. 5.3. For

both cases, the Area Under the Curve (AUC) is greater than 0.9, with the AUC improving as

the threshold increases, which can be attributed to the reduced margin uncertainty. This result

adds further evidence that the proposed protocol for creating confidence maps is effective in

estimating interobserver variance.

Further threshold-based analysis is conducted, where in this instance, both the Agreement and

corresponding confidence map are jointly threshold binarised. This evaluation differs from

the previous one by evaluating the similarity between the binarised confidence map and the

binarised Agreement map across multiple confidence levels. This joint thresholding approach

effectively measures how well the confidence maps (and the annotation protocol) are calibrated

to reflect the variability in interobserver agreement rather than just evaluating the overlap

between annotations. The four evaluation metrics for this are Precision, Recall (TPR), F1-

Score and Accuracy (ACC). The principal metrics that can be derived from a binary confusion

matrix.
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Figure 5.4: Metric performance across different threshold levels, where the thresholds are ap-
plied to both annotations.

Precision =
TP

TP + FP
(5.6)

TPR =
TP

TP + FN
(5.7)

F1-Score = 2
Precision · TPR
Precision + TPR

(5.8)

ACC =
TP + TN

TP + TN + FP + FN
(5.9)

Where TP is True Positives, TN is True Negatives, FP is False Positives, and FN is False Nega-

tives. The results of this experiment are shown in Figure. 5.4, where is is notable that all metrics

highlight good similarity except at the 1.0 threshold. Where there is reduced performance in

TPR and F1-score. This can be attributed with an increased number of false negatives, due to
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Figure 5.5: The relationship between annotator variance and confidence annotation at the
tumour margin (non-1 values) shows a clear linear trend, supported by correlating statistical
evidence.

the KDE’s smoothness and therefore a reduced number of ones.

5.3.2 Margin Uncertainty Correlation

Extending the previous evaluation based on binarisation and segment analysis. Analysis of

the percentage of non-1 values in both confidence and interoberserver variance is conducted,

focused on the margin uncertainty correlation between confidence map and Agreement map.

ψconf =
|{(x, y) ∈ I | 0 < conf(x, y) < 1}|
|{(x, y) ∈ I | 0 < conf(x, y)}| × 100

ψagree =
|{(x, y) ∈ I | 0 < A(x, y) < 1}|
|{(x, y) ∈ I | 0 < A(x, y)}| × 100

where I denotes an image, conf the confidence map and A the agreement map. The metrics for

this analysis are the Pearson correlation coefficient r and Spearman’s rank correlation coefficient

ρ; respectively, this measures the linearity and monotonicity of the relationship of margin

uncertainty in both sets of annotations.



5.3. Experiments And Results 87

r =

∑n
i=1

(
ψagree,i − ψagree

) (
ψconf,i − ψconf

)
√∑n

i=1

(
ψagree,i − ψagree

)2√∑n
i=1

(
ψconf,i − ψconf

)2 (5.10)

ρs = 1− 6
∑n

i=1 d
2
i

n(n2 − 1)
(5.11)

where d denotes the rank difference between the two margin uncertainty observations; visu-

alised with the blue dots in the results plot in Figure 5.5, between both annotation sets. Where

the measured Pearson correlation was 0.80 and the Spearman correlation 0.75. The scatter plot

shows the correlation between confidence map and interobserver variance, with a linear regres-

sion model fitted to the data with a 95% confidence interval. The conclusion of this experiment

is that the proposed annotation method will correctly increase the spread of confidence as the

size of the tumour and its margins (and uncertainty) increase spatially.

What can be concluded from this set of evaluations is that there is a correlation between

confidence maps and unseen interobserver variance. Not only does this affirm the benefit of

this protocol and method of annotation in minimising the annotator-level epistemic uncer-

tainty through treating the annotation as a local density spatial task rather than at a discrete

pixel/voxel level. But also, these results suggest that this annotation strategy would greatly

reduce time taken, as there is a reduce or even no requirement for multiple annotators.

5.3.3 Downstream Application: Soft Label Learning

The proposed annotation method is faster and simpler than traditional segmentation and can

facilitate dataset generation. Confidence annotations, which cover a larger pixel area and

incorporate likelihood grading, may provide more nuanced information about tumours. In

deep learning segmentation tasks, probabilistic pixel-wise classification is typically performed

using sigmoid or softmax activation functions, with discrete annotations.

Studies, such as [SVI+15, MKH19, VSV20] have explored the benefit of using soft labels, con-

tinuous labels in the binary case, and non-one-hot vectors in the multiclass, for regularisation.
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Where [GLCA20] found that soft labels improved the sensitivity of segmentation networks,

particularly for small objects in medical images.

Experiments are performed by training a standard UNet model on both the confidence (soft)

and discrete (hard) annotations, where the latter was the annotation from the neuroradiologist.

Individually trained to assess the downstream benefit of this method for annotation.

For this experiment, a UNet model with 4 encoder/decoder layers and a maximum channel

depth of 64 was trained using sigmoid activation in the final layer. Training was performed

for each annotation individually, within a 5-fold cross-validation framework. With training

conducted using several standard loss functions; Brier and Soft Dice (Equation. 5.4, 5.5), along

with the following, to ensure that the evaluation is not biased towards a specific loss:

Binary Cross Entropy = − 1

n

n∑

i=1

[yi log(pi) + (1− yi) log(1− pi)] (5.12)

Huber =
1

n

n∑

i=1





0.5 · (pi − yi)2, if |pi − yi| < 1

|pi − yi| − 0.5, if |pi − yi| ≥ 1

(5.13)

Tversky = 1−
∑n

i=1 piyi∑n
i=1 piyi + α

∑n
i=1 pi(1− yi) + β

∑n
i=1 yi(1− pi)

(5.14)

where the Tversky parameters areα = 0.3, β = 0.7 [SEG17]. The metrics used for comparison

are the same as in Section. 5.3.1.1. Where Brier score is particularly informative of calibration

calibration performance [Bri50]. Results of this are shown in Table. 5.1. Displayed in Figure. 5.6

is a sample of outputs for the Binary Cross Entropy test set. Qualitatively, the soft trained

network produces smoother confidence. Notably, more likely to activate with low confidence

in high uncertainty regions. Unlike the hard trained network which tends to behave more

discretely. Notably, the necrotic sphere in the bottom row is ignored by the hard trained

network but low confidence is activated with the soft trained network. Which is a more desirable

when considering that the necrotic sphere, in both networks, is surrounded by activated pixels.
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Table 5.1: Training a UNet on soft and hard annotations with varying loss functions. The
results correspond to the average across the 5-folds. For all loss functions, the soft trained
networks achieves better test performance than the hard trained networks.

Loss Function Brier Soft Dice

Soft Hard Soft Hard

Brier 0.0179 0.0234 0.2219 0.2989
Soft Dice 0.0247 0.0270 0.2236 0.2868
Binary Cross Entropy 0.0176 0.0220 0.2132 0.2833
Huber 0.0180 0.0224 0.2269 0.3016
Tversky 0.0247 0.0285 0.2131 0.2917

5.4 Discussion

Fully informed diagnostic decision making with MRI requires multiple types of sequences. As

stated in [PG11], reliance on individual sequences such as T1-weighted or T2-weighted, will

underestimate the spread of cancer in the surrounding areas of the determined region of interest.

For example, [SBD+10] measured that the use of proton magnetic resonance spectroscopic

imaging, on average, identified tumour margin extensions greater than 20% from what was

identifiable using T2 weighted images. We extrapolate this with the use of standard B-mode

US. An example of this can be seen in the use of superb microvascular imaging (SMI). In

[CXW+24], it was seen that the use of SMI, particularly for high-grade gliomas, improved the

visualisation of the tumour margin and was associated with an increased likelihood of gross total

resection. This clinical perspective further emphasises the limitation of B-mode segmentation

and the issue of discretely determining the edge point. The evidence of margin difference when

using multiple modalities or sequences, indicates not only that discrete margin delineation is not

achievable purely using B-mode imaging. However, even with multiple sources of information,

the margin uncertainty is only reduced, not eliminated, because of the infiltrative properties.
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Figure 5.6: Test set output comparison from training on soft (left column) and hard (right
column) ground truth. Where in each column, the left image is the ground truth and right the
UNet output.

5.5 Conclusion

The challenge of discretely annotating diffuse, infiltrative, brain tumours in B-mode US is

demonstrated. A method for confidence-based annotation is proposed with a protocol derived

from computer vision and radiology theory. The method enables sparse and fast annotation

which should facilitate rapid dataset generation. The confidence based protocol reduces and/or

removes the need for averaging interobserver annotations - through minimising the annotator

level epistemic uncertainty by the design of the annotation protocol and method. Evaluation

is performed to measure how well the protocol and KDE process can, implicitly, estimate the

interobserver variance of 4 professionals, discretely annotating the corresponding images. A

reliability diagram is created and an average bin accuracy of 0.1 was measured which indicates

correlation between the confidence method and the interobserver variance. In particular, a

linear relationship was measured along the tumour margin. With a Pearson correlation of 0.8

and Spearman correlation of 0.75. The downstream application of the confidence annotations

is investigated. A UNet is trained for segmentation on both the neuroradiologist discrete

annotations (hard label) and the confidence annotations (soft label). Across all evaluation
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folds, the soft labels produced a better calibrated network with better Brier scores.

The limitations of this study include the potential bias in the analysis of the relationship

between confidence annotation and interobserver variation. Although neurosurgeon annotations

were not seen during the confidence annotation process, the same authors participated in the

prior study, which may introduce bias due to the influence of memory. However, this bias was

controlled through strict adherence to the annotation protocol and by anchoring the localisation

process on top of the neuroradiologist’s annotations.

Future work to remove interposed normal tissue from the confidence map could be explored,

perhaps using sink points.



Part II

Probe Manipulation Analysis
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Preamble

Due to the ease and diversity in clinical application of ultrasound, the exploration of robotic

development for fully automated and assisted scanning has shown growing interest within the

research community and also promising commercial viability. However, the vast majority of

published work has concentrated on non-invasive applications, resulting in a somewhat void in

the space of IOUS, probably because non-invasive applications are easier to create experimental

and evaluation setups for.

This PhD was carried out as one half of the Imperial - TUM Joint Academy of Doctoral Stud-

ies (JADS), "Confidence-Driven Robotic Ultrasound Tissue Scanning for Surgical Resection

Guidance" project. My primary responsibility was the development of methods to facilitate

robotic scanning through image guidance. What is unique about this robotic application is that

the scan is performed on intraoperative tissue, notably brain tissue, which presents significant

and unique challenges compared to non-invasive US scanning. The tissue is extremely delicate,

where absolutely minimal force is required. In addition, the space allowed for the scan, dictated

by the craniotomy, is highly variable per surgery.

Replicating the performance of our consultant neuroradiologist. The robotic system has been

designed to use purely US feedback to guide the robotic scan. This has meant that - because of

the safety critical nature of the task - the method had to be designed to be robust, interpretable,

and real-time. Due to the complete lack of available data and the issues with interpretability

of black-box methods, this ruled out any data learning approach. As previous methods in the

literature were deemed inappropriate, I chose to design a completely new method, to identify

the soft boundaries of visible brain tissue (such as brain convolutions and sulci, etc.).

This Part outlines this novel method, in which I perform an extensive evaluation of both the

performance and robustness of the methodology, as well as the application for robotic US

scanning. This resulted in the first major milestone of the JADS collaboration. In the context

of this thesis, one of the first robotic solutions for the automation of US brain scanning is

presented, which could be used in a fully automated or a human-in-the-loop system. This
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can be applied to support neurosurgeons, both in and out of surgery, who may lack sufficient

training or experience. Furthermore, when a neurosurgical team is overstretched, for example,

fatigued due to a long operation or hospital understaffing. Future work will be published, led

primarily by the team in Germany, which expands the experiments using my proposed method

into a realistic intraoperative environment using porcine cadavers. In addition to proposing

and demonstrating a novel and sophisticated control methodology.



Chapter 6

A Method For Evaluating Ultrasound

Probe-Tissue Contact During Brain

Surgery

6.1 Introduction

Intraoperative imaging is an important tool for surgeons in decision-making during surgery.

The low cost of ultrasound (US) machines and the ease of integration into surgical settings has

led to enthusiasm for intraoperative ultrasound (IOUS) [SBP+17].

One particularly challenging aspect is balancing optimal probe-tissue contact and orientation,

without causing inadvertent pressure-related damage. Contact related acoustic shadow (AS)

can occur due to interposed gas or contact breaking, which reduces image reliability through

tissue obscuration. This is particularly challenging in the case of brain surgery [DLGS+22]. To

demonstrate the importance of good contact for US image usability, two tumour segmentation

images are presented in Fig.6.1, one that is affected by shadow and one that is not affected. The

top row shows an example of suboptimal US imaging of a brain tumour, where there is incorrect

focus and obscuration of the left side of the tumour from acoustic shadowing (highlighted with

95
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Figure 6.1: Ultrasound segmentation of IOUS images. The top row shows suboptimal US
image capture, and the bottom row shows good US image capture. Annotations: green = solid
tumour, orange = tumour necrotic core, yellow = cerebral sulci, dark blue = oedema, turquoise
= surrounding normal brain, yellow = coupling fluid/probe brain interface.

a red box). Acoustic shadowing results in incomplete visualisation of the tumour, causing

inaccurate segmentation with an artifactual straight-line border along the left margin of the

lesion. The bottom row, in comparison, shows a well-focused, complete visualisation of the

same brain tumour with clear delineation of the tumour boundaries, which greatly facilitates

accurate segmentation.

Recent advances in IOUS have raised interest in algorithmic analysis. For example, detection

of bone shadow [BCML16, APH20] calcification [dSFSY+06, LKHK18], and general shadowing

[HCMC10, MHM+19, MASC22]. The main challenge with these methods is that they do not

examine probe-tissue coupling, Figure 6.2 presents an example of where shadowing does not

always equal poor contact. To address this limitation, the algorithm in [KWKN12a, CKN17,

JGZ+20] produces a confidence map of signal attenuation, using a random walk-based method.

The limiting factor for the latter method is the assumption that hyperechoic lines correlate

with reduced signal attenuation. However, this is not a well-generalised assumption. In this
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Figure 6.2: Sample annotations of b-mode ultrasound images. The red line delineates acoustic
shadowing secondary to poor contact whilst the blue line defines acoustic shadowing related to
other causes (in this case echogenic blood clot in a resection cavity).

work, we propose a method for identifying and topologically representing visible tissue in US

for the detection of contact related AS and confidence in perceptual salience. Our contributions

are as follows:

1. A method for identifying visible tissue within US images is proposed, using iterative

filters and topological representation, that can be used for probe-tissue contact-related

AS detection.

2. A novel framework is proposed for the analysis of the confidence estimate of ultrasound

probe-tissue contact.
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6.2 Methodology

6.2.1 Detection of tissue features

To detect areas of high spatial intensity variation, linear US images I ∈ R
H×W are iteratively

processed using Gaussian filters, with a vertical bias, following:

Gf = h1 ∗Gf−1,

h1 = (1/
√
2πσue

−u
2/2σ2

u)(1/
√
2πσve

−v
2/2σ2

v),

σu >> σv, G1 = I

(6.1)

where, G ∈ R
H×W denotes an output of the Gaussian filter, f the iteration set, and σ the

standard deviation of the Gaussian filter stack. The image coordinates are u, v, where v in-

creases with signal depth along scan lines (image columns), perpendicular to the transducer at

the top. The Gaussian smoothing is biased vertically, as anatomical changes are more likely

to be exposed in the vertical direction. The function is linear and the iterative processing is

associative (G ∗h1) ∗h1 = G ∗ (h1 ∗h1) and therefore equal to a single convolution with a wider

standard deviation σ̂u ≈
√
fσu. Unlike direct edge detection methods (Laplacian or Sobel),

which are not robust to noise and do not offer a smooth response. Each output Gf of the

Gaussian filter sequence is stacked and the standard deviation is taken for each pixel across the

stack following:

Su,v = Ĝ ∗

√√√√
∑len(f)+1

f=1 (Gf,u,v −
∑len(f)+1

f=1 Gf,u,v

len(f)+1
)2

len(f) + 1
(6.2)

where, S ∈ R
H×W is the output of the standard deviation. Ĝ is an extra smoothing filter for

the standard deviation output with σ = 1, to remove outliers.

Points with high spatial variation correspond to areas that have been most affected by the

smoothing process. Hence, these points are separated by thresholding the standard deviation

output following:

χ = {(u, v) | Su,v ≥ γ}, γ = round(σu ×
√
len(f)) (6.3)
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the γ formulation is elaborated on in Sec. 6.4.2.2. Points of high spatial variation are represented

as a 2D point cloud χ.

To reduce the computational load for building the topology and to remove outliers, the point

cloud is sparsified utilising an inverse Gaussian density map λ ∈ R
H×W following:

λ = ϕ1 + ϕ2(1−
ones(ϕ2, ϕ2)

ϕ2
2

∗ (h2 ∗ (S > γ))2

max((h2 ∗ (S > γ))2)
),

h2 =
1

2πσ2
w

e
−u2+v2

2σ2
w ,

(6.4)

where ϕ denotes the weighting parameters. The point cloud is then iterated over, where Eq. 6.5

is repeated until all points are separated by their corresponding λa distance threshold:

A := {a ∈ χ | ∃b ∈ χ, b ̸= a : dist(a, b) ≤ λa},

χ− A := {a ∈ χ | ∀b ∈ χ, b ̸= a : dist(a, b) > λa} (6.5)

where, a, b indexes elements in the point cloud set, and dist() gives the Euclidean distance

between two points (pixels).

