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Abstract

High Intensity Focused Ultrasound (HIFU) is a non-invasive, non-ionising therapeutic tech-
nology that uses acoustic energy to ablate tumours at depth in the body. Compared with
traditional surgery, it has the potential to reduce recovery time, minimise side-effects, and
improve patient safety. However, challenges in treatment planning and imaging guidance
have limited its widespread adoption.

This thesis presents an AI-integrated, ultrasound-guided HIFU system to address these
challenges, combining real-time multi-organ segmentation with collaborative robotics (co-
robotics) for patient-specific planning and guidance. These advances are demonstrated in
the context of benign symptomatic thyroid nodules; however, the core methods and results
developed could be broadly applied to a variety of treatment planning and ultrasound
imaging tasks.

Initial work with lung ultrasound phantoms established lightweight Deep Learning (DL)
models for live B-mode segmentation (mDSC = 0.74, 33 FPS), showing promise for fu-
ture diagnostic systems. These methods were then extended to enable a co-robotic 3D
ultrasound system, which achieved state-of-the-art geometric reconstruction accuracy on a
purpose-designed quality assurance phantom (DSC-3D = 0.94± 0.01, HD95 = 1.17± 0.12 mm),
approaching the spatial resolution limits imposed by ultrasound imaging.

In thyroid ultrasound, the co-robotic 3D ultrasound system allowed live multi-organ recon-
struction and thyroid volumetry which closely matched the CT ground-truth (37.7± 1.3 mL
vs. 37.9 ± 1.8 mL). This outperformed the current clinical standard ultrasound technique,
with implications for radioiodine dosimetry and future semi-automated HIFU planning.

Finally, to support clinical translation, a new UK ultrasound dataset was curated, enabled
by a novel data extraction tool which extracted key diagnostic information from free-text
radiology reports (micro-average sensitivity, specificity, and F1-score of 0.97, 0.96, and
0.94).

Overall, this work represents progress towards addressing key barriers to wider HIFU
adoption, including long treatment times, complex manual planning, and inter-operator
dependence. Addressing these will be key to HIFU’s role in improving patient outcomes
in the future.
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Chapter 1

Introduction

1.1 Plain English Summary

High-Intensity Focused Ultrasound (HIFU) is an exciting technology which uses ultrasound
waves to treat cancer and other tumours. Like a magnifying glass, HIFU focuses ultrasound
waves down onto a small point, where the energy becomes strong enough to destroy the
tumour. Because the skin is not cut open, patients usually experience less pain, a lower
risk of infection, and faster recovery than with surgery. HIFU is also free of radiation and
can be performed without general anaesthesia.

One of the main challenges is in planning and guiding the treatment. This research shows
that AI could help the doctor to see the tumour more clearly before and during treatment.
This could make planning for HIFU and other treatments faster, safer, and easier. It could
also create a 3D view of the patient’s organs and blood vessels to help plan treatments. Us-
ing collaborative robots that work alongside the doctor could help to move the ultrasound
more precisely and keep it stable during scanning.

We hope these improvements will help make HIFU available to more patients in the future.
This is only possible thanks to patients who donate their data and take part in research,
which is critical to developing HIFU technologies.

1.2 Thesis structure

This thesis includes published material and material under review for publication in the
areas of treatment planning and imaging guidance, and AI for ultrasound segmentation
and 3D reconstruction. These are critical areas for development to improve diagnostic
ultrasound and the delivery of minimally invasive diagnostic and non-invasive therapies
such as USgHIFU, as discussed in the context of thyroid nodule treatment.

Chapter 1: Introduces the concepts of treatment planning and imaging guidance for
minimally-invasive therapies, such as HIFU, discussing limitations in existing systems that
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have affected clinical uptake. Provides background on minimally invasive therapy op-
tions to treat benign symptomatic thyroid nodules, and discusses how advances in AI and
robotics could enhance ultrasound planning and guidance more generally.

Chapter 2: Establishes the Deep Learning (DL) models and training schemes applied
to real-time ultrasound segmentation in subsequent chapters. This work examines seg-
mentation in the context of lung ultrasound, a dynamic artefact-based technique that
highlights challenges such as inter-annotator variability and the need for high-quality an-
notated datasets, informing the following chapters. The paper introduces a method to help
address the existing skill gap in lung ultrasound and provides a novel metric for assessing
the severity of interstitial lung disease.