To generate the topological representation of the visible tissue, a Vietoris–Rips complex is then

constructed on the sparse point cloud, defined:

Ψ := {d ⊆ χ | ∀a, b ∈ d : dist(a, b) ≤ ϵ} (6.6)

where ϵ defines the maximum distance threshold. The Vietoris–Rips complex method was

chosen over alternatives such as the Delaunay method because of its simplicity and robustness

to outliers.
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6.2.2 Artefact Detection and Confidence Map Generation

2D simplexes are formed from three points if they are within a predefined distance ∆ := {δ :

δ ∈ Ψ}. For each scan line ξsl, sl = [1..width], the method will assign 1 for AS and 0 for visible

tissue. We define contact-related AS, along a single scan line ξsl, if the number of overlapping

2D simplexes ∀δ ∈ ∆ is less than a threshold τ .

The confidence map is a pixel-wise quantification of the perceptual salience, which represents

the resolution and contrast of the detected visible tissue. A high score indicates high-quality

tissue contrast and resolution. For every pixel in the image, the number of 2D simplexes that

overlap is counted, creating an occurrence map O. The confidence map is constructed by taking

the log of the occurrence map, M̂ = log(O + 1).
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6.3 Resources And Evaluation Setup

Figure 6.3: The image feedback at different frames from Scan 1 - abdominal. A normal (Gaus-
sian) curve has been used to approximate the confidence behaviour of an ultrasound probe as
it tilts, where the optimal imaging is produced when the probe is perpendicular to the tissue
surface. This is shown in frame 50, which provides the highest quality visible feedback. As
the probe moves away from perpendicularity, image quality reduces in a symmetric, Gaussian
pattern. This is evident from the neighbouring frames. Frames 30 and 70, the furthest shown
examples from optimal, show the lowest image quality and the least amount of visual feedback.
Frames 40 and 60 produce images of slightly reduced quality than frame 50, particularly in
terms of sharpness.

6.3.1 Intraoperative Data

6.3.1.1 Data curation

For the AS classification, a dataset containing 51 images from 11 different patients was collected.

The images were sourced from routine pseudo-anonymised 2D US scans, acquired in vivo during

brain surgery, using a Canon i900 US machine, using both a linear and a convex probe. The

data was retrospectively reviewed and annotated by a consultant neuroradiologist experienced

in neurooncological IOUS. The images exhibit varying degrees of AS artefacts secondary to

poor probe-tissue contact. The study had full local ethical approval from the HRA and Health

and Care Research Wales (HCRW) authorities1. For standardisation, all convex images were

linearised using a standard approach of taking the inner trapezoid and interpolating. All linear

1Study title - US-CNS: Multiparametric Advanced Ultrasound Imaging of the Central Nervous System In-
traoperatively and Through Gaps in the Bone, IRAS project ID: 275556, Protocol number: 22CX7609, REC
reference: 22/WA/0259, Sponsor: Research Governance and Integrity Team (RGIT).
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images have the shape 300 × 600. To reduce the influence of near-field artefacts, the top 100

rows are cropped from all linearised US images. This choice was based on observations from

the in vivo dataset and the maximum point where the near-field artefacts, caused by factors

that included sheathing, gel, and cranial cavity interaction, ended. This parameter was varied

for assessment across all datasets and it was noted that similar performance was achievable in

the evaluation, using the tuned parameters, and changing the crop by up to 20% resulted in a

< 1% drop in classification accuracy.

For performance evaluation, three-fold cross-validation was used, the dataset is split into a seen

and unseen subset, with the division done on the patient level.

6.3.1.2 Speckle noise robustness evaluation setup

Speckle noise is the most prominent artefact, created by the interaction of signals with biological

tissue, which can cause distortion of anatomical details and edges. As proposed in [Jai18], the

observed US image I can be defined as the product of the underlying clean image Î affected by

multiplicative ξm and additive ξa noise, given by:

I = Î ⊙ ξm ⊕ ξa (6.7)

where, it is commonly assumed that ||ξa||2 ≪ ||Î⊙ξm||2 [ZLG98]. Commonly, the additive term

is ignored due to the lesser impact. Assuming sampling from a generalised Gamma distribution

(GGD) [MT06] with the probability density function (pdf):

pZ(z) =
γggdz

γggdν−1

αγggdνΓ(ν)
exp

{
− z
α

γggd
}
, z ≥ 0, α, ν, γggd > 0 (6.8)

To demonstrate robustness to speckle noise, anatomical edges such as bone or layered tissue is

models as a square wave Î:



6.3. Resources And Evaluation Setup 103

Q(x) =





ql if x < a

qu if a ≤ x < b

ql if x ≥ b

, 0 ≤ ql ≪ qu ≤ 255 (6.9)

where a, b are the transition time steps and ql, qu are the lower and upper values. Consequently

(ql ⊙ ξm ⊕ ξa)≪ qu and
|ql − (ql ⊙ ξm ⊕ ξa)| ≪ |qu − ql|,

|qu − (qu ⊙ ξm ⊕ ξa)| ≪ |qu − ql|,

which therefore indicates that artificial structures could only be created by sampling from the

extreme tail of pZ

P

(
n⋂

i=1

{Zi > ẑ}
)

=

(∫ ∞

ẑ

pZ(z) dz

)n

, ẑ ≫ 0, (6.10)

which is exponentially unlikely.

Experimental evaluation of the robustness of the algorithm to speckle noise is performed by

quantifying the topological feature discrepancies when speckle noise is applied. The speckle

noise applied via Eq. 6.7, 6.8, with the ν, γggd values varied within a range {1, 1.5, 2, 2.5, 3},

and sampled from the GGD, using Rejection Sampling [Neu51]. To evaluate the topological dif-

ference, the q-Wasserstein distance (with q = 2), is used to measure the discrepancies between

persistence diagrams, derived from the output point cloud [MBGY14, FCG+21, LCO18]. This

measures the topological perturbation under varying noise influence. The q-Wasserstein dis-

tance can be defined as Wq(D, D̂) = infφ:D→D̂

(∑
t∈D ||t− φ(t)||q∞

) 1
q [MMH11], where φ ranges

over bijections between the two persistence diagrams D and D̂ (affected by speckle noise). Wq

is normalised for interpretability.

6.3.1.3 Classification evaluation and comparison setup

For the evaluation of the AS classification, the proposed method (Topol) is compared to a

statistical method that uses the sum of the intensity of a scan line (Baseline1), a statistical
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method that uses the change in the intensity of the pixels (Baseline2) and a neural network

V GG16 [SZ15]. The Baseline1 method was motivated by [dSFSY+06] [LKHK18]. The use of

the VGG16 architecture was motivated by [MASC22]. Baseline2 is used for the ablation study,

the proposed method up to the iterative filtering standard deviation. Confusion matrix analysis

is performed, where a positive classification is for AS. The methods are compared in terms

of Accuracy (ACC), Specificity (TNR), Sensitivity (TPR) and Precision (PPV). Where: True

positive TP , true negative TN , false positive FP , false negative FN , ACC = (TP+TN)/(TP+

TN+FP +FN), TNR = TN/(TN+FP ), TPR = TP/(TP +FN), PPV = TP/(TP +FP ).

The methods are ranked using Fβ = (1+β2)×ppv×tpr

β2×ppv+tpr
, where β = 0.5 to prioritise precision over

sensitivity.

The parameter tuning for Topol is done for each fold using the seen subset exclusively. The

best performing set of parameters for Topol - found using a grid search - was near identical

across the 3 folds [f = [2..6], σu = 1.8, σw = 20, ϕ1 = 15, ϕ2 = 20, ϵ = 60]. With the minor

exception of the Gaussian filter where folds 1 and 3 used σv = 0.2, whilst fold 2 used σv = 0.3.

The scan line threshold, to determine the AS, was constant for all folds τ = 2. Although the

parameters were chosen using a manually defined grid, this process could easily be performed

fully automatically using any hyperparameter optimisation method.

Baseline1 individually classifies each scan line through scan line summing, with a fixed thresh-

old
∑300

i=1 ξsl,i < κBaseline1 . The threshold is determined using a receiver operating characteristic

curve (ROC). For folds [1, 2, 3] - κBaseline1 = [4900, 5000, 5500]. The ROC process is repeated

for Baseline2, where for folds [1, 2, 3] - κBaseline2 = [325, 350, 350]. A deep learning method is

implemented to gauge generalisability given data limitations. Linear probing was used with a

frozen pre-trained VGG16 feature encoder (ImageNet) and trainable classification head. Train-

ing is performed for 10 epochs using Sigmoid cross-entropy. Topol, Baseline1 and Baseline2,

were tuned using ACC.

For the proposed method, the robustness of the parameters is explored by individually per-

turbing the calibrated parameters from fold 3 and measuring the effect on the corresponding

unseen data. For the parameter study, a maximum perturbation of 20% was deemed suitable
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Figure 6.4: Sample simplicial complex outputs. These complexes indicate areas of significant
spatial intensity variation within the ultrasound images. Areas where there are dense complexes,
correlate with high confidence in tissue visibility; correlating with a confidence map output of
higher perceptual quality.

for a valid robustness evaluation. The coefficient of variation = 100× σpert

µpert
is used to measure

the impact on performance.

6.3.1.4 Robotic Setup

To extend the AS experiments, a robotic setup is created using the AS output to guide a scan-

ning process - parameters from fold 1 were used. Specifically, the landing of the US probe, then

rotation and tilting. The experiments were carried out using a seven DoF DLR Miro [SKB+18],

with a GE LOGIQ e US machine and a GE 12L-RS linear US probe. The phantom is created

using a mixture of GELITA®GELATINE Type Ballistic 3 with water and glycerine, with

olives and blueberries added for echo diversity [MTP07]. The robotic setup is highlighted in

Figure 6.5 and Figure 6.6.

Through Cartesian forward kinematics fkin : Q → SE(3) | q 7→ x = fkin(q), the pose of the US
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Figure 6.5: Example of Miro robotic arm setup at the DLR site in Oberpfaffenhofen. In this
instance the experiment is being conducted on a porcine brain, for separate work as part of the
collaboration.

probe x ∈ SE(3) can be represented as a function of the generalised configuration coordinates

of the robot q. A Cartesian impedance controller [Hog85, Kha87] can be constructed to control

a robot, by determining desired joint torques τ ∈ R
n.

τ = JT(q)[K(xd − x) +D(q)(ẋd − ẋ)], (6.11)

where x and ẋ are the current pose and velocity. This forms a spring-damper system with

stiffness and damping parameters K,D(q) ∈ R
6×6. Enabling control of pose xd and velocity

ẋd of a US probe. The geometrical Jacobian J(q) ∈ R
6×7 is given by ẋ =

[
v ω

]T
= J(q)q̇.
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Figure 6.6: Scanning on the home made phantom.

m1 =
1

width

width∑

sl=1

(1− ξsl), m1 ∈ [0; 1] (6.12)

m2 =
1

width/2




width∑

sl=width/2

ξsl −
width/2∑

sl=1

ξsl


 , m2 ∈ [−1; 1], (6.13)

Two metrics are defined to measure the coupling - m1 is the coverage of contact, m2 is the

symmetry of contact. These metrics can guide the scan by defining desired values m1,d and

m2,d and mapping the error to a desired Cartesian velocity.

ẋd =




vd,m

ωd,m + ωd,t + ωd,r


 =




(m1,d −m1)

[
0 0 k1

]T

(m2,d −m2)

[
k2 0 0

]T
+ ωd,t + ωd,r


 , (6.14)

assuming the US probe scan axis is aligned with the y-axis of the tool frame, with two gains
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k1 = 0.005 m/s and k2 = 0.05 rad/s. The translation velocity is defined by vd,m, while the rotation

velocities are defined by [ωd,m,ωd,t,ωd,r]. The integration of Eq. (6.14) gives the desired pose

xd. If no trajectory is defined (ωd,t = ωd,r = [0, 0, 0]), so, for example, when the probe is

landing or maintaining perpendicular contact. Using ẋd, the robot will automatically adjust

the position of the probe along the longitudinal axis until m1 = m1,d, and adapt the orientation

until (m2 = m2,d = 0. To perform rotation and tilt, ωd,t =

[
0 ∗ 0

]T
and ωd,r =

[
0 0 ∗

]T

accordingly, where ∗ is defined by the operator.

6.3.2 Medical Phantom Data

Figure 6.7: The FAST / acute abdomen and Kezlex brain phantom.

6.3.2.1 Data curation

Controlled evaluation of confidence is difficult, as optimal scans may produce subpar images

due to unavoidable factors such as forced positioning - for example, when scanning within a

resection cavity or when there is obstruction of the area of interest due to the presence of bone

or critical tissue. Data was collected for relative evaluation, this involved tilting the probe from

-90° > 0°(perpendicular) > +90° with respect to the normal vector of the tissue surface. Data

was captured using a Zonare Z.one US system with a C4-1 transducer. Four scans were taken

using the FAST / acute abdomen Phantom. Scans 1 and 2 from the abdomen, scan 3 from the

rib cage, and scan 4 from the kidney. The two phantoms are shown in Figure 6.7. A fifth scan
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was taken using a Kezlex brain phantom. Frames were extracted at 10Hz. For generalisation

evaluation of AS classification, 449 frames are extracted and annotated.

6.3.2.2 Confidence map evaluation and comparison setup

The proposed method is compared with the Randomwalk [KWKN12a] and DAG [HCG20]

methods, using their official codes and default parameters. The Topol parameters tuned on

fold 1 of the AS classification were used for this experiment. Due to the way the data was

collected, the target confidence vector is defined as a normal distribution across the frames.

Based on [VZE+16], mean(M̂) is used to determine the confidence in the perceptual salience

of the visible anatomy per frame. The evaluation is performed using the normalised root mean

squared error, (NRMSE) =

√
1
n

∑n
i=1(Ti−T̂i)2

max(T )−min(T )
, T̂i = mean(M̂i), where T is the target confidence

vector, the black dotted lines in Figure 6.10, fitted to the max/min of T̂ ; n is the frame. Figure

6.3 is from Scan 1. The best image is the middle frame, and the black curve is representative

of the assumed confidence trajectory. To confirm this, annotations were made to highlight the

optimal frame range, highlighted with the red dotted lines in Figure 6.10.

6.3.2.3 Classification generalisability

To test the generalisability and performance of each algorithm on out-of-distribution data, AS

scanline classification experiments were extended to phantom data (different machine, anatomy

and image texture). Each method was evaluated three times, using the three sets of parameters

calibrated for the three folds described in Sec. 6.4.2, and the average results across the three

folds were recorded.
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6.4 Results and Discussion

Table 6.1: Scan line classification results. A positive sample corresponds to a scan line affected
by AS. Highlighted in grey is the best score for each metric. The results have been averaged
over the 3 folds.

3F Avg Algo ACC TNR TPR PPV

Baseline1 0.87 0.88 0.86 0.86
Baseline2 0.88 0.91 0.85 0.90

Seen/Train
V GG16 0.90 0.92 0.90 0.90
Topol 0.89 0.95 0.83 0.93

Baseline1 0.84 0.81 0.89 0.79
Baseline2 0.87 0.85 0.87 0.83

Unseen/Test
V GG16 0.83 0.82 0.84 0.80
Topol 0.87 0.90 0.84 0.87

Table 6.2: The rankings (R#) of the methods using the Fβ scores. The results are a product
of averaging across the 3 folds.

3F Avg R1 R2 R3 R4
Topol V GG16 Baseline2 Baseline1Seen/Train
0.908 0.900 0.890 0.860
Topol Baseline2 V GG16 Baseline1Unseen/Test
0.864 0.838 0.808 0.808

Table 6.3: The rankings (R#) of the methods’ performances on the generalisability test on the
probe pose analysis data, using the Fβ scores. For all scans, Topol achieves the best rank.

R1 R2 R3 R4
Topol Baseline2 Baseline1 V GG16

Scan 1
0.923 0.842 0.807 0.694
Topol Baseline2 Baseline1 V GG16

Scan 2
0.920 0.883 0.789 0.740
Topol Baseline2 Baseline1 V GG16

Scan 3
0.833 0.789 0.745 0.377
Topol V GG16 Baseline2 Baseline1Scan 4
0.891 0.847 0.797 0.753
Topol V GG16 Baseline2 Baseline1Scan 5
0.830 0.777 0.686 0.643

The evaluation was carried out primarily using a Python implementation; results are shown in

Figure 6.4. The method was also implemented with minimal optimisation using C++, which

ran at 20Hz, indicating real-time executability.
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Table 6.4: The method’s NRMSE results are shown for each scan. In all cases, Topol produces
the best score.

Method Scan 1 Scan 2 Scan 3 Scan 4 Scan 5

Topol 0.18 0.13 0.28 0.14 0.11
Randomwalk 1.85 0.94 4.79 0.73 0.87
DAG 2.40 4.96 6.08 5.12 4.15

6.4.1 Noise Robustness

The q-Wasserstein distances, after applying the set speckle noise {1, 1.5, 2, 2.5, 3}×{1, 1.5, 2, 2.5, 3}

for ν×γggd, measured an average result of 0.097. This result gives evidence of the robustness of

the topological construction under varying speckle noise. The topological differences are largely

uniform across all distributions.

6.4.2 Acoustic Shadow Classification

The results are presented in Tab. 6.1, 6.2. Outputs are shown in Figure 6.8. Firstly, it can be

determined that Topol is the most robust method for distribution shift with more consistent

performance between seen and unseen data. The results produced by Baseline1 show that

overreliance on the raw pixel intensities leads to oversensitivity. By producing results superior

to Baseline1, Baseline2 justifies the iterative filtering process, demonstrating that identifying

areas of dynamic change is a strong indicator of where there is AS. V GG16 shows achieves

inadequate generalisation. From the Fβ ranks, it is conclusive that Topol produces the ideal

behaviour.