Chapter 3: Introduces a tool for clinical data extraction, which was applied to curate
a large dataset of thyroid ultrasound images and associated radiological findings. This
dataset informed subsequent research methods and provides an avenue for future research.
The tool offers a time-saving, freely available option to accelerate structured data col-
lection in research and audit applications, where access to labelled data or computing
infrastructure is limited, or where explainability and reproducibility are priorities.

Chapter 4: Describes a flexible platform for tracked ultrasound 3D reconstruction and
a Quality Assurance (QA) framework to assess geometric fidelity, comparing robotic kine-
matics with optical and electromagnetic tracking. Developing this system was a major
output of the doctoral research and enabled thyroid ultrasound reconstruction in Chap-
ter 5. The work provides an analysis of the system capabilities, including calibration,
synchronisation, tracking accuracy, and 3D reconstruction. A custom-designed phantom
with geometric inclusions was proposed for more objectively assessing 3D reconstruction
accuracy.

Chapter 5: Presents multi-organ segmentation and 3D reconstruction of the thyroid and
major vessels in an anatomical phantom. This is the first co-robotic system for thyroid
volumetry, which is shown to be more accurate than the clinical standard approach. This
provides a feasible approach to pre-treatment planning for HIFU therapy of thyroid nod-
ules, addressing the challenges set out in Chapter 1.

Chapter 6: Discusses the developments in imaging-guidance technologies presented in
previous chapters, including the implications for research, limitations of current work, and
future directions towards clinical translation. In particular, other areas where AI could
improve HIFU planning and guidance are discussed, including exposure placement, thermal
dose estimation, robotic-guided ablation, motion correction, and real-time feedback.

Chapter 7: Concludes the thesis with a discussion of the main contributions and impacts
for USgHIFU and beyond.
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1.3 Contributions

The main contributions arising from the work are summarised as follows:

• Lightweight DL models for real-time ultrasound multiclass segmentation, demon-
strated on lung ultrasound and later on thyroid ultrasound.

• Novel DL training schemes for segmentation, using ultrasound-specific augmentations
to improve generalisability and reduce the reliance on large datasets.

• An open-source radiology data extraction tool which enables clinicians to build struc-
tured datasets more quickly, demonstrated on thyroid ultrasound reports.

• The largest thyroid ultrasound imaging dataset to be made available for research,
with accompanying structured radiological, histological, and pathology information.

• A flexible tracked ultrasound 3D reconstruction system built using open-source tools
and applicable to a variety of freehand and robotic tracked ultrasound applications
in diagnostic and interventional medicine.

• A novel quality assurance pipeline and phantom designed specifically for assessing
3D ultrasound reconstruction, aimed at improving the quality of reporting in future
tracked ultrasound research.

• The first co-robotic ultrasound system for AI-assisted thyroid ultrasound 3D recon-
struction, which improves the accuracy of thyroid volumetry compared with the
clinical standard technique, and could be applied to treatment planning in HIFU.

1.4 Overview

Minimally- and non-invasive therapies offer a promising modern alternative to traditional
open surgery. These procedures rely on accurate pre-operative planning and intra-operative
image guidance to safely target diseased tissue while avoiding surrounding healthy anatomy.
As image-guided interventions become increasingly precise and less invasive, there is a
growing need for imaging systems that can provide accurate spatial information, support
clinical decision-making, and enable reliable treatment delivery.

A number of minimally invasive technologies have been used for thermal ablative therapy,
including Radiofrequency Ablation (RFA), Microwave Ablation (MWA), and HIFU. In all
cases, the safety and efficacy of these therapies depend on accurate localisation of the
treatment target and reliable positioning of the ablation zone. Advances in medical imag-
ing and robotic navigation have improved control over therapy delivery [1], but imaging
guidance remains one of the principal challenges for many image-guided interventions [2].

To date, Magnetic Resonance Imaging (MRI) has achieved the most clinical success in
imaging guidance [3], largely because MRI provides high-contrast, 3D imaging and simpler
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registration, in which the patient and robot are automatically registered to a common coor-
dinate frame (the MRI coordinate frame). MRI also provides more advanced thermometry
for HIFU monitoring, enabling near-real-time quantitative assessment of tissue tempera-
ture, precise control of thermal dose deposition, assessment of off-target heating, and im-
proved understanding of lesion formation and ablation completeness during treatment [1].
However, MR-guided systems present both technical and procedural limitations. Systems
generally have a reduced range of motion for therapy navigation, with fewer Degrees of
Freedom (DoF), and rely on expensive specialised robotics with pneumatic, hydraulic, or
piezoelectric actuators to be MRI compatible [1]. These robots also typically cannot op-
erate simultaneously with imaging, as they would reduce imaging quality [4, 5]. Access to
MRI machines also poses a major barrier in terms of the accessibility and widespread use
of MR-guided systems, especially in low- and middle-income countries [6].