6.4.2.1 Generalisability Study

The results of this experiment are shown in Tab. 6.3. For all scans, Topol achieves the best

performance. The ranking of Baseline2 again highlights the advantage of using the intensity

change rather than the raw intensity. The inconsistent performance of V GG16 highlights the

unreliability of deep learning methods when only small datasets are available.
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Figure 6.8: AS detection on two US images. The top row shows the annotation, the second is
from Baseline1, the third is from V GG16 and the bottom is from Topol. The orange areas are
detected AS.

6.4.2.2 Parameter Perturbation Study

The results of this experiment are shown in Figure 6.9. It is observed that the overall perfor-

mance is only marginally affected by individually drifting the parameters, with most metrics

remaining above 0.8. The coefficient of variation values (%) of the performance drift are shown

in Tab.6.5. This is evidence of the robustness of the design of the algorithm, as the performances

do not vary largely under parameter uncertainty. We note that the γ value that was decided

was initially based on intuition from the iterative filtering process. In particular, calculating

the overall standard deviation
√
5×1.8 ≈ 4.02 yields a value close to γ=4. This result suggests

a potential correlation between the iteration and the optimal threshold choice.
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Figure 6.9: Graphs displaying the effect of individually varying the parameters on the perfor-
mance of the whole system - using the unseen fold 3 data. blue lines = ACC, orange lines =
TNR, green lines = TPR and red lines = PPV.

6.4.3 Robotics results

The sequence of robotic action is first the landing and stabilisation of the probe on the phantom

surface, followed by a ±90° rotation, followed by a ±30° tilt. The real homogeneous transforma-

tions of the robot base, as well as the orientation commands of the probe, are shown in Figure

6.11. Of the translation components, Z is of greatest interest, as the scan was held on a single

spot, and Z was the main translation for correction. The real homogeneous transformations

matrices show that the robot correctly executed the motion without large deviation. The AS

results for [m1,m2] are shown in Figure 6.12. It can be determined that AS analysis enabled

the control framework to successfully anchor the contact to the desired coverage and symmetry.
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Figure 6.10: The per frame average confidence vector outputs - x axis = frames and y axis =
average confidence. The blue lines show the method’s outputs, Topol top, Randomwalk middle
and DAG bottom row. The black dotted lines are the scaled normal curve. The dotted red
lines are where the annotators perceived the best images. What can be observed is that the
output of Topol follows the desired trajectory, closer than the other methods.

Figure 6.11: Robot base homogeneous transformation matrices and desired rotation and tilt
commands.
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Table 6.5: Parameter perturbation, performance drift measured via coefficient of variation
values (%).

Parameter ACC TNR TPR PPV

f 0.431 1.928 2.204 1.749
σu 0.320 1.191 1.455 1.011
σv 0.455 2.380 2.290 2.151
γ 0.982 4.499 3.986 3.925
ϕ1 0.622 1.683 1.453 1.579
ϕ2 0.512 1.150 1.550 1.031
σw 0.358 0.277 0.635 0.347
ϵ 2.270 8.663 5.986 6.306

Figure 6.12: Acoustic shadow behaviour and optimisation for robot scan.

6.4.4 Confidence Map Behaviour

Figure 6.10 shows that for all scans, the behaviour of Topol is closer to what is expected. The

range of T̂ values produced by Topol can also be considered more intuitive than Randomwalk

and DAG as the confidence starts near 0 and peaks around 1. Quantitative analysis is also

performed and shown in Tab. 6.4, produced by measuring the NRMSE of T̂ (blue line) versus

T (black dotted line). For each scan, the proposed method produces a significantly better

NRMSE score than the other methods.
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6.5 Conclusion

This chapter introduces a novel method for evaluating the quality of US feedback. An evaluation

of AS scan line classification and confidence behaviour has been performed. In both cases, the

proposed method outperforms the compared methods. Further experiments show that this

method is capable of guiding a robotic arm in performing an autonomous scan. The explicit

evaluation of US probe-tissue coupling is vital for ensuring safe scanning. This method provides

a novel perspective on how this can be approached, creating an avenue of future work which

can be beneficial for both robotic US and supporting trainee operators.

A limitation of our evaluation method - and a potential direction for future work - lies in how

we model speckle noise. Speckle artefacts are generated by drawing independent, pixel-wise

samples from a GGD and applying them multiplicatively (optionally with an additive term)

to the B-mode images. This approach effectively replicates the first-order envelope properties

of speckle noise - dominant factor for our filter’s performance - of US speckle by modulating

the amplitude distribution of individual pixels and is widely adopted in US image processing

[MT06, VSFAPMF12]. However, it does not reproduce second-order statistics, i.e. the spa-

tial correlations that affect grain size and texture. Exploring these second-order models, and

potentially integrating them directly into methods like ours, therefore remains an interesting

avenue for future work, especially for challenging anatomy such as brain tissue.
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Preamble

This Part of the thesis contains work that aims to directly tackle problems within one of the

central themes that run throughout this thesis, data limitation. Through work within the JADs

project, two areas of critical resource limitation resulted in impediment of the development of

technical solutions for automated IOUS. The first is the subject of 3D vision, and the second

is the subject of US realistic phantoms.

Although robotic platforms for US can be developed without any requirement for 3D infor-

mation of the surgical scene, as seen in Part 2. If the issue of additional hardware and setup

arrangement can be minimised, there would be limited justification to exclude the additional

source of information, specifically for prescan modelling; during the scan the tissue surface will

be mostly occluded by the probe. 3D vision is an extremely well-trodden research area that

has many demonstrations of successful translation to real-world application. There are many

avenues for solving this problem, for example, using active sensors such as LIDAR, utilising

multiple cameras, graphics methods such as Gaussian splatting or neural radiance fields, etc.

For the first Chapter in this Part, I will explore 3D vision for single, stereo cameras. This

was chosen as these cameras are the most common sensor type in clinical practice along with

monocular cameras. In addition, they have much higher data capture resolution than alter-

natives such as LIDAR. Most importantly, multi-view camera-based deep learning methods

have demonstrated far superior performance and viability for 3D tasks compared to alternative

sensors and algorithmic methods. The caveat, again, is the requirement for data; where even

generic, clinical tissue 3D public data is extremely limited. In my first work in this Part, I

explore a strategy for collecting clinical task-related datasets with ground-truth 3D informa-

tion, and propose a method for neural network training given a dataset that, by regular deep

learning standards, would most likely be limited/suboptimal. I hope that this work encourages

the collection of task-specific data for the development of 3D vision methods with more niche

applications, such as brain surgery. In relation to Part 2, this methodology could offer a solu-

tion to develop a 3D vision component of a robotic system to assist in the automation of the

landing of an US probe onto brain tissue.
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Thorough validation of clinical systems is essential to demonstrate performance and ethical

compliance, particularly for automated analysis and robotic frameworks. Acquiring ethical

permission to conduct experiments in vivo and using ex vivo tissue that contains the relevant

pathological tissue is a significant logistical hurdle. Often, early experiments are conducted

using participants (if non-invasive) or using synthetic medical phantoms. For our robotic work,

the latter was the only feasible option to validate our system. I believe that there are two main

factors that make synthetic phantoms usable for experimental development and evaluation,

cost and quality/realism. As experiments will be numerous and the budget of different research

groups is highly variable, phantoms need to be affordable. Paramount to the usefulness of a

phantom is it’s quality and realism of US image feedback. Unfortunately, commercially avail-

able synthetic phantoms tend to be expensive and provide noticeably simpler and textureless

US imagery, compared to living real tissue. This is particularly the case when considering the

improved imagery provided in state-of-the-art US machines, and for brain tissue, which is highly

complex. In my second work in this Part, I provide an inexpensive method for creating realistic

brain phantoms, containing pathological tissue. This, I hope, provides a bridge between evalu-

ation using computational simulations and unrealistic phantoms with real in vivo experiments.

A useful resource for supporting the clinical translation of technical systems. In relation to

Part 1, this phantom could be used to help supplement datasets for deep learning training.

In relation to Part 2, the evaluation of robotic systems for pathological tissue discovery and

mapping in brain IOUS could be conducted using this phantom.



Chapter 7

Learning Structured Light Projections To

Improve Stereo Disparity Learning From

Limited Data

7.1 Introduction

Recently, it has been shown that when large datasets are available, deep learning approaches

define the state-of-the-art in 3D scene reconstruction [ZSZ+20, LJBB20]. This is fundamentally

due to a neural network’s ability to learn more complex representations of image data than can

be handcrafted. However, the coupling of data volume and performance is an issue, particularly

for domains that have limited data availability such as surgery [HRRM18, WKH+20]. Cap-

turing large amounts of depth information for surgery, especially Minimally Invasive Surgery

(MIS), is laborious, due to issues with hardware constraints and the difficulty of dealing with

the tissue; primarily issues with the deformation of the tissue which can disturb information

capture. This problems is reflected in the SCARED dataset [AMW+21], which is the largest

annotated depth dataset for surgical scenes, but only contains 45 unique and complete depth

images. Training on small datasets complicates the development of networks [QL20, BI21], due

to the risk of overfitting [Yin19]. To obviate ground truth, stereo self-supervision [GAB17] ap-
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proaches have been developed; learning disparity by training to warp the left image to become

the right and vice versa. However, results are still considerably worse than what is achieved by

supervised networks [USS+17]. Accurate 3D reconstruction can provide surgeons a tool for sur-

gical planning and guidance [HMWL+21]. Therefore, strategies for overcoming data limitation

are desperately needed. Otherwise, the development of accurate neural networks for surgery is

unachievable.

Structured light is currently the most dense and accurate approach for creating ground truth

information for depth datasets. Example datasets that were created using structured light

include NYU [SF11], Middlebury Stereo [SS03b, SHK+14] and SCARED. Structured light is

the projection of patterns into a scene, which when captured by an imaging camera, allows for

depth recovery through analysis of the pattern distortions [SPB04]. Commonly, these pattern

projection images are used exclusively for ground truth depth generation. Once depth has been

captured, the pattern projection images are discarded afterwards. However, error will occur in

the conversion process due to difficulties relating to the environment, surface properties and

the hardware [RMS19, JWA17, GAVN11, SS03a]. Primarily, errors will occur at the pixel

classification stage which for example can be caused by reflections or hardware malfunction.

This means that the information within the structured light images and the generated depth

maps are not the same.

In this chapter, we are proposing a unique approach to depth estimation. Firstly, we show

that it is possible in itself to teach a neural network to be able to artificially project structured

light patterns into a scene. Which is indirectly learning to perform disparity estimation. To

the best of our knowledge, this is the first use of a neural network for the learning of the

projection of structured light patterns into a scene. Secondly, we show that the dual training

of direct disparity regression and structured light projection, via multi task learning, enhances

network training and improves disparity learning without increasing the number of parameters

nor requiring the collection of additional ground truth data.
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7.2 Related Work

7.2.1 Active Sensors

Structured light can be used to produce unique pixel codes for each stereo image, which enables

the use of simple matching techniques for the stereo disparity calculation. This approach

can provide dense and accurate depth maps for a given stereo image. However, structured

light requires a controlled environment, multiple hardware and sometimes temporal variation.

Certain structured light patterns require sequential projection of different patterns over time,

such as binary/gray code which is what this chapter works with. The control of the environment,

when performing structured light projection, is important for good pixel classification. Robust

classifiers are normally required to prevent incorrect classification [SPB04]. Theses limitations

have large ramification for setups designed for real time performance in dynamic environments.

Our proposed method for structured light reconstruction removes the need for the additional

hardware and the temporal requirement.

7.2.2 Depth estimation

The state-of-the-art for 3D reconstruction is defined by deep learning approaches that directly

regress depth values. The general consensus within the deep learning community is that a

neural network will discover a better way to solve the stereo matching problem when given

free roam in an end-to-end setup where there is limited human supervision. Examples of these

networks could be, RAFTStereo [LTD21] or PSMnet [CC18a] for stereo and DORN [FGW+18]

for monocular. The prevalent issue with these networks is the requirement of large training

datasets. In the papers mentioned, the networks are pre-trained on scene-flow which contains

approximately 60k images, then fine tuned on popular sets like KITTI. Although generalisability

has been shown to be largely acheivable, the further the data similarity is to what has been

trained on, the worse the performance. This poses a large hurdle when the 3D reconstruction

task is for specific and niche tasks. In this chapter we show that recycling structured light
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images, which is data commonly acquired to produce depth ground truth, can improve the

performance of disparity estimation techniques especially when data is limited.

7.2.3 Multi Task Learning

Multi task learning (MTL) has already been proposed for depth/disparity estimation purposes.

In previous works, the training of depth/disparity, has, for example, been combined with the

training of semantic segmentation or instance segmentation [SK18, KGC18]. These works have

shown that it is possible to achieve an improved depth/disparity performance in comparison to

when trained as a single task. However, as has been identified in previous literature [SZC+20],

MTL does not guarantee improved performance and balancing the combination of tasks and the

combination of weights of the loss terms is difficult. In this work we show that it is possible to

use structured light reconstruction in a MTL framework to improve disparity learning. Where

the ground truth requires no annotation.
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7.3 Method

(a) The scene lit with camera light
source only.

(b) The scene lit with projector
only.

Figure 7.1: Demonstration of the virtual environment. The virtual camera is represented in
orange and the projector object is represented in yellow.

In this section we introduce our stereo disparity estimation techniques. Firstly, we propose the

first deep learning model to learn the projection of structured light patterns onto a scene. The

goal of this model is to show that it is possible to accurately learn structured light patterns that

respect the stereoscopic perspectives and verify that structured light information can be used

for 3D reconstruction purposes and should not be discarded after ground truth information has

been generated; which is what is most commonly done. Secondly, we propose a novel MTL

method for disparity estimation, showing that MTL can enhance disparity learning by dual

training on structured light.

7.3.1 Dataset generation

Virtual dataset: Due to the lack of any publicly available datasets containing structured

light patterns, we had to create our own dataset. A simulated environment was developed

using Blender [Com18] to enable automatic generation of virtual scenes containing cultural

objects, as shown in Figure 7.1. The VisionBlender add-on [CTL+20] was used to generate the

ground truth information.
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Figure 7.2: Sample objects used to create the virtual dataset.

The virtual environment is simple, consisting of a cubic room of volume 1 [m3] and a central

podium of size 10 [cm3], which is used to hold different objects. All the surfaces in the whole

virtual scene are grey and there is no texture, including the surfaces of the objects. The pro-

jector [Sch21] was rigidly attached to the camera object with a rotation of R = 1.5◦ and a

translation of T = [0.02m, 0.00m, 0.02m]. 800 cultural artefact objects, were used as the di-

versity factor in this dataset. The objects contain complex 3D surfaces and a smooth texture,

making them challenging to reconstruct using existing 3D reconstruction approaches. All the

objects were downloaded from the “Scan The World” project which is hosted by MyMiniFac-

tory [Bec19] - sample objects show in Figure 7.2. The dimensions were resized using a uniform

distribution U(0.03m, 0.1m). For each object, 10 stereo image-pairs were captured from differ-

ent view points. The camera is always looking towards the geometrical centre of the object.

The distance between the camera and that geometrical centre is sampled from U(0.03m, 0.1m).

Respecting these two constraints, the pose of the 10 viewpoints are chosen at random.

For each viewpoint, the stereo images and the associated ground truth data were generated. The

ground truth includes the depth/disparity maps and stereo images without and with 8 projected

binary patterns. For each projection, the number of vertical lines equals 2n, ∀n ∈ [1..8], where

n is the projection number - Figure 7.3 displays a full set of structured light patterns. The res-

olution of the captured images are 256×256. This dataset contains approximately 8000 images.
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Figure 7.3: Visualisation of the binary code structured light patterns, before binarizing. The
images are from the left camera.

(a) The capture of a sheep’s liver using the
dVRK laparoscope.

(b) An example image captured which con-
tains multiple ex vivo tissue.

Figure 7.4: Shown in (a) and (b) is the setup for the medical dataset collection. Image (a) shows
an example of tissue captured using the dVRK laparascope. (b) does not contain projection
patterns and would be fed as an input to the neural network.

Medical dataset: A medical dataset was created using the da Vinci Research Kit (dVRK)

[KCD+14] to extend the evaluation of the model onto real images. The dVRK was chosen as

it is the research model of the surgical system that is used in clinical practice and commonly

used for research in this field.

During collection, a 3d printed turning table was used to hold objects that included medical

phantoms and ex-vivo organs from sheep, cows and chicken. This allowed for the the capture

of 8 unique poses/viewpoints of the contents of on table, where we the set of all rotations as

a keyframe. The camera was placed with a viewpoint close enough to the tray such that the
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Figure 7.5: The medical dataset image capture setup.

overlap between each pose is minimised. A Raspberry Pi was used as the central controller

for the automation process. Sending commands with SSH, the Raspberry Pi captures images

via the da Vinci central computer. Structured light patterns were projected using an Optoma

projector, which was controlled with a Python script. The projector was rigidly attached to the

laprascope by hard fixing it onto the static robotic arm that also held the camera. A Dynamixel

servo motor was used to rotate the turntable. The motor was controlled using the ROBOTIS

Dynamixel SDK. The laproscope was calibrated using MATLAB’s Stereo Camera Calibrator

App, where 10 poses of a 21x20x5mm checkerboard was used for the calibration, as shown in

Figure 7.7. Gray code was used for this dataset with 9 patterns. The decoding was performed

using the three-phase algorithm [XHE22]. For this method, the inverse of each Gray code

pattern was additionally projected to refine the line boundaries. A three-phase modulation,

shifting of the eighth pattern twice, was captured to generate an uncertainty map within the

image. Using the binarised patterns, the depth and disparity is then calculated using decimal
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Figure 7.6: Examples of ex vivo used.

Figure 7.7: The calibration of the laprascope using MATLAB’s Stereo Camera Calibrator app.

matching along the epipolar lines. The collected dataset contains 57 keyframes and 379 unique

images. Figure 7.5 and 7.4 shows the setup and an example image which would be fed as the

input to the neural network (an image without projection patterns).

7.3.2 Structured light reconstruction

Given a stereo image pair, a neural network has been designed and trained to predict how

structured light patterns should project on the scene surfaces of each image, separately. Specif-
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ically, the network projects binary and gray code structured light patterns, which consist of

vertical bars of white and black colour. To predict these patterns, the UNet [RFB15] network

is trained as a per pixel binary classifier; 1 (white) or 0 (black). These predicted patterns can

then be used to generate disparity or depth maps by performing a 2D cross-correlation over the

epipolar lines. This reveals how the network has understood the 3D scene.

The input to the UNet is a pair of rectified stereo images (which do not contain any pro-

jection patterns), concatenated along the channel axis, I=[Il;Ir], Il,Ir ∈ R
H×W×C . The net-

work is tasked with predicting structured light projections in each input stereo image, where

every pixel requires a unique code along a horizontal epipolar line. Y denotes the ground

truth patterns and P the neural network output which is defined as P =[Pl;Pr], Pl,Pr ∈

R
H×W×t, 0 ≤ p ≤ 1, y ∈ Y, p ∈ P . The parameter t denotes the number of projected pat-

terns and t = 8 for the virtual dataset and t = 9 for the medical dataset.

Losses: Two losses were chosen for structured light learning. Since the network is trained

to produce a binary mask, binary cross entropy (bce) loss defined in Eq. (7.1) is used as the

primary loss. To emphasise the pattern edges, an L2 loss is used on the horizontal derivatives

as in Eq. (7.2). These derivatives are calculated by convolving over the images using a Prewitt

operator mask, generating D = Y ∗
[
−1 0 1

]
and D̂ = P ∗

[
−1 0 1

]
which are the

derivatives of the ground truth and predicted output, respectively with elements d ∈ D; d̂ ∈ D̂.

These two individual losses are summed together in Eq. (7.3) with a weighting gain of λ1 = 1/80.

Lbce = −
1

N

N∑

i=1

yi · log(p) + (1− yi) · log(1− pi) (7.1)

LL2 =
1

N

N∑

i=1

||di − d̂i|| (7.2)

Lsl = Lbce + λ1LL2 (7.3)
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Extracting disparity from structured light: To generate the disparity map using the

proposed structure light projection network, cross correlation is performed along the epipolar

lines of a pair of rectified stereo images, fully connected along the pattern dimension. A patch,

represented by Wρ, where k is the reference index, of size 17× 17× t is taken in Pl, and cross

correlation is performed over a range of pixels in Pr along the epipolar lines. More specifically,

for every pixel on the left image, the cross correlation is estimated for pixels on the right image

which are along the epipolar line at a distance within the maximum considered disparity for

each dataset, individually. In our work, the maximum disparity has been set to 25% of the

width of the image. The cross correlation on the right image will start from the same position

as the examined patch on the left image, striding with a step s. The patch size was chosen

after tuning.

cc(ρ, s) =
∑

(u,v)∈Wρ

Pl(u, v) · Pr(u− s, v), ∀s ∈ [0..W/4] (7.4)

disparity = argmax
s

cc(ρ, s) (7.5)

7.3.3 Direct disparity estimation with multi task leaning

For this task, we are exploring the benefits of training disparity and structured light jointly.

Specifically, we investigate the relative effect of introducing the MTL framework, whether or

not the MTL framework improves the disparity estimation performance produced using STL.

The PSMNet [CC18b] architecture and training procedure were chosen as it is one of the more

recognised architectures for disparity estimation and has recorded competitive performances

in benchmark challenges. However, to note, any other architecture could have been used. In

this work, the PSMNet architecture was modified in such a way that no added complexity or

increased number of parameters is introduced for the disparity estimation path. Compartmen-

talising the design allows the structured light section to be detached when training is complete.

The PSMNet contains a stacked hourglass module to regress disparity. The modification which
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Figure 7.8: Simple block diagram representation of the multi task learning framework that has
been applied on top of the PSMNet architecture.

we introduced to the architecture to create the multi task framework was done at this point.

More specifically, the stacked hourglass module was duplicated; so that there is bifurcation after

the cost volume. This results in two parallel paths, one for either task as shown in Figure 7.8.

A disparity range of 96 was chosen. The training is performed on RGB images with dimensions

256×256. In the evaluation stage, the outputs are resized using bilinear interpolation to match

the original dimensions which are 256 × 256 for the virtual images, 720 × 576 for the medical

images and 1280× 1024 for the SCARED images.

The loss function is composed of the structured light cross entropy loss Eq. (7.1) and an L2

disparity loss. In our work, three different weighting strategies have been used to combine these

loss terms. This is because multi task learning is complex and different strategies benefit dif-

ferent tasks in a way which is generally unknown before experimentation is performed. Firstly,

a simple constant scaling of the structured light loss was done with Eq. (7.6). Secondly, the

training strategy from [LJD19] was implemented Eq. (7.7)-(7.8), which modifies the weights

every epoch. Parameters λ3 and λ4 are the task weightings; a product of the ratio of the

previous epoch’s total losses. Here, ζ1 = 2 and ζ2 = 2. The parameter ζ2 is used to balance

the task weighting distribution, and ζ1 is used to gain the softmax. The values were chosen

after extensive experimentation. Thirdly, the uncertainty weighting strategy from [KGC18]

was implemented as in Eq. (7.9). The weight λ5 = 0.5 has been introduced to prioritise the

disparity learning. The σ parameters denote the observed noise in practice, these are learnable
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parameters used to weight each loss.

Lconst = λ2Lsl + Ldisp (7.6)

λk = ζ1
exp(ωkζ2)∑
i∈{3,4} ωiζ2

, ωk =
Ltask(t− 1)

Ltask(t− 2)
, k ∈ [3, 4], task =





sl, if k = 3

disp, if k = 4

(7.7)

Lepr = λ3Lsl + λ4Ldisp (7.8)

Lunc =
λ5
2σ2

sl

Lsl +
1

2σ2
disp

Ldisp + log(σsl) + log(σdisp) (7.9)
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7.4 Results

7.4.1 Evaluation of structured light reconstruction

In this section, the reconstruction capability of the proposed artificially projected structured

light model is assessed, using the disparity maps generated with cross correlation, as described

in Sec. 7.3.2. The aim of this validation is not to compare the performance of the proposed

structured light reconstruction model to state-of-the-art disparity estimation models. Rather,

we want to explore the benefits of using this alternative approach for disparity estimation and

evaluate whether or not the results from the proposed method meet the expected levels of accu-

racy produced by the conventional approach of directly regressing disparity. More specifically,

the hypothesis that this validation aims to verify is that using the structured light in the train-

ing process, through Multi-Task Learning (MTL), offers improved performance compared to

Single-Task Learning (STL). Without requiring extra parameters for the disparity estimation

path and not requiring extra data collection; alleviating issues of data limitation.

A comparison network was trained to directly estimate disparity; using the same UNet archi-

tecture. The network was trained to predict disparity using a scaled Sigmoid. The output is

mapped to the width of the image. An L2 on the disparities was used as the loss function. This

network was used to control the experiments and remove the influence of the network archi-

tecture on the comparison of the results. There are no major architectural differences between

the network proposed for structured light reconstruction and this comparison network. With

the exception of the final layer which has been modified to accommodate the output dimension

requirements. Comparison to state-of-the-art disparity estimation models is out of the scope

of this validation as our focus is to prove the viability of reconstructing structure light.

The 3D reconstruction results are presented in Tab. 7.1. The first and second column contain

the mean absolute error (MAE) for each model. Both training and evaluation is performed on

grayscale images of dimension 256×256. The network was trained on a single NVIDIA GeForce

RTX 3080 10GB graphics card. Adam [KB15] was chosen as the optimizer, with a fixed learn-

ing rate of 0.0001. The deep learning model was coded using the PyTorch framework [PGM+19]
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(a) True left. (b) True Right. (c) True disparity.

(d) Predicted left. (e) Predicted right. (f) Predicted disparity.

Figure 7.9: This figure contains an example output from the structured light network applied
on the medical dataset. The top row contains the ground truth images and the bottom row
shows the predictions.

Virtual dataset validation: The results on the virtual dataset, at the first two rows of

Tab. 7.1, show that it is possible to achieve good reconstruction using the proposed approach

- a sample output is shown in Figure 7.10. Virtual Seg denotes the metrics for the virtual

object and the podium, segmented using masks provided by VisionBlender. Comparison be-

tween both approaches shows that comparable performance can be expected. For the virtual

data, the training provided to the disparity network is higher quality than the structured light,

as the disparity is extracted directly from the simulation environment. We hypothesise that

this is the primary cause of the performance difference between the two implementations. The

training/test split was 80/20, at the object level.

Medical dataset validation: Taking the networks trained on the virtual scenes, fine tuning

on the medical dataset, shown in Figure 7.9, is performed to reveal the benefit of using struc-

tured light when the size of the datasets are limited. The training data for the structured light

was 9 times larger than for the direct disparity network because 9 patterns were collected for
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(a) Ground truth (b) Cross correlation output

Figure 7.10: Sample from virtual dataset validation.

every depth map. The results are shown in the bottom row of Tab. 7.1. The accuracy recorded

from the proposed method was twice as high as the direct regression approach. This verifies

that having the larger volume of data for structured light training, when the datasets are small,

improves the accuracy of the estimated disparity because of the increased complexity of the

task and the increased number of training samples. The training/test split was 80/20, at the

keyframe level.

Table 7.1: Mean absolute error (MAE) produced by the proposed structured light network
(with the disparity produced using the cross correlation) and the direct disparity network.

Dataset Models MAE (pixels)

Structured light Direct disparity

Virtual 1.72 0.52
Virtual Seg 1.45 0.75
Medical 2.36 5.89

Uncertainty: As the network performs classification, it is easy to acquire the confidence in the

predictions [CWS18]; the closer the Sigmoid output is to 0.5 the less confident the network is.

An empirical assessment of the correlation between the disparity error and network confidence

was made. It was concluded that there was a correlation between confidence and accuracy. An

example of this is shown in Figure 7.11. The ellipses highlight the same areas in each image.

These results show a correlation between areas of high uncertainty and areas of low accuracy.

Figure 7.12 displays a histogram plot of the uncertainty and error in the above example. Each
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(a) Disparity error. (b) Left uncertainty. (c) Right uncertainty.

Figure 7.11: Disparity accuracy and uncertainty correlation. The brighter the pixel, the greater
the uncertainty and the less accurate. The ellipses are drawn over the same pixels in all three
images. Correlating high energy is observed in the areas within the ellipses.

histogram bin represents the number of occurrences for each combination of uncertainty and

disparity error. A positive correlation is seen between the disparity error and the uncertainty.

This is numerical evidence of the correlation observed in Figure 7.11. Analysing confidence is

critical for healthcare application and the adoption of deep learning methods in clinical practice.

This is an advantage for using structured light reconstruction, over disparity estimation, as this

is naturally a classification task (where the classification is the final output).

7.4.2 Evaluation of the benefit of using multi task learning for the

enhancement of disparity learning

In this section, we explore the benefit of using joint training for the purpose of improving the

performance of the disparity estimation compared to when performing single task learning. 5

algorithms are explored here. The standard PSMNet for single task learning (disparity) is used

as the benchmark; denoted by stl. Then the modified, multi task learning PSMNet is trained

4 times using 4 different strategies. Firstly, Lconst in Eq. (7.6) is implemented twice, where

λ1 = 0.5, 10; empirically chosen. For simplicity we denote the constant gain algorithms using:

cga := (λ1 = 10) and cgb := (λ1 = 0.5). Secondly, Lepr in Eq. (7.8) is implemented; denoted by

epr. Finally, Lunc in Eq. (7.9) is implemented; denoted by unc.



7.4. Results 137

Figure 7.12: Log scaled correlation between uncertainty and prediction error. With a line of
best fit drawn, in red, highlighting the positive correlation. The colourmap is set to ’jet’. The
x and y axis are both normalised.

Virtual dataset validation: Firstly, all algorithms are assessed using the virtual dataset.

The results are shown in Tab. 7.2. Again, Full is the MAE for the entire scene and Seg is the

MAE for the podium and object only. This experiment is performed twice, firstly on the entire

training set and secondly, on 1/16th of the training set; to see the impact of learning on a

smaller dataset. 120 epochs were used for training; we determined this number after multiple

experiments, balancing computation time and convergence. For the entire dataset experiment,

all networks perform quite similarly, but with two of the multi task learning algorithms achiev-

ing slightly better results. However, on the 1/16th experiment the relative performance of stl

drops, which highlights the regularizing benefits of using the proposed MTL framework. The

extra complexity and the extra data has prevented overfitting to the fewer training samples.

We observe that cgb also drops in ranking; highlighting the difficulty of balancing the weighting

distribution.
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Table 7.2: Comparison of multi task learning vs single task learning on the virtual dataset.
Two types of experiments were run, the first was using the full training set, the second was
using 1/16th of the training set. Assessing the general performance of each algorithm when
training on a large and a small dataset.

Rank Full training dataset 1/16th training dataset

Full MAE (pixels) Seg MAE (pixels) Full MAE (pixels) Seg MAE (pixels)

1st cgb : 0.203 cgb : 0.380 cga : 0.496 cga : 0.745

2nd unc : 0.207 unc : 0.381 cgb : 0.504 unc : 0.778

3rd stl : 0.208 stl : 0.382 unc : 0.516 epr : 0.781

4th epr : 0.217 epr : 0.384 epr : 0.522 stl : 0.790

5th cga : 0.217 cga : 0.389 stl : 0.549 cgb : 0.808

Generalisability evaluation: We explore the generalisability properties of the networks

trained on the entire virtual dataset by evaluating them on the SCARED dataset and the

dense Middlebury 2014 Stereo training dataset. The virtual dataset that was used for training

is limited, and therefore, benchmark results were not expected to be achieved. This test was

constructed only to compare the performance of using STL and MTL; investigating the impact

of the MTL framework with structured light learning. The SCARED dataset contained two

test sets (TS8 and TS9), which collectively contain 45 unique images, which were warped to

create a much larger volume of test data. So, to avoid the influence of error created during

the artificial warping, only the 45 unmodified and complete images are used for evaluation.

Tab. 7.3 shows the results of this experiment. The main point of interest here is the position of

the stl algorithm. In all datasets, the stl algorithm performs worst. What can be understood

from these results is that even though the performance of stl was comparable to the multi task

learning performances on the virtual dataset, it has overfitted to the virtual dataset distribu-

tion. Whereas, the MTL framework has provided a regularizing effect during training, which

has resulted in greater generalisability.

Medical dataset validation: Commonly in medical imaging, training data with ground truth

is limited. To tackle this limitation, the standard strategy is to pre train a neural network

on general and large datasets and then fine tune on data specific to the task. To replicate
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Table 7.3: Generalisability evaluation using SCARED [AMW+21] and the Middlebury 2014
[SHK+14]. The choice of displaying the depth error for SCARED and disparity error for
Middlebury reflects what is commonly done. The results show that the stl model has achieved
poorer generalisability than the MTL approaches. TS denotes the test sets in SCARED. IQR
denotes the interquartile range

Rank SCARED - TS 8 SCARED - TS 9 Middlebury

Depth
MAE (mm)

Depth
IQR

Depth
MAE (mm)

Depth
IQR

Disparity
MAE (pixels)

Disparity
IQR

1st unc : 25.15 unc : 21.71 unc : 27.86 unc : 24.63 unc : 58.41 unc : 76.17

2nd cga : 29.01 cga : 27.94 cga : 32.41 cga : 28.10 epr : 61.43 epr : 76.20

3rd cgb : 29.96 cgb : 31.36 epr : 31.92 cgb : 31.07 cgb : 63.27 cgb : 81.48

4th epr : 31.38 epr : 35.43 cgb : 34.62 epr : 31.70 cga : 64.89 cga : 83.30

5th stl : 42.10 stl : 73.78 stl : 51.07 stl : 78.83 stl : 75.06 stl : 94.76
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Figure 7.13: The blue dotted line is the performance of the stl model, which is used as a
benchmark. What can be seen is that the only stably training algorithm is unc, in red, which
also produces the best accuracy. All other models begin to overfit after 20 epochs.

this scenario, we use the models developed on the entire virtual dataset and fine tune on the

medical dataset that we created. Each network was fine tuned for 40 epochs. The results shown

in Figure 7.13 highlight the training stability of the compared models. The blue dotted line

represents the stl performance. Overfitting can be inferred from the descent behaviour across

the 40 epochs, due to the divergence of the validation accuracy. This is also reflected in the

performance for the MTL models: epr, cga, cgb. However, for unc the training is stable and it

also achieves the best disparity MAE performance. Which again demonstrates the benefit of
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the multi task learning framework, when the correct training strategy is implemented.
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7.5 Conclusion

In this chapter, a novel approach to solving disparity estimation has been proposed that

uniquely uses structured light information. We have proposed the first neural network to artifi-

cially project structured light patterns onto stereo images. This has allowed 3D reconstruction

to be achieved using simple post processing similarity metrics. The proposed 3D reconstruction

approach requires no explicit depth information during training. The performance evaluation

results show that the proposed model accurately respects the surface geometry and achieves

similar performance when compared to a direct regression network. As this proposed approach

uses classification, it is also possible to estimate confidence in the disparity predictions, which

is critical for tasks with high risk. This research was then extended, by designing a novel

MTL framework to jointly predict structured light and disparity. Our validation verifies that

introducing this MTL framework improves the generalisability and capability of learning from

small datasets, for disparity estimation. All without increasing the number of parameters for

the disparity estimation and using data which is already available and does not require extra

annotation. Specifically, the MTL model unc produced results that were consistently better

than stl, which demonstrates that when the correct multi task learning strategy is implemented,

this is a better approach for developing a direct disparity estimation network. Our future work

will focus on expanding our database to allow further validation of our work.