Therefore, ultrasound imaging guidance provides an attractive alternative owing to its
portability, low cost, real-time imaging capability, and widespread clinical availability [7].
However, US-guided interventions present their own challenges. Conventional B-mode
imaging provides limited soft-tissue contrast, contains speckle and imaging artefacts, and
typically represents only a two-dimensional view of inherently three-dimensional anatomy.
As a result, treatment planning and intra-operative guidance often rely heavily on operator
experience. Current ultrasound-guided workflows typically require the clinician to man-
ually identify anatomical structures and contour treatment targets across multiple image
planes before reconstructing the treatment volume [8]. Treatment trajectories are then
generated using relatively simple planning strategies that sequentially position treatment
locations while incorporating cooling intervals between exposures to minimise unwanted
tissue heating [9]. These workflows are time-consuming [10], increase operator workload,
and may result in under-treatment of the target or unnecessary exposure of surrounding
healthy tissue [11]. Similar challenges are encountered across ultrasound-guided interven-
tions, where limited anatomical visualisation and the absence of volumetric information
make accurate planning and guidance difficult.

AI has the potential to address many of these limitations by improving the interpreta-
tion of ultrasound images and supporting treatment planning and guidance. AI has been
widely investigated for automating tasks that require human cognition and decision mak-
ing [12], while DL has achieved particular success in medical image analysis by learning
hierarchical feature representations directly from imaging data [13, 14]. Architectures such
as U-Net [15] and its variants have become the state of the art for biomedical image seg-
mentation, including ultrasound imaging [16]. Integrating automated segmentation with
tracked ultrasound enables volumetric reconstruction of patient anatomy (Figure 1.1), pro-
viding richer anatomical information for treatment planning, facilitating the identification
of critical structures, and supporting patient-specific intervention strategies.

In particular, HIFU is one example of a non-invasive image-guided therapy that illustrates
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these challenges. Over the last decade, several clinical trials have demonstrated its po-
tential for treating benign and malignant tumours in the breast, liver, pancreas, uterus,
bone, kidney, prostate, thyroid, and brain [17]. However, despite this promise, wider clin-
ical adoption has been limited by challenges in treatment planning and image guidance,
particularly when using ultrasound imaging for planning and guidance.

In this thesis, we investigate technologies to improve ultrasound-based treatment planning
and image guidance for minimally invasive interventions, including co-robot-assisted US-
gHIFU for benign thyroid nodules as an example of a clinical application with a need for
innovation. This work addresses key technical challenges, such as real-time ultrasound seg-
mentation, limited data availability, inter-operator variability, and the need for accurate
3D reconstruction for planning. This research primarily focuses on imaging guidance for
thermal-HIFU; however, developments in AI and tracked US are likely to benefit a vari-
ety of diagnostic and interventional applications, including volumetry, surgical navigation,
and treatment planning for other minimally invasive therapies such as radiofrequency and
microwave ablation. Ultimately, the development of ultrasound-guidance technologies will
enhance patients’ quality of life by improving diagnostic accuracy and delivery of mini-
mally invasive therapies, improving treatment options for challenging tumour sites such as
the thyroid, prostate, liver, kidney, and pancreas.

Figure 1.1: Segmented B-mode ultrasound image of the thyroid, showing an isolated isoe-
choic thyroid nodule in the left posterior thyroid. Also annotated are the trachea, anterior
neck muscles, skin, and carotid artery.
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1.5 Background

1.5.1 Ultrasound imaging

Ultrasound imaging, or sonography, is a non-invasive diagnostic technique that uses high-
frequency sound waves to generate real-time images of internal structures. Its core applica-
tions include examination of internal organs, fetal development, the heart and blood vessels
using Doppler imaging, superficial soft tissues, and musculoskeletal structures. Ultrasound
is also widely used to guide biopsies, injections, vascular access, and fluid aspiration [18].

The core advantages of ultrasound include its absence of ionising radiation, relatively low
cost, portability, and ability to provide dynamic imaging at the point of care. These
characteristics make it suitable for repeated examinations and for use in pregnancy, paedi-
atrics, emergency medicine, and resource-limited settings. In addition, Doppler ultrasound
provides information about blood flow, while real-time imaging enables the guidance of
minimally invasive procedures [19].