Chapter 8

Inexpensive Brain Model With Tumour

Simulation

8.1 Introduction

Intraoperative ultrasound (IOUS) is an increasingly popular tool, as it is a viable alternative

to more complex, time consuming and expensive solutions such as intraoperative magnetic res-

onance imaging [GB18] [KSS+14] However, who performs this task is not well defined, whether

it should be the surgeon, radiologist, sonographer, or a combination of these professionals. The

background commensurate training, in turn, remains highly variable and not standardised. In

radiology, radiologists and sonographers undergo formal training and routinely perform hun-

dreds of supervised ultrasound (US) scans on real patients over a condensed period to reach

competency with accepted forms of assessment and accreditation. In contrast, in surgery, US

training is highly variable depending on local practice and expertise and typically lacks the

same structure. This is compounded by the much lower frequency of cases and greater risks

that are inherent to intraoperative US which greatly limits access and slows experience in con-

trast to routine nonoperative diagnostic US which is high volume, low risk, and ubiquitous

across most hospitals. Considering these challenges but also the many strengths of IOUS, such

as real-time imaging and ease of integration into the surgical workflow, methods to improve

142
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surgical training in IOUS are needed.

A particularly noteworthy application of IOUS is in oncological brain surgery, where the goal

is maximal safe resection (removing the most tumour while preserving function and avoiding

disability). The difficulty with gaining necessary IOUS experience is particularly daunting in

neurosurgery, where it is uniquely not possible to perform practice US scanning of the brain on

people outside of the operating theatre as a window through the skull is needed. This further

steepens the learning curve impacting adoption and performance.

Traditionally, medical phantoms are used to simulate anatomy and medical procedures. There

is limited access to purchasable educational tools and known homemade methods for creating

phantoms for brain IOUS. Most commercially available brain phantoms are primarily designed

for basic surgical training and tend to be expensive. As ultrasound is only one facet of the

surgical process, the anatomical correctness of the tissue is usually simplistic, lacking real

structural and textural details. This, in the case of the brain, is a significant issue due to the

inherent complexity of the anatomy.

Homemade phantoms can be a more affordable and customisable solution. These phantoms

can be made using food products [WNBL17] such as spam [NHCD16] or solutions such as

ballistic gelatin [AKS+15] [MCB16], bovine gelatin [MJ15], sodium alginate [Aoy21], polyvinyl

alcohol (PVA) [MSM+20] or agar [AEG+23] [MDP+15]. In particular, agar has been shown to

successfully replicate the mechanical properties of human tumour tissue [SRDS17]. Although

these methods are inexpensive, the core structure of the phantom will be simplistic and ho-

mogenous. Foreign bodies can be embedded in the medium to create diversity in echogenic

features [SSSM20]. However, in combination this is not realistic. Real tissue is complex, and

the interpretation of the ultrasound perspective and visible anatomy is one of the fundamental

challenges in IOUS.

This chapter highlights the importance of creating anatomical accuracy in phantoms. A method

is proposed to create a phantom to mimic tumours in inexpensive brain ex vivo using agar.
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8.2 Materials and Methods

Table 8.1: Cost, acquisition and setup

Category UpSurgeon Animal Brain
Cost High Low
Availability Moderate Easy
Time to construct 5 min 10 min
Special storage No Yes
Special handling No Yes
Complexity of set up Simple Intermediate

Figure 8.1: UpSurgeOn brain box phantom synthetic material structure. The inner red material
is the simulated tumour.

A summary of the cost and difficulty of creating the phantom is provided in Table 8.1. As a

benchmark for commercially available phantoms, the ’Tumour box’ and 5 ’Glioma Cartridge’

from UpSurgeOn [UpS24], were purchased at the cost of 654.92 € and 855.00 € with a ship-

ping fee of 50.00 €. This phantom is designed primarily for resection practice, with ultrasound

property being only a secondary feature. The homogeneity of the synthetic material is high-

lighted in Figure 8.1. However, this was the reason for the preference of this phantom, as

with most other medical training phantoms, the phantom will be interacted with in such a way

that there will be destruction of the material. For example, phantoms are commonly used for

vascular access, epidurals, joint injections, or aspiration. Therefore, having multiple cartridges

is a significant benefit of this phantom, unlike alternatives such as the Adult Brain phantoms by

True Phantom Solutions. Although the latter may have better imaging feedback, it costs more

($1,738 Basic, $3,090 Standard and $4,250 Complex model), it is non-replaceable and can only

be used in such a way as to preserve the integrity of the material. No cutting, modification, or

rough handling.
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Figure 8.2: An ovine sample used to collect the data, before the agar solution was injected.
The container has the dimensions 6.5cm x 7.0cm.

Multiple ovine and bovine ex vivo samples (Figure 8.2) were purchased at the cost of £5 each.

All data were captured using an Ultrasonix Sonix CEP ultrasound system and a L14-5 linear

probe. This was chosen as it is a previous generation machine, therefore producing lower quality

images than can be expected with the modern state-of-the-art systems and mimicking a real-life

scenario where clinicians rarely have access to the latest technological developments. Among

the different materials used in the literature, to simulate brain tumours, agar was chosen due

to its low cost and matching mechanical properties [14]. Agar is also easy to manipulate, since

there is no need for freeze-thawing cycles (as needed with PVA [11]), and it can be injected

during its liquid stage and allowed to solidify after injection in minimal time.

Tumour simulation was achieved using 2ml of 10-20% concentrate agar, heated using a Fisher-

brand™ Hotplate Stirrer set to 150o and 1500 rpm, injected into the depth of the subcortical

white matter/centrum semiovale - the agar was cooled before injection. Where both these areas

are approximately equivalent to the human counterpart in terms of anatomical features such

as texture, locations, colour, and physiological role. Depending on the concentration, temper-

ature, volume, and area injected, from our observations, the time it took to harden could vary

anywhere from a few minutes up to half an hour. To simulate the necrotic core of a tumour,

water was injected into the hardened agar. Ultrasound feedback was used to guide the needle
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into the agar solution.

Two experienced IOUS operators individually assessed the phantoms in relation to the acquired

images. Evaluation categories were defined for qualitative assessment, using the five-point Liek-

ert scale. Five categories were chosen, which were considered comprehensive for the evaluation

of medical phantoms and their similarity to real brain tissue. The categories are Reusability,

Echotexture, Cerebral structure, Tactile feedback, and Tumour mimic semblance.
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8.3 Results

Table 8.2: Qualitative assessment using a five-point Liekert scale (1 = poor to 5 = excellent)

Feature UpSurgeon Animal Brain
Reusability 4 2
Echotexture 3 5
Cerebral structure 1 5
Tactile feedback 2 5
Tumour mimic semblance 2 4

Figure 8.3: UpSurgeOn brain box phantom image from our machine.

The results of the qualitative ratings are shown in Table 8.2. Overall, the quality of the phan-

toms made using real brain tissue produced superior imaging, anatomical accuracy, and tumour

accuracy, in comparison to the phantom. However, the animal phantom was not reusable and

had to be disposed of on the day of use to prevent decay and necrosis.

8.3.1 Phantom analysis

Figure 8.3 shows an image of the phantom captured by our device. The most prominent and

noticeable features are the linear, horizontal hyperechogenic lines. Although useful in defining

the echogenic nature of the tissue analysed, their clinical correlation is debatable. The tumour

itself appears as a circular hyperechoic ring with a hypoechoid core, causing significant acoustic

shadowing. In the clinical setting, such shadowing is generally indicative of a tumour with
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Figure 8.4: Bovine sample. Left shows ultrasound feedback of phantom without tumour addi-
tion. Right shows ultrasound feedback with agar injected.

a calcified component. In general, although there is echogenic diversity, these features are

incoherent and do not resemble real anatomy.

Nonetheless, the reusability and absence of concern for necrosis and tissue degradation, makes

the commercial phantom useful for basic US practice such as transducer manipulation, and

contact force controlling.

8.3.2 Ex-Vivo and agar

The unmodified bovine brain sample is shown on the left side of Figure 8.4 and the ovine sample

in section A and B of Figure 8.5. The good contrast within the tissue is the first noticeable

property. The samples provided a good visualisation of the cortical sulci and gyri, with evident

arachnoidal hyperechogenity and differentiation of grey-white matter. There were no shadows,

artefacts, or elements of degradation. The images obtained through these specimens closely re-

sembled a mammalian brain anatomy and therefore were considered more reliable to reproduce

a clinical neurosurgical scenario.

In the same figures, the same tissues are also shown, but with the addition of injected 10-20%

concentrate agar. In the context of the bovine brain, the addition of agar is shown in the

right image of Figure 8.4. With the ovine tissue, sections C and D in Figure 8.5 show the

agar solution. The agar solution was injected into the depth of the inferior frontal sulcus. As

expected, the tumour appeared embedded in the subcortical white matter creating an echogenic
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Figure 8.5: Ovine sample. B-mode image of sheep brain (A) with magnified image of gyrus (B)
demonstrating discernible normal cerebral architecture with sulci and pia (outlined by green
dotted line), cortex (outlined by orange dotted line) and surrounding white matter. B-mode
image of the same sheep brain after localised infiltration of agar to mimic a hypercellular,
echogenic tumour (C) with magnified image of tumour mimic demonstrating clear margins
(D).

sphere, with a narrow tract following the entry point.

Unlike phantoms, agar injection into a real brain not only showed a well-defined and clearly

identifiable anomaly but also provided a mass and an infiltrative effect to the surrounding

areas. This interaction with brain tissue appears to be more reliable and useful for educational

purposes and research applications.

For reference of a normal IOUS view of brain tumour tissue, Figure 8.6 shows images of glioblas-

tomas - highlighted with yellow dotted lines - taken intraoperatively and right before resection,

at Charing Cross Hospital, using a state-of-the-art system Canon i900 ultrasound machine

[WDA+23a]. Noticeable are the layered tissue, which produces structured echogenic diversity.

Similar to what is seen in the ovine and bovine tissue and dissimilar to what is seen in the phan-

tom. The tumours share similar resemblance to that produced using agar, creating a region of

concentrated, higher echogenicity with diffusion along the margins.
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Figure 8.6: Human intraoperative ultrasound images of Glioblastoma. The tumours are high-
lighted using the yellow dotted lines. The left and right figures show a maximum depth of 5cm,
while the middle figure shows a maximum depth of 4.5cm.

Figure 8.7: Cross section of one of the ovine brains. In this sample, two sites were injected
with agar (dyed yellow)

A cross section of the agar in one of the ovine ex vivo samples is shown in Figure 8.8. The

agar was mixed before injection with acriflavine to dye the tissue. As shown in the figure, it is

possible to embed the agar solution in an area of normal tissue.

8.3.3 Necrosis Simulation

Figure 8.8 shows an example of the outcome of injecting water directly into the agar solution.

In this example, the water successfully displaces the agar, creating a nested spherical area of
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Figure 8.8: The right example shows a real case of a brain tumour, highlighted in yellow, with
a necrotic core, highlighted in red. On the left is water added to the agar to simulate a necrotic
core. Yellow line outlines the agar, red line outlines the water.

lower echogenicity within the higher echogenic agar solution. This can be seen as an area of

slightly higher echogenicity than the background levels. The figure also shows an image of a

human brain tumour with a necrotic core to highlight the impact on the echogenic profile.
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8.4 Discussion

Table 8.3: Hypothetical training workshop itinerary utilising ex vivo models and agar solution

Session Overall Aim Tasks
Session 1 Basic US principles Introduction to US for neurosonography;

Recap of basic transducer manipulation;
Demonstration and hands-on practice using
synthetic phantom models.

Session 2 Introduction to ex vivo models Presentation of animal brain ex vivo models;
Application of basic principles using ex vivo
models; Identification of anatomical land-
marks/tissue characterisation.

Session 3 US Guided needling Needle tracking using US; US guided needle
injection of agar solution.

Session 4 Tumour Simulation Localisation of prepared tumour simulations;
US guided needle sampling from the simu-
lated tumour; US guided incision to expose
the tumour.

The creation of resources for surgical simulation, particularly the simulation of anatomy, is

ever in demand and requires ongoing commitments to overcome a series of technical, logistical,

and regulatory challenges. Regarding the specific problems related to the application of IOUS

during brain tumour surgery, this chapter addresses one of the critical issues related to this

imaging technology, the lack of simulation resources to support preclinical / cadaveric training

and technical innovation.

Through our experiments with agar injection into animal ex vivo brain tissue, we show that

it is possible to mimic tumours in inexpensive real tissue, replicating an anatomy that is as

similar to human as possible and providing the expected ultrasound feedback. The simulation

of necrosis, by injecting water into the hardened agar, created an acceptable resemblance to

a high-grade real-life tumour scenario. This solution removed a few of the issues related to

the artificial phantom, namely the lack of resemblance to the surrounding gyri and sulci, the

acoustic shadow underlying the tumour model (absent in most cases) and overall, the signal

obtained in terms of both resolution and reliability.

The creation of medical simulation resources such as this is important, as it provides a method of

improving practical skills and reducing the dependency on learning from experience during real
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surgeries. Based our experiences, we propose a hypothetical US workshop for neurosonography

training, utilising ex vivo models as the primary resource. The workshop would begin with

an introduction to basic US principals and progress towards more advanced techniques such

as tumour localisation, transduce orientation for optimal imaging perspective, and US guided

needle sampling. A detailed hypothetical workshop itinerary is outlined in Table 8.3. For

further realism, the use of an animal head with craniotomy prepared would better simulate the

surgical environment and should not be much harder to acquire than brains individually.

Extending from this, it would also facilitate learning new US-guided techniques such as US-

guided core biopsies which are presently, due to lack of access, under applied in neurosurgery

but readily used in other medical fields. For example, in this case the operators found that the

task of using US to guide the agar injections was qualitatively associated with an improvement

in US coordination and US localisation of the needle.

In addition, inexpensive, accurate simulation of brain anatomy and pathology encourages tech-

nical innovation. For example, data can be collected more easily (possibly to supplement the

more difficult-to-acquire in vivo data), to enable deep learning training, which usually requires

large volumes of data to prevent overfitting. Furthermore, the inexpensiveness and anatomical

and textural accuracy of the phantom can provide a tool for conducting robotic experiments

[JSN23]. As with most robotic applications for surgery, ultrasound guidance is still in an

early preclinical, experimental research-focused phase. As such, this has allowed for temporary

circumvention of the simulation of more challenging surgical procedures which may utilise ul-

trasound, and the expected intricacies of the anatomical features that would be present. In a

large number of these robotic setups, the application is non-invasive, on-the-skin procedures

[VLNZ21] [JZB+21], or are works that can be evaluated on simple synthetic medical phantoms,

to explore technical novelty in the design and control of the robotic system [DWK+23] [ACS+21]

[SHSM21] [FMP+23]. Nevertheless, evaluation of robotic systems on ex vivo is not uncommon.

For example human cadavers for spine scanning [LDC+23], porcine tissue for needle tracking

[JLC+24], kidney and heart for learning-from-demonstration [JBZ+23]. Germane to this chap-

ter, [SGRwHK23] uses an unmodified chicken breast for the evaluation of focused US ablation.

The study pertained to the feasibility of real-time detection of the ablation area and, as such,
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the task did not require the ablated tissue to be pathological. However, the clinical motivation

for this research and many others within the field of robotic ultrasound is therapeutic surgery.

By using the method proposed in this chapter, or future similar methods, the tumour mimicking

tissue can act as the target for the robotic experiment e.g. thermal ablation.

Our solution is not without limitations. First, prion disease represents a serious biohazard and

needs to be addressed properly when manipulating the brains of dead animals. We have cir-

cumvented this problem opting for young animal brains (veals and lambs) specifically harvested

for human consumption and have already gone through official clearance with the relevant reg-

ulatory authorities. If an adult animal brain is preferable for whatever reason, a much stricter

protocol would be required. As an additional precaution measure to manage any biosafety

risk, all biological material has been discarded according to standard safety protocols. Second

challenge, working with ex vivo biological tissue should ideally be done in biosafe laboratories,

unlike commercial phantoms, which could be used in any setting. This set-up is per se expen-

sive and/or not always accessible for all centres. Finally, while the tissue does show much closer

resemblance with the in vivo images, the possibility of degradation-related artefacts must be

considered. For these experiments, tissue samples were kept out of the refrigerator at room

temperature for more than an hour, and the harvesting time presumably took place 24 to 48

hours earlier. However, no significant necrosis or tissue degradation was observed within this

time period, both on macroscopic inspection and on imaging. Some degree of manipulation-

related damage was noticed especially at the level of the basal structures, but this was negligible

for the purpose of our acquisitions. Some of the tissue that was left out was later frozen and

used on another day, and it was observed that the fluctuation of temperature and the freezing

process minimally impacted the usability of the tissue. In general, we found that this setting

and time frame is acceptable, reliable, and replicable.
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8.5 Conclusion

Figure 8.9: Samples from the dataset with super imposed bounding box annotation.

Methods for mimicking tumours within ultrasound images are valuable both for clinical training

and research. This is especially the case with brain tumours, which are complex, highly variable,

and diffuse. IOUS is a difficult tool to become proficient with, outside of real surgeries. The

lack of affordable and accurate commercially available phantoms creates the need for home-

made methods to create inexpensive homemade phantoms. Our proposed method solves this

by mimicking tumours within real tissue, by combining easy and cheap butchers meat with

agar powder. Furthermore, this will encourage technical innovation, as the lack of simulation

resources has been a significant bottleneck in technical innovation. A dataset is created and

made publicly available upon request that contains bounding-box annotations of multiple ex

vivo ovine brains containing tumour-mimicking agar. The dataset contains 576 annotated

images and 388 images without tumours, where the frames were extracted from US videos at

1Hz. The images are stored as MAT-files with the annotations in CSV files with the structure

[top left corner, width, height]. Sample images from the dataset are shown in Figure 8.9.

Future work is encouraged to improve the realism of the tumour mimicry. This could include



156 Chapter 8. Inexpensive Brain Model With Tumour Simulation

testing different concentrations of agar solution, testing different locations, and using more than

one compound to simulate tumour characteristics, creating more complex layering and diffusion

effects. Further research is desirable to simulate a more infiltrative type of lesion, with reduced

margin sharpness.
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Conclusion

In this thesis a broad spectrum of the topic of computer-assisted IOUS for brain tumour resec-

tion is explored. Treatment of brain tumours is difficult and the likelihood of mortality is high,

even after successful treatment. Brain tumour resection is a uniquely challenging surgical task,

where preoperative imaging offers minimal reliability during surgery and there is no binarity in

the boundaries of the tumour. Intraoperative tools and techniques are variable across centres,

where many avenues are being explored to improve the surgical process - however, these efforts

are often limited by high costs and resource availability. As a consequence, minimal research

output has been produced from both a clinical and a technical perspective. In particular, this

has resulted in a lack of availability of data with annotation. This lack of output is more no-

table when considering the current developments in deep learning. Motivated by these factors,

this thesis explores and proposes solutions to various translation challenges for IOUS, with an

emphasis on data-drive and automated methods.

The main outcome from this work has been the formal identification and understanding of where

the future challenges of computer vision for enabling IOUS are, and the proposal of solutions

that solve key issues and help enable the development of robotic solutions. In particular,

methods that tackle the eternal issue of data limitation, a method for analysing probe-tissue

contact, as well as a study and methods deal with the issue of tumour margin uncertainty.

157
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9.1 Contributions

9.1.1 Pathalogical Tissue Delineation

The first contribution is given in Chapter 3. The development of tumours and their structure

within brain tissue is complex due to their diffuse and infiltrative properties. Precise delineation

is achieved only through devices that can measure on a cellular or molecular level. However,

these are impractical during surgery. IOUS is the most promising intraoperative tool; however,

it lacks both the contrast between healthy and pathological tissue and the spatial resolution,

which would need to be finer than the infiltrative margin and cellular spread, to clearly define

the margins of pathological tissue. There is a lack of formal training and standardisation

of IOUS, which has contributed to the sluggish adoption of the tool between centres. The

study contained in the chapter was carried out to produce the first measure of the impact of

uncertainty in the tumour margin and the impact of lack of formal training. A consultant

neuroradiologist and three neurosurgeons, experienced with IOUS, were assigned to segment

the tumours in a set of IOUS images captured during brain tumour resection. The primary

experiment was the measure of the dissimilarity of neurosurgeons’ annotations compared to the

neuroradiologist, which was treated as the gold standard. An average intersection over union of

0.723 was measured, which shows variability in the annotations. This study formally addressed

an issue that was only known informally among certain experienced users but is important to

address if IOUS is to become a standardised tool.

The second contribution is given in Chapter 4. This chapter explores the topic of brain tumour

detection in IOUS following the findings in the previous chapter. Transformers and attention

based neural networks have shown considerable interest in recent years. However these models

are known to be difficult to train on limited data. This chapter explores a newly proposed

method of robust fine-tuning through constraining gradient descent to the pre-trained model.

A dataset of 3705 images is annotated and 3 fold evaluation was performed, using the DETR

and DEF DETR models trained in both unconstrained and constrained frameworks. This study

explores methods to alleviate data limitations for tumour detection, where the results show that
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training while leveraging the pre-trained parameters as an anchor, can produce superior IOU

performances. Following the format unconstrained/constrained, the DETR IOU 0.475:0.577

and F1 0.571:0.716 and for DEF DETR IOU 0.581:0.590 and F1 0.720:0.756.

The third contribution is given in Chapter 5. As shown in the previous study, tumour segmenta-

tion is prone to interobserver variability due to factors including the inherent uncertainty caused

by the lack of binarity of the margins. This chapter proposed a novel annotation method and

protocol based on sparse demarcation using a confidence grading framework. The annotation

was proved to successfully reflect the interobserver variance, with the confidence annotations

achieving a brier score and soft dice similarity to the interobserver variance map of 0.00762 and

0.076. Further evaluation is performed to determine the usability of the annotations for neural

network training. The confidence annotations and the segment annotations by the neuroradi-

ologist were used to train a UNet and it was measured that the confidence annotation trained

network outperformed the segmentation annotation for all test setups and across five-fold anal-

ysis - where the brier score was 0.02058 compared with 0.02466 and the soft dice similarity was

0.21974 compared with 0.29246. The proposed annotation method and protocol are a potential

avenue for better annotation of brain tumours which better relects the infiltrative behaviour of

brain tumours and can be a better annotation for data learning methods, as it is implicitly a

better representation of the data than hard segments.

9.1.2 Probe Manipulation Analysis

The first contribution is given in Chapter 6. Control of the US probe during IOUS is determined

primarily through the image feedback - not by looking at the probe. Therefore, automatic anal-

ysis of the quality of the probe-tissue coupling, for feedback on the positioning and orientation

of the probe, is best through analysis of the image quality. In particular, determining whether

there is visible tissue and the detection of contact-related artefacts. The method proposed is

based on detection of points of dynamic change in the image - a type of edge detection but

for nondefined edges. Through detection of dynamic points, a discrete representation of the

visible tissue can be achieved through the construction of a simplicial complex. From this, a
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contact-related acoustic shadow can be detected, as well as confidence in the visible tissue. The

artefact detection performance was compared with an ablation, statistical, and a deep learning

method. A three-fold analysis of the methods using intraoperative data was performed and the

proposed method achieved the best F score, of 0.864, on the unseen data. The behaviour of the

proposed method for constructing confidence maps was also evaluated against two established

confidence mapping methods. Data was captured, where an US probe is orientated in and out

of optimality (perpendicular to the surface), which creates an expected confidence trajectory

in the scans. The three methods were evaluated, and the proposed method achieved the best

performance in all scans with a normalised root mean square error of 0.168. Further experi-

ments were performed using a robotic system to determine whether acoustic shadow detection

was capable of guiding and optimising robotic scanning. The results showed that the acoustic

shadow detection setup was capable of guiding and correcting the motion of multiple scans.

The method proposed described in this chapter provides an automatic solution to the analysis

of probe-tissue contact, which may facilitate automated scanning procedures or may be used

for US trainee operators.

9.1.3 Resource Leveraging

Surgical data is limited and hard to acquire. In addition to this, simulation resources often lack

anatomical realness and are expensive.

The first contribution is given in Chapter 7. Stereo vision is a popular method for reconstruct-

ing scenes due to the availability of high-resolution and frame rate cameras. Deep learning has

demonstrated far better performance over nonlearning methods. Significant research has been

conducted in this field. However, it is clear that there is a strong correlation between data vol-

ume and neural network performance when training using conventional supervised frameworks.

Surgical data is limited, and there is no 3D craniotomy data available publicly, and acquiring

ethics to capture data is difficult. To tackle this issue, a strategy is proposed to take advantage of

structured light data, which is commonly captured and used to produce ground truth disparity

for training, by training neural networks to learn projections in a multi-task learning framework
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together with ground truth disparity. First, experimental evidence is provided, showing that it

is possible to learn the projection of structured light in such a way that depth information is

also maintained. In the medical dataset, the structured light trained network achieved superior

performance in the test set than the disparity trained network, achieving 2.36(pixels) mean

absolute error in comparison to 5.89(pixels). Then, it is demonstrated that training a state of

the art neural network (PSMNet) in a multi task learning framework, for both structured light

and disparity, improves the learning of disparity on the medical dataset. Within 40 epochs, the

unc framework was the only training framework to achieve continuous convergence and also the

best mean absolute error of 5.975(pixels). Where the single task learning’s best performance

achieved 8.441(pixels) and where training diverged after 20 epochs. The work in this chapter

demonstrates the utilisation of commonly collected data to support learning for tasks that lack

large datasets.

The second contribution is given in Chapter 8. In vivo experiments are an ethical minefield and

would be impractical for early stage development. Medical phantoms have been shown to be an

invaluable resource and an alternative to in vivo, for simulating anatomy and surgical procedures

for technical development. Brain anatomy is complex and simulating it using synthetic materials

is difficult. However, cheap commercially available animal brain ex vivo naturally has these

features. This is highlighted by professional IOUS operators evaluating the US feedback from

both a state-of-the-art synthetic phantom and ex vivo and graded each using a 5-point Likert

scale assessment. The two key gradings for the image feedback were echotexture and cerebral

structure. The synthetic phantom was graded with 3 and 1, while ex vivo with 5 and 4. The

proposed method for mimicking tumour tissue was the injection of agar solution directly into

ex vivo. The same professional IOUS users also graded the images of the synthetic tumour in

both the synthetic phantom and the ex vivo, and graded the tumour mimic semblance as 2

and 4, respectively. This method provides researchers and clinical teachers with an inexpensive

method for creating accurate mimicking of brain tumours in US.
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9.2 Limitations and Future Work

This section identifies areas that were not explored and therefore limits some of the assumptions

or conclusions that were made.

9.2.1 Craniotomy 3DV Study

A significant majority of 3DV output is entirely focused on beating benchmarks on popular

datasets and exploring technical novelties. Although this is a necessary step to improve tech-

nical methodologies, in healthcare cases, these developments offer limited benefit in improving

understanding of clinical challenges and do not provide evidence of translation prospects. The

work in this thesis was explored under the assumption that fine-tuning would be required, from

both a performance perspective and also an ethical perspective. Real surgical environments are

highly dynamic and have many variables. Considering the current level of 3DV capabilities, it

is clear that efforts should be made to measure how these methods perform on craniotomies.

Including a wide spread of algorithmic methods across different sensors, such as stereo and

monocular vision, structured light, and LIDAR. This study would provide real evidence of

what does and does not work, and why or why not. This is vital to ensure that progress is

made while keeping in mind the real, ultimate application.

9.2.2 Ultrasound Machine Settings

US image quality is highly variable between different machines, especially between the machine

settings. It is the job of the operator to ensure that the settings are optimally tuned for

visualisation of the region of interest. Intraoperative data capture often precedes any knowledge

of what the data is actually going to be used for; therefore, it can be assumed that most IOUS

data captured will tend to suffer bias in favour of good visualisation of, for example, the

pathalogical tissue within the image. This is an issue that affects large proportions of US

research. In the experimental work in this thesis, data diversity was pursued, so that not all
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images had, for example, the depth setting optimally chosen for the pathological tissue extent.

However, control of this aspect of the data selection process (machine settings) was weak. For

methods that, for example, pursue robotic ultrasound, more research is needed to address the

setting issue. Whether it be ways to automate the setting calibration process or settings-free

imaging. This will be difficult as it would require working with the hardware of the machines

and the raw RF data, both of which are not always available.

9.2.3 Multicentre studies

The work related to pathology delineation was carried out with professionals exclusively from

the Imperial College London NHS Trust. Although this was sufficient to highlight the issue of

interobserver variability and the issue of the uncertainty of the tumour margin. For a more

complete analysis, it is necessary to involve clinicians from other centres and other countries.
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Appendix A

A Background on Machine Learning

Algorithms

A common theme that runs through this thesis and is also a significant factor in a large portion

of the work in the medical/healthcare (and in our case surgical) domain is the limitation of

data. This appendix chapter provides a short introduction to machine learning algorithms,

keeping the reading light, with a focus on the history, starting from the late 19th century.

I hope that this section will provide context as to why I chose to explore some of the avenues

of research I did and what parallel research could be explored by others. It is unquestionable

that machine learning algorithms have become one of, if not the most important and defining

technical subjects of this period; transformative of modern society. Nevertheless, there is clearly

a disparity in advancements in areas of data abundance and data scarcity; where my PhD and

similar work are firmly in the latter category. Not enough has been done within this community

to make this transparent. Progress is often touted in the medical imaging domain; however,

these examples are largely limited to very specific clinical tasks where there is data, such as

preoperative MRI. But it is only a tiny subset of the overall set of clinical tasks. This is

reflected in the limited clinical translation of machine learning algorithms into regular clinical

environments.
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A.1 Early Developments

Modern systems and computers were born in the early 20th century. Perhaps the strongest

attributions for these developments should be given to the groups who made reality from the

theory; Bell Labs and the global military efforts during World War 2 and the Cold War. The

key fundamental breakthroughs that laid the foundations for this - limiting to only from the late

19th century for brevity - can be found in the works from scientists of the fields of information

theory such as Claude Shannon and Alan Turing. In addition to the works in mathematical

logic by Kurt Gödel, Bertrand Russell, and David Hilbert, to name a few. Many other topics

could and perhaps should also be listed. In particular, within the fields of physics, material

science, and electronics. Without these achievements, relevant algorithmic research would have

no platform on which to advance and no way to show application. However, an introduction to

these topics is far beyond the scope of this thesis; instead, I recommend the reading of books

such as "A history of modern computing" by Paul Ceruzzi [Cer98].

Perhaps the first instances of machine learning algorithms that were implemented and run

on hardware would be examples from the 1930s to 1940s in statistical inference, modelling,

and linear regression. Most notably, following earlier works of Sir Francis Galton, Sir Ronald

Fisher, and Karl Pearson. In the most uncomplimentary terms, these implementations could

be viewed (with a modern lens) as no more than automated line fitting algorithms or simple

probabilistic and decision-making algorithms. For example, using punched cards to solve linear

differential equations [FS41], and to solve least squares estimates for linear equations [Orc18].

Where the true technical challenge would be the data recording and digitising, and leveraging

the hardware available. Regardless of this, these algorithms and early breakthroughs are the

origin of what is now one of the most defining technical developments of the 21st century.

During the mid century, three significant public developments were made that bridged the-

oretical artificial intelligence (AI) with practical implementation. I choose to leave out the
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philosophical developments in AI during this period, which in themselves were critical in defin-

ing how we believe modern AI should process information, learn, and behave. For a reasonable

starting point for philosophical AI, I point the reader towards "Computing Machinery and In-

telligence" by Alan Turing [Tur50]. The first of these breakthroughs, while not being a machine

learning algorithm itself, was the 1956 automated reasoning implementation of the "Logic The-

orist" by Allen Newell, Cliff Shaw, and Herbert Simon [NS56]. A computer programme capable

of automatically proving theorems through the use of symbolic logical expression and process-

ing. Frank Rosenblatt’s Perceptron [Ros57] was implemented and simulated on an IBM 704 in

1957/8, marking the first realisation of a trainable neural network and a cornerstone in deep

learning history. Then in 1959, Arthur Samuel [Sam59], developed the first self-learning AI for

games, playing checkers using a minimax strategy and a pruning method.

As computers became a more common feature in research laboratories, many of the learning

methods that are still common tools today were first implemented on hardware. Although the

fundamental origins of these algorithms often trace back much earlier, I focus here on the first

documented implementation cases, which also helps to reduce the impact of subjectivity. Below

is a brief, "rattled-off" list of key machine learning breakthroughs; I include this for historical

context, which in my view is essential for understanding today’s technical space.

K-Means was first implemented in 1957 at Bell Labs by Stuart Lloyd [Llo82]. However, this

was only published in 1982 and what mainstreamed the popularity of K-means came through

publications in the 1960s. Nevertheless, Lloyd’s experiments can possibly be regarded as the

first modern machine learning implementation that is still used today. Similarly, the first

publication that outlining K-Nearest-Neighbour (KNN) was published as early as 1951 [FH89].

However, it was not until 1967 [CH67] that KNN was fully formalised and used more popularly.

Decision trees are a broad family of algorithms that encompass many different designs, with

conceptual roots that trace back to rule-based decision tables of ancient civilisations. The first

computerised Decision Tree programme is likely to be attributed to William Belson, who in 1959

used punched cards to match population samples [Bel59]. The theoretical foundations of the

Support Vector Machine (SVM) were developed by Vladimir Vapnik and Alexey Chervonenkis

in a series of papers in the 1960s based around "generalised portraits", algorithms that maximise
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the distance between data from two classes, an idea later recognised as the maximum-margin

criterion of the SVM [VC64]. Whether or not this was already being implemented on hardware

in Russia is unclear. However, the most significant follow-up development to the SVM was

the introduction of the kernel trick to simplify the handling of non-linear boundary learning

[BGV92], improving the scalability and feasibility of the implementation of SVMs. Learning

from sequential data has strong roots in Markov chains. Methods based on this framework drew

earlier interest, but it was not until Leonard Baum and his colleagues [BP66] formalised the

Hidden Markov Model in a series of papers starting in 1966, that it was possible to use Markov

chains to infer hidden/latent states and their sequence transitions. A seminal probabilistic

machine learning algorithm, which with minimal modification could be made fully Bayesian, was

the Expectation-Maximisation algorithm introduced in 1977 by Arthur Dempster, Nan Laird,

and Donald Rubin [DLR18]. This represented a large conceptual shift from previous machine

learning methods, as this algorithm provided an iterative framework of monotonic log likelihood

convergence (as proved by CFJ Wu [Wu83]) to find maximum likelihood estimates for models

involving latent variables and an underlying generative process. By modelling parameters

with prior distributions, this can be treated as optimising the maximum a posteriori objective,

providing the bridge to Bayesian learning.
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A.2 Deep Learning

A subset of machine learning, which has come to define the current research period, is, of

course, deep learning; a category of methods that involve the development of models containing

structures of multiple layers of hidden parameters. The technical advances of deep learning have

closely followed developments in the availability and computing power of graphical processing

units (GPUs). Again, to reduce subjectivity and for the sake of brevity, we will introduce this

topic by describing what I perceive as the key historical milestones; while noting that I will

have ultimately left out developments which others would deem important. For example, I will

not describe the earlier work in areas such as control theory, which laid strong foundations for

updating parameters using gradients.

The key algorithmic development that allowed the optimisation of a large number of parameters

in multiple layers is backpropagation. It was first described by Seppo Linnainmaa in his 1970

master’s thesis "The representation of the cumulative rounding error of an algorithm as a Taylor

expansion of the local rounding errors" [Lin70], where he introduced reverse-mode automatic

differentiation using the chain rule to compute derivatives. The first application of this tech-

nique to a neural network-specifically a multilayer perceptron (MLP) - extending Rosenblatt’s

perceptron - was by Paul Werbos in 1982 [Wer82]. Most significantly for its eventual popu-

larity, David Rumelhart, Geoffrey Hinton, and Ronald Williams formalised and demonstrated

backpropagation as a tool for pattern recognition in their 1986 paper [RHW86].

In parallel to the developments in optimisation, research on the design of neural network ar-

chitecture was equally critical to discovering models capable of exploiting large datasets. An

early milestone was Hopfield’s 1982 network [Hop82], which introduced an energy-based as-

sociative memory model. This has continued to provide significant inspiration in the design

of neural networks that contain "memory", allowing the propagation of information across se-

quences or time. However, in the 1989 paper by Yann LeCun, it was demonstrated for the
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first time that convolutional networks could be trained end-to-end using "large data sets" with

backpropagation [LBD+89]. The Long Short-Term Memory (LSTM) was proposed in 1997 by

Sepp Hochreiter and Jürgen Schmidhuber [HS97], which provided an architectural solution to

training models containing memory, solving the problem of vanishing gradients in recurrent

neural networks. Enabling models to learn long-term dependencies and improving performance

on sequential tasks.

A period of time elapsed until the next milestone occurred. AlexNet [KSH12] was developed by

Alex Krizhevsky, Ilya Sutskever, and Geoffrey Hinton and submitted in 2012 at the ImageNet

Large Scale Visual Recognition Challenge [RDS+14]. One of the first modern deep learning

neural network applied for image classification, which won the challenge by ≈ 10%, a signifi-

cant leap in classification performance compared to the other submissions that were based on

hand-crafted features (the common approach at the time); such as the scale-invariant feature

transform (SIFT) [Low99] and Fisher Vectors [PD07]. From this point on, the benefit of deep

learning research became clear to the wider community. Without diminishing the achievements

of researchers in algorithmic development, it must be stated that the impact of hardware power

and availability was the largest contributing factor to this breakthrough. Notable are the two

contributions by Nvidia: the creation of the (marketed) world’s first GPU in 1999, the GeForce

256 [Sin], designed primarily for 3D video gaming and acceleration - it is worth noting that

this was manufactured by Taiwan Semiconductor Manufacturing Company Limited, who them-

selves played an enormous role in hardware developments and availability; and their invention

of Compute Unified Device Architecture (CUDA) [Che10] in 2007 which leveraged the paral-

lel computation of GPUs. AlexNet was trained using two 3GB Nvidia GTX 580 GPUs and

written in CUDA. In addition, the efforts made into the creation of large annotated public

data sets, containing hundreds of thousands to millions of images, facilitated the development

of algorithms for large-scale / large-distribution applications. The most poignant example,

clearly, is the ImageNet [DDS+09] dataset itself. A slew of deep learning advancements have

since followed. Notable neural network architectures would include: Generative Adversarial

Networks (GAN) 2014 [GPAM+14], Residual Neural Network (ResNet) 2015 [HZRS15], Trans-

former 2017 [VSP+17], Bidirectional encoder representations from transformers (BERT) 2018
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[DCLT19], Vision Transformer (ViT) 2020 [DBK+20], Diffusion Models 2020 [HJA20b].

This extraordinary acceleration in research and development has made the algorithmic appli-

cation for medical and surgical tasks more likely to succeed. When applied successfully, deep

learning methods have now unequivocally proven to significantly outperform alternatives that

rely on priors or hand-crafted features. However, this success requires the availability of large

training datasets - which is a persistent issue in the healthcare/medical domain.



Appendix B

Standardisation of Convex Ultrasound

Data Through Geometric Analysis and

Augmentation

B.1 Introduction

The role of ultrasound (US) in healthcare has increased greatly over the last three decades

and is now the main imaging modality in the evaluation of many different organ systems and

pathologies. The ability of US to provide dynamic imaging in real time, combined with its

relative affordability and adaptability to various clinical settings, has solidified its position as

a useful tool in US-guided procedures and surgical guidance [DLGS+22] [KHC+13] [LGK+21].

As there is a global increase in demand for medical imaging (in all modalities) coupled with a

global shortage of experts [WWH+24], the research on technical solutions has also increased con-

siderably, notably within the space of data-driven algorithms [JKA+22] [RMO+20] [ACB+19],

robotics and control [JSN23].

Unlike other imaging modalities such as magnetic resonance imaging (MRI) [MJB+15], public

US data is relatively disorganised and sparse; lacking standardised and benchmarking datasets.

208
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Figure B.1: Medical imaging modality deep learning research output trends.

In particular, for data-driven methods, this has presented a bottleneck in relevant research.

This is a significant factor that has resulted in fewer US research output, relative to other

modalities. For example, a simple search of https://pubmed.ncbi.nlm.nih.gov using the

keyword queries "modality" AND "deep learning" shows that US lags far behind other modali-

ties, as is shown in Fig. B.1. US images are highly variable depending on the machine used, the

wide range of different probes, machine settings, capture methods, and operator dependence.

The slight alterations in these variables may account for substantial differences in the US plane

and image intensities. Since the publication of US data is often targeted at clinical audiences

(e.g. https://radiopaedia.org), or consists of data collected by a single centre, there is

no common consensus on standardising how to publish US data. This often leads to publishing

images with manual modifications, such as cropping or the addition of additional text or graph-

ical features. Particularly for convex US images, the variable curved geometry and decoupling

of image height and scan line depth create additional data complexity and variability. These

variation factors compound the difficulty of using public data for research and development.

From a technical perspective, this lack of standardisation can be perceived as equivalent to a

lack of data. This has consequences for data-driven methods that either train on large volumes

of data or that need to be evaluated on diverse datasets to prove robustness and generalisability.

The option of manually collecting and annotating data is labour intensive and involves logistical

variables such as ethics and data sharing between multiple centres. For example, the well-known

breast US dataset BUSI [ADGKF19], which only contains 780 images, took about a year to
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collect and annotate. Because of these reasons, synthetic phantoms are often substituted for

in vivo data, at the cost of data realism. Or, research is published using private datasets

exclusively, making reproducibility an issue. Technical methods for alleviating the issue of data

scarcity and lack of standardisation are limited. The main solution proposed is the application

of generative models for the generation of synthetic medical datasets [PTD+22] or for embedding

into training frameworks where real images or annotations are limited or perhaps not available.

However, there are many technical and ethical concerns and complications when it comes to

the use of synthetic data in clinical applications [SSG+24] [GS23] [SNH+24].

In this work, an approach to standardise US datasets is proposed based on automatically ex-

tracting the US plane from convex US images. Simple use cases include normalising the position

of the US plane within a 2D array to more advanced applications such as data augmentation

for neural network pipelines [CZZ+24] or signal processing methods that process along scan

lines [KWKN12b]. From a linear algebra perspective, performing matrix operations, such as

convolutions or matrix multiplications, becomes more intuitive and logical when scan lines align

with image columns. Therefore, having the convex plane extracted enables adjustment of these

operations or the linearisation of the plane. A key limitation of these approaches is their re-

liance on the convex US plane being known a priori, where in the above two references manual

labelling of the plane was done.

To our knowledge, no other work has focused on the specific task of automatically extracting

the convex US plane. Methods have been explored to minimise manual annotation and data

organisation labour. For example, determining the orientation and location of US scans relative

to anatomical structures has been proposed to support diagnosis. These works often focus

on the identification of the foetal standard plane [PLLZ21] [BKM+16]. Other works include

partitioning of data sets based on the view of the lung [VST+22]. Additional topics include the

automation of US quality assessment, which helps to ensure correct biological measurements

[WCL+17], and could be also used for data set organisation. However, the limitations of these

methods are the lack of explicit isolation of the relevant, full US-plane geometry and the limited

use-case to specific anatomy or US-task. Furthermore, most proposed methods are based on

deep learning, which introduces classic black-box interpretability and reliability concerns.



B.1. Introduction 211

In this paper, we introduce a nonanatomy- or application-specific method for automatic extrac-

tion of the visible, convex US plane. This is done using traditional image processing techniques

and representing the convex plane using annulus sector geometry. Our key contributions are

as follows:

1) We propose the first framework for automatically extracting convex US planes from non-

standardised US images, including those affected by common GUI elements, additional text

and graphical features, and plane modifications such as cropping.

2) We demonstrate that convex US planes can be effectively represented using annulus sector

geometry, enabling transformations that preserve the geometry of underlying features.

The first evaluation conducted is the accuracy and robustness of the proposed method in

estimating the annulus sector parameters. This included an evaluation using both public and

private datasets, where the ground-truth annotations were created manually. The data used

for the evaluation included cases where there was incomplete visualisation of the convex plane

and corruption. Further evaluation explored the viability of using the method to augment the

image, including the invertibility of the process and measuring the deformation of a circular

object post-augmentation.
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Figure B.2: Annulus sector geometric properties, created using https://www.geogebra.org.

B.2 Methodology

In this section, a description is given of the method for extracting the annulus sector parameters,

highlighted in Fig. B.2 from convex US images, e.g. left subfigure in Fig. B.3. The proposed

method can be broken down into four stages: 1) "Ultrasound Plane Masking", which aims to

find the rough US plane and represent it as a binary mask, and to also remove the background

GUI; 2) "Centre Of Plane Calculation" involves determining the centre line through the US

plane; 3) "Radial Boundary Detection" estimating the radial boundaries of the plane, utilising

the symmetry from the centre line; 4) "Annulus Sector Parameter Calculation", is the final stage

of the algorithm where the annulus sector parameters are determined using the information from

the previous stages. At the end of this section, the methodology for how the annulus sector

parameters can be used for the automatic linearisation of a convex US plane is described. When

required, we simplify the mathematical description with algorithmic notation, e.g. pythonic

indexing or for loops such as [0] and [-1] for indexing the first and last element in a list,

respectively.
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Figure B.3: Extracting the US plane. Left shows the original image. Middle shows a plot of the
z-score, where in this circumstance there is only one spike as the background pixel is constant
at 0. Right shows the output of the connected components process, where the US plane is the
largest object and represented in white (the other colours represent other objects, belonging to
the GUI).

B.2.1 Ultrasound Plane Masking

A raw 2D B-mode convex US image is defined as Irgb ∈ R
h,w,c - an example of a standard US

image with full GUI is shown in Fig. B.3. This image is converted into grayscale Ig. We define

the image origin at the top left corner. The superimposed GUI on the image, for example, the

header and text relating to machine and parameter settings, should be removed because they

may affect further image processing. To identify the US plane within the image, a simple two-

pass 4-connectivity connected component labelling method [HRG+17], [BB82] is used. First,

the image is binarised to separate the foreground and black background pixels. Typically, the

pixel intensity in the background, the area outside of the US plane, is equal to 0. However, this

is not always the case due to variability on the data capture and storage. So, the background

is detected by analysing the image’s pixel intensity distribution.

H = hist(Ig, bins = [0, 255]) (B.1)

As the background is homogeneous, its corresponding pixel intensities create a large spike

within the intensity distribution. A spike in the histogram is determined if the frequency of an

intensity is greater than an adaptive minimum threshold and is at least half the value of the

highest bin frequency. This threshold ensures that only bins with sufficiently high frequencies
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relative to the peak frequency are considered. The z-score analysis is used for spike detection.

Since background pixels are homogeneous, they produce a distinct spike, defined spthr, in the

histogram that meets our frequency threshold, regardless of high-intensity white pixels. We

define the background intensity range using the furthest spike from the origin that satisfies the

given criteria. Where the range is important to accommodate noise in the data capture or the

saving. Determining the upper intensity of the background bgmax enables the creation of the

foreground-background mask as:

Z[i] =
H[i]− µ

σ
, ∀i ∈ [0..255] (B.2)

spthr = max

(
max(Z)

2
, 2

)
,

bgmax = max{ i ∈ {0, 1, 2, . . . , 255} : Zi > spthr}.
(B.3)

Ib =





1 if Ig > bgmax

0, otherwise
(B.4)

where, µ and σ are the mean and standard deviation of the image’s intensity distribution. Once

the foreground-background mask Ib has been constructed, a connected component function

can identify distinct objects by grouping adjacent pixels, separating the US plane from other

foreground components in the image (e.g text, GUI components):

P [j, i] =





Cc if fccl(Ib[j, i]) = Cc

0, otherwise
(B.5)

where, fccl() denotes the two-pass, 4-connectivity connected component mapping. Cc denotes

the connected components index where C = {C1, C2, . . . , Cn}, and P is the output map of all

connected components, that has the same dimensions as Ib. fccl() works by assigning a pixel

to a connected component Cn, if that pixel is contiguous either vertically or horizontally, to a

pixel already belonging to Cn.



B.2. Methodology 215

Figure B.4: (Right) An example of the calculation of the vertical axis of symmetry using the
sliding window method. The blue line represents the intensities of vector S, the red line is the
vertical line passing through point m and the green lines are the vertical lines through points
minl,minr. (Left) The binarised US plane with the same lines superimposed.

The convex US image plane can then be isolated through element-wise multiplication with the

largest connected component subset as:

Ic = Ib ⊙ argmaxi(|Ci|), i ∈ {1, . . . , n} (B.6)

where, Ic denotes the image containing only the US plane. An overview of the extraction of

the US plane is shown with an example in Fig. B.3.

B.2.2 Centre Of Plane Calculation

The convex US image plane detected above can be represented as an annulus sector. The

aim of this step is to use certain geometric assumptions to determine the parameters of this

annulus sector such as the vertical axis of symmetry as shown in Fig. B.4. The key to ensuring

robustness of the representation of the US plane is to determine the true edges of the annulus

sector, which may be affected by noise and artefacts. Assuming increasing signal attenuation

with penetration depth and near-field echogenicity, the top corners of the annulus sector and

the centre point of the inner arc, shown in Fig. B.2, are calculated first. To determine these 3

key points, a horizontal window Ŝ (with a height of one pixel and a width equal to that of the

image) is incrementally slid over the image, moving only along the vertical direction, from the
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top of the image, to detect the inner arc.

Ŝ0 = [0]1×w

Ŝj = Ŝj−1 − Ic[j, :], j = [1, . . . , h/2], Ŝ ≤ 0 (B.7)

S = Ŝh/2 ∗ [0.2, 0.2, 0.2, 0.2, 0.2] (B.8)

where, w and h are the width and height of Ic, respectively and ∗ denotes convolution. The

range of half the height has been arbitrarily chosen. The vector S represents the accumulated

row difference and is shown with the blue line in the right subfigure of Fig. B.4.

The centre of mass of the US plane is calculated to find an approximate of the centre of the inner

curve. This is an intermediate step to prevent a negative impact in case there is asymmetry

in the masked image Ic, which is likely due to image noise or superimposed GUI. An initial

estimate of the x-coordinate of the centre of mass, m̂, is calculated using the weighted average

trapezoid rule as:

m̂ =

∑w−1
i=1

iS[i]+(i+1)S[i+1]
2∑w−1

i=1
S[i]+S[i+1]

2

(B.9)

Once m̂ has been determined, the central convex hull is identified by locating the minima on

either side (horizontal) of the centre of mass (displayed using the green vertical bars in Fig. B.4).

minl = min(S[i] : i = 1..m̂),

minr = min(S[i] : i = m̂+ 1..w) (B.10)

To account for noise that may affect the mask, which would impact the convex hull, the final

centre-of-mass estimation is calculated by averaging the centre of mass with the midpoint of

minl and minr.

m =
m̂+ (0.5(minr −minl) +minl)

2
(B.11)
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Assuming that the US plane is normally orientated (without rotation), which is standard for

2D US, the coordinates of the inner and outer arc can be calculated by finding the first and

final point of intersection of the US plane in Ic, along the vertical line passing through point m

as:

S(m) = { j ∈ {0, 1, . . . , h− 1} | Ic(j,m) = 1 },

arcinner =
(
minS(m), m

)
, arcouter =

(
maxS(m), m

)
.

(B.12)

B.2.3 Radial Boundary Detection

The radial boundaries, i.e the legs of the convex plane of Ic, can be initially estimated using

the farthest points, to the left and right of the x-coordinate of the centre of mass m:

ˆedgesl =

{(
j, min

{
i ∈ {0, . . . ,m− 1} : Ic(j, i) = 1

})
:

j ∈ {0, . . . , h− 1}
}
,

ˆedgesr =

{(
j, max

{
i ∈ {0, . . . ,m− 1} : Ic(j, i) = 1

})
:

j ∈ {0, . . . , h− 1}
}
.

(B.13)

The angular vertices that connect the radial boundaries and the outer arc are determined to

find the end coordinates of the radial boundary. By determining the vertices, the edge points

associated with the radial boundary are isolated and can be used to represent a prior estimate

of the radial boundaries, although affected by noise and discontinuities along the US plane.

[jl, il] = min
i
({[j, i] | [j, i] ∈ vertices(hull( ˆedgesl))}),

[jr, ir] = max
i

({[j, i] | [j, i] ∈ vertices(hull( ˆedgesr))}) (B.14)
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edgesl = {[j, i] | [j, i] ∈ ˆedgesl ∧ j ≥ jl},

edgesr = {[j, i] | [j, i] ∈ ˆedgesr ∧ j ≥ jr} (B.15)

To refine the estimation of the radial boundaries, RANSAC [FB81] is applied to robustly regress

a line of best fit, to determine the true radial boundaries of the plane. The RANSAC fit is

performed for both the left edgesl and right edgesr set of edge points.

[Ml, residuall] = RANSACfit(edgesl)

[Mr, residualr] = RANSACfit(edgesr) (B.16)

Here, M are the model parameters and residual is the fitting error. From the fitting, a linear

representation of the radial boundaries is achieved as follows:

ˆRBl = {Ml(min(edgesl,i),Ml(max(edgesl,i)}

ˆRBr = {Mr(min(edgesr,i),Mr(max(edgesr,i)} (B.17)

Assuming that the centre of mass m splits the US plane symmetrically, the RANSACfit pro-

ducing the smallest residual error [residuall, residualr] is chosen and re-projected across the

vertical axis of symmetry defined by the line passing through m. This approach is based on

the assumption that one side is likely to be worse effected by noise and discontinuities than the

other. This is due to factors such as acoustic shadowing, which may result from orientation-

related probe-tissue contact breaking. Using symmetry, the better-fit line is expected to be

more reliable.

RBl =





Φ− ( ˆRBr − Φ), if residualr < residuall

ˆRBl, otherwise
(B.18)
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RBr =





Φ + (Φ− ˆRBl), if residualr > residuall

ˆRBr, otherwise
(B.19)

where, Φ = {innerarc, outerarc}.

B.2.4 Annulus Sector Parameters Calculation

The origin of the annulus sector can be determined by finding the point of intersection of the

radial boundaries. The end points of the radial boundaries are defined as RBl,top, RBl,bottom,

RBr,top, RBr,bottom. The origin O is calculated by determining the coefficients a, b, c of the line

equation, followed by the Cramer’s rule:

a = RBtop[1]−RBbottom[1],

b = RBbottom[0]−RBtop[0],

c = RBtop[0] ·RBbottom[1]−RBbottom[0] ·RBtop[1]

L = [a, b,−c] (B.20)

D = Ll[0] · Lr[1]− Ll[1] · Lr[0],

Dx = Ll[2] · Lr[1]− Ll[1] · Lr[2],

Dy = Ll[0] · Lr[2]− Ll[2] · Lr[0],

O =

[
Dx

D
,
Dy

D

]
(B.21)

Once the origin O has been estimated, the angle θ between the intersecting lines can then be

calculated as:

θ = arccos

−→
BA · −−→BC
∥−→BA∥∥−−→BC∥

(B.22)
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where, A = RBl,bottom −O, B = O, C = RBR,bottom −O.

From this, the inner and outer radius of the annulus sector can be estimated using the point of

origin and the point of intersection of the inner and outer arcs along the x-coordinate of point

m:

rinner =
√
||arcinner −O||2

router =
√
||arcouter −O||2 (B.23)

At this point, all relevant geometric information from the annulus sector has been processed.

That is, the origin O, the angle θ, and the inner and outer radii [rinner, router].

B.2.5 Scan line extraction and linearisation

Most US machines, particularly clinical ones, do not provide access to the original radio fre-

quency (RF) data or plane information, often restricting these features to users. For example,

RF data can be used to accurately process the image in such a way that the phase information

is preserved. A primary motivation for the proposed method is the acquisition of scan lines,

which offer the closest approximation to the original raw signals in the absence of RF data.

The extraction of scan lines provides several advantages, such as enabling explicit processing

along scan lines such as in [KWKN12b]. Another application of this would be accurate data

augmentation, which is particularly useful for enhancing data diversity in neural network train-

ing. This section demonstrates how the method proposed above can be applied to linearise a

convex US plane.

Using the estimated geometric parameters of the annulus sector, the US plane can be fanned

over between the left and right radial boundaries to extract the start [iinner, jinner] and end
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[iouter, jouter] of the scan line vectors as:

iinner = rinner cos(θ̂) +O[1], jinner = rinner sin(θ̂) +O[0],

iouter = router cos(θ̂) +O[1], jouter = router sin(θ̂) +O[0] (B.24)

where, θ̂ is in the range [90° − θ/2, 90° + θ/2] with step which can be defined by dividing

θ by the length of the outer arc. Knowing θ and [rinner, router], spline interpolation can be

performed to extract subpixel representations of the scan line vectors. The number of samples

for interpolation and the length of the scan lines (i.e. the linear image height), can be calculated

by first determining the area of the annulus sector Area = θ × (r2outer − r2inner)/2, then the

Height = router − rinner and Width = Area/Height. This produces a Ratio = Height/Width

so that the number of samples for interpolation can be determined using step×Ratio. This ratio

is key to maintaining the correct resolution and can also be used to control the computation

cost (for example down-sampling). The lineralised image Ω is estimated as:

Ω = [interpolate (Irgb,Γθ̂) , ∀θ̂ ∈ θ]

Γθ̂ = [[iinner, jinner], [iouter, jouter]] (B.25)

(B.26)

where, Γθ̂ is the set of all beginning and end points for all scan lines. The pseudocode of the

full linearisation process is shown in Algorithm 1.
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Algorithm 1 Annulus Sector Linearisation
1: Input: Convex ultrasound image Irgb

2: Output: Linearized ultrasound image Ω
3: Ig ← Convert Irgb to grayscale
4: Ib ← Binarize Ig using z-score for foreground detection
5: Ic ← Extract largest connected component from Ib
6: Ŝ ← Compute negative cumulative sum of top half of Ic
7: S ← Apply moving average on Ŝ to smooth
8: m← Calculate the average of the center of mass and the midpoint between minimas of S
9: arcinner, arcouter ← Determine vertical intersections based on m in Ic

10: edgesl, edgesr ← Determine radial boundary edges on Ic
11: R̂Bl, R̂Br ← Robust line fitting using RANSAC on edgesl, edgesr
12: residuall, residualr ← Compute residuals for R̂Bl, R̂Br

13: RBl, RBr ← Apply symmetric correction based on geometric properties relative to
top, bottom

14: O ← Find intersection of RBl and RBr using Cramer’s rule
15: rinner, router, θ ← Determine geometric parameters of annulus sector
16: Ω← Perform spline interpolation using rinner, router, θ

B.3 Experimental Setup and Results

B.3.1 Data

A controlled experiment, with minimal noise and corruption of the images, was carried out to

validate the proposed approach on 30 images taken intraoperatively during brain surgery at

Charing Cross Hospital, London, UK. The study had full local ethical approval from the HRA

and Health and Care Research Wales (HCRW) authorities1 A Canon i900 US machine (Canon

Medical Systems, Japan) was used with an 8MHz i8MCX1 microconvex probe. The images are

of size 960× 1280. For the expansion of the evaluation to noisy public data, 50 selected images

from POCUS [BWC+21b], DUKE [HLB+19], and CLUST [LBK+15] were processed and manu-

ally annotated. The images were annotated for all key points [arcinner, arcouter, legsl,top, legsl,bottom, legsr,top,

legsr,bottom, O] that were used as our ground truth.

1Study title - US-CNS: Multiparametric Advanced Ultrasound Imaging of the Central Nervous System In-
traoperatively and Through Gaps in the Bone, IRAS project ID: 275556, Protocol number: 22CX7609, REC
reference: 22/WA/0259, Sponsor: Research Governance and Integrity Team (RGIT).
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Figure B.5: Examples from the controlled experiment with the private data. The left images
show the processing of the example images using the proposed method. The white plane is the
output of the connected components process. The purple dots are the edge points of the mask,
and the blue lines and orange crosses are the output of the RANSAC and the estimated radial
boundaries. The middle and right images show the estimated and ground truth key points.

B.3.2 Key Point Detection Evaluation

B.3.2.1 Controlled Experiment

In this section, we evaluate the accuracy of our method in extracting the annulus sector infor-

mation from private US images. For this purpose, the Mean Square Error (MSE) (in pixels) is

calculated for each key point separately, as:

MSEkp =
1

30

30∑

f=1

(
(j

(f,kp)
gt − j(f,kp)pred )2 + (i

(f,kp)
gt − i(f,kp)pred )2

)
(B.27)

where, kp is the key point index, f is the image index, [gt, pred] denote the ground truth and

predicted estimates, and i, j are the key point coordinates.

Across the 30 images, the following key point MSE were recorded: arcinner = 3.05 (std 2.38),

arcouter = 3.24 (std 2.20), legsl,top = 4.41 (std 4.7), legsl,bottom = 4.50 (std 10.82), legsr,top =

5.90 (std 5.80), legsr,bottom = 6.51 (std 10.00), O = 3.72 (std 2.83) (all in pixels).

The error in the estimation of θ was also measured using the Mean Absolute Angular Difference
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(MAAD) (in degrees) as:

MAAD =
1

30

N∑

f=1

∣∣∣θfgt − θfpred
∣∣∣ (B.28)

The recorded MAAD for our dataset was 0.30° (std 0.4°).

B.3.2.2 Public, Noisy Data

(a) POCUS dataset (b) DUKE dataset

(c) CLUST dataset, video 05 (d) CLUST dataset, video 09

Figure B.6: Example images from the public data experiment, one example from each public
dataset used. The left image is the output of the method, the middle is the estimated key
points and the right is the ground truth. All examples highlight the issue of cropping on the
top of the US plane. The POCUS and DUKE examples show the issue of US plane corruption.
Both CLUST examples suffer from slight rotation.

Public US images are rarely stored in a standardised format without corruption or alteration

of the US plane. Often, images are cropped, rotated, warped, or noisy. In addition, they may

be affected by other factors, such as capture from different devices and machines with varying

settings. Examples of the data used in this evaluation are shown in Fig. B.6. This degree

of irregularity in the data makes it challenging to utilise different data sources together in a

collective way. The method proposed in this paper is an approach to alleviate this issue by

being able to extract the underlying geometric properties of any US image. To evaluate the

performance of our method on diverse data, images from multiple public datasets were anno-

tated. Specifically, 18 images were taken from POCUS [BWC+21b], 17 from DUKE [HLB+19],

and 15 from CLUST [LBK+15]. The selected images were chosen for their variability in the

issues mentioned above.
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Table B.1: MSE and MAAD results from the public data evaluation.

Dataset MSE (O) MSE (arcinner) MSE (arcouter) MAAD (°)

Mean Std Mean Std Mean Std Mean Std

POCUS 23.73 43.38 4.17 7.19 23.59 43.04 1.98 2.47

DUKE 14.70 8.76 2.19 1.57 22.75 54.78 0.80 0.44

CLUST 20.85 4.93 8.48 2.15 9.06 2.05 2.97 0.024

There were two conditions used during data selection and annotation. Firstly, if the image was

too challenging for human annotation, they would not be included in this test data. Secondly,

the method is fundamentally designed for non-rotated or minimally rotated US-planes. Princi-

pally, this is because 2D US is not rotated in clinical practice. So, only non-rotated or slightly

rotated images were chosen for annotation. This limitation mostly only concerns reconstructed

3D US - as 2D US (the primary concern of this paper and the more common US data) should

not be stored rotated. In this case, slices are often poorly standardised and the US plane can

vary significantly or even be absent due to cropping. The CLUST examples shown in Fig. B.6

are the cases where there is a slight rotation.

To handle images where the top of the US plane has been cropped - refer to all examples in

Fig. B.6. Normally, the crop will result in the US plane starting from outside the image plane.

So, if the top rows of Ic contain the binary mask (i.e. a vector of 1’s at the top of the image),

then the image is determined as not containing a concave profile. In this circumstance, rather

than calculating the centre of mass, the middle point between the top left and right edges of

the binary mask is used as the point m. The evaluation is carried out using the estimated and

manually annotated geometric properties of the annulus sector: O, θ, arcinner, and arcouter. The

average shape of the POCUS images was 571× 571, DUKE 1345× 960, and CLUST 510× 686.

The results are presented in Tab. B.1.
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Figure B.7: Comparison of the circularity of the object in the original convex US plane compared
to the linearised version. Quantitatively this comparison is measured using circularity and
Proscrutes metrics.

Figure B.8: Sample from POCUS dataset [BWC+21a] showing reverberation. The linearisation
process correctly projects the reverberation as vertical.

B.3.3 Linearisation Study

B.3.3.1 Deformation

Experiments were conducted to assess the degree of deformation that occurs after a convex

plane is linearised using our method. The purpose of this evaluation is to validate that the

proposed method can correctly maintain the geometric features after augmentation. First, data

was collected of a ping pong ball placed in water, using a Zonare Z.One Ultrasound System.

The circularity of the ball was measured in both the original convex and extracted linear US

images. For this purpose, in both images, the ping pong ball has been manually annotated and

the circularity of both annotations is measured as:

Circularity = (4πArea)/Perimeter2 (B.29)
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As it is shown in Fig. B.7 (middle), the annotation on the extracted linear US image appears

slightly stretched horizontally. However, this is somewhat expected as the linearisation will

always deform the image to a certain degree. The quantitative results show that the circularity is

almost equal in both images, approximately 0.97. Procrustes analysis [Gow75] is used to further

compare the annotations by normalising them with respect to each other through translation

and then isomorphic scaling and rotation. The result of this analysis is shown in Fig. B.7

(right). The recorded disparity, calculated as the sum of the squared pointwise differences is

0.013. Additionally, it can be observed that the contact-related acoustic shadow, the black

columns on the left and right of the circle, is correctly linearised, with both columns projected

as vertical lines.

Reverberations are common artefacts that appear as hyperechoic lines along scan lines, caused

by repeated reflections between interfaces, including pleural line artefacts such as B-lines. To

examine this, an image from the POCUS dataset [BWC+21a] is evaluated. The left image of

Fig. B.8 shows a convex image with a red scan line which has been manually annotated by our

clinical team as a reverberation. It can be assumed that the linearisation process should project

reverberations as vertical columns. As can be observed, in the linearised image in Fig. B.8

(right), the reverberation is projected vertically, again along a scan line. This result shows that

the linearisation process has preserved the true properties of the image, by maintaining the

physics of the reverberation, without deformation.

B.3.3.2 Inversion

The aim of this section is to show that the linearisation process is not lossy and that the image

augmentation process does not affect the underlying US information. The 30 intraoperative US

images were linearised and then re-projected back to convex, using the extracted annulus sector

geometry and θ̂. To measure the re-projection error, a direct MSE was calculated between the

original and re-projected convex plane; across the 30 images the MSE was 0.0064 (std 0.0044)

pixels.
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Figure B.9: Radio-frequency data validation. Left is the captured convex image. Middle is the
ground truth linear image. Right is the linearised image estimated with our proposed method.

B.3.3.3 Radio-Frequency Data

The evaluation of the proposed linearisation method is extended with the use of RF data, which

enables quantitative analysis of the linear output. The aim is to generate ground truth linear

images using RF data, which can then be used to compare with the linearised images produced

by the proposed method via structural similarity.

Access to raw RF data is not commonly available in clinical imaging systems, usually only in a

limited number of research systems. B-mode US images provide a 2D visualisation of the RF

data echo signals. A general representation of the detected echo E∗(t) is:

E∗(t) = A(t)ej(2πft+φ) =

A(t)cos(2πft+ φ) + jrfA(t)sin(2πft+ φ) = I + jrfQ (B.30)

where, A(t) represents the signal envelope, f is the carrier frequency, φ is the signal phase, and

I and Q represent the in-phase and quadrature sinusoids of the signal, respectively. For convex

and phased array probes, each echo has a corresponding θrf , which relates to the orientation

of the piezoelectric element. From the RF data, B-mode US images can be constructed by

calculating the signal envelope, which then undergoes logarithmic compression and decimation.

A US slice was captured using a phased array US probe (P5-1S15-A6, Telemed, Lithuania), a

digital acquisition board (DAQ) (ArtUS, Telemed, Lithuania) and a phantom made of Agarose
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(2% v/v, Sigma-Aldrich) with a Polyvinil alcohol (PVA) circular inclusion (4% v/v, Sigma-

Aldrich). Fig. B.9 shows the captured US data (left and middle) and the output of the proposed

method (right).

Direct comparison of the intensities between the ground truth linear image from projected RF

data and linearised images generated from convex B-mode is not feasible due to pixel discrep-

ancy in the RF projection. Due to piezoelectric tilting θrf , corresponding convex and projected

linear B-mode images exhibit variations in resolution. These variations lead to pixel-level dis-

crepancies, which arise from differences in scan line spacing, overlap, and angular coverage.

Moreover, since the data were acquired using a phased array, the convex image is generated

through a projection process, in which the inner null region is simulated by prepending a zero

vector. To mitigate the impact of these pixel-level differences, the evaluation of image lineari-

sation is performed at the structural level using the multi-scale structural similarity metric

(MS-SSIM) [WSB03].

MS-SSIM = [lM ]
M∏

g=1

[cg][sg] (B.31)

where, l is the luminance, c is the contrast and s is the structural similarity between the two

images, and g denotes the scale index during downscaling where M = 5 corresponds to the

coarsest level. The result of this experiment was MS-SSIM equal to 0.69, which shows strong

similarity between the ground truth linear and the proposed method’s linear output. This

discrepancy can be attributed towards the fundamental intensity differences on the pixel level

between the convex and linear data. Through qualitative and quantitative analysis with ground

truth, the results show that the proposed methodology is capable of accurately linearising

convex US data.
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B.4 Conclusion

This article proposes a new perspective and solution to alleviating the issue with online US

data non-standardisation via harmonisation of data captured using different machines and data

recording/saving methods. A method has been proposed to extract and represent arbitrary con-

vex US planes, through estimation of its annulus sector parameters. This automatic estimation

method is beneficial primarily because it enables standardisation of US datasets without need-

ing additional manual annotation. Furthermore, through the estimation and processing of 2D

convex planes using annulus sector properties, the scan lines can be extracted, and the US

plane can be augmented, which could be used for neural network dataset supplementation.

The proposed methodology is built on traditional image processing techniques and is designed

to be robust to incomplete and corrupted presentations of US planes. Through evaluation of

the accuracy of extracted key points, it can be concluded that our proposed method is capable

of accurately finding the edges of the US plane and determining the parameters of the annulus

sector. The evaluation is expanded to show that the annulus sector is capable of extracting the

scan lines and projecting into a linear format, free of deformation.
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