Despite these benefits, ultrasound has important limitations. Image quality and correct in-
terpretation are strongly dependent on operator expertise, and sound waves are attenuated
or reflected by air and bone, limiting assessment of gas-filled organs and tissues located be-
hind bone [19]. Ultrasound images may also contain artefacts and generally provide lower
spatial and contrast resolution than Computed Tomography (CT) or MRI, especially for
deep structures [1].

1.5.2 Ultrasound therapy

Beyond imaging, ultrasound can also be used in therapeutic applications. In HIFU, ultra-
sound waves are transmitted through the skin and intermediate tissue and focused onto a
precise target location, where the energy is converted into thermal or mechanical bioeffects.
In thermal-HIFU, the predominant mechanism for ablation is coagulation necrosis [20], in
which tissue temperatures of approximately 60-80 ◦C are reached within 1-4 s, causing
localised cell death [10]. More recently, histotripsy has emerged as a mechanical form of
focused ultrasound therapy that uses controlled acoustic cavitation to destroy targeted
cells [21]. In both approaches, the focal region is typically only a few millimetres in size,
requiring multiple precisely positioned exposures to completely treat the target volume.

As the only truly non-invasive ablation technique, HIFU offers several unique patient ben-
efits, including reduced risk of infection, shorter recovery time, less pain, and improved
cosmetic outcomes compared with conventional surgery [22]. The therapy is also non-
ionising and can often be performed without general anaesthesia, making it suitable for
patients at high surgical risk [23] or for treating radio-recurrent tumours [24]. However,
these benefits can only be fully realised when treatment planning and guidance are suffi-
ciently accurate to ensure safe and effective energy delivery [25].
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Unlike surgery, where the tumour is physically removed, thermal ablation techniques de-
stroy the tissue in situ, whereby it can then be absorbed by the body [26]. At the focal point
of thermal-HIFU, the tissue is irreversibly damaged by extreme hyperthermia (increased
temperature), resulting from the conversion of mechanical ultrasound energy to heat by
viscous absorption, where pressure fluctuations cause tissue shearing at the macroscopic
level [27].

These physical effects translate into biological effects in tissue, depending on the type and
duration of exposure. Below 41°C, the damage caused to tissue is mostly reversible regard-
less of duration, where vasodilation and increased blood perfusion protect the cells from
injury [28]. Between 42-60°C, irreversible cellular damage can occur given a great enough
exposure time [29]. Temperatures exceeding 60 °C cause cell death almost instantly from
protein denaturation, membrane rupture, cell shrinkage, pyknosis, hyperchromasia, and
coagulation necrosis [28, 30]. Above 100 °C, undesirable physical effects such as vaporisa-
tion and carbonisation can occur, which limit the propagation of ultrasound and reduce
the efficiency of energy delivery [26, 31]. For these reasons, temperatures of 60-80◦ C are
usually targeted, and HIFU treatment requires careful planning.

Clinically, the most widely used measure of tissue destruction by thermal ablation is the
thermal dose in cumulative equivalent minutes [29]. This measure reduces the temperature-
time history to an equivalent exposure at 43◦ C, CEM43, given by the equation

CEM43(t) =

∫ t=tend

t=t0

R43−T (t)dt (1.1)

where R = 0.5 above 43◦ C and R = 0.25 otherwise [30]. The lethal thermal dose required
for ablation is defined as the thermal dose equivalent of a 240-minute exposure at 43◦

C [29]. This model provides a useful estimate of the time needed for each HIFU exposure,
taking 10 s at 53°C, 1 s at 57°C, and 0.1 s at 60°C [30].

1.5.3 Treatment planning and guidance for HIFU

The development of HIFU systems has been a topic of significant research, with multiple
commercial thermal-HIFU systems available [9, 32], including Sonablate (Focus Surgery,
Inc., Indianapolis, United States (U.S.)), Ablatherm (EDAP, Lyon, France), ExAblate (In-
Sightec Ltd., Tirat Carmel, Israel), and Haifu JC (Chongqing (HAIFU) HIFU Technology
Co. Ltd., China). These have gained clinical approval for treatment sites including the
liver, prostate, pancreas, and brain, as well as uterine fibroids. For liver tumours, the
Edison system (Histosonics, U.S.) has been clinically approved and is currently the only
commercial system using histotripsy [33]. At present, the only commercially approved
device for the treatment of thyroid nodules is the EchoPulse (Theraclion, Paris, France)
system [8, 32], which has proven safe and effective in a limited number of clinical tri-
als [7, 10, 34]. However, several key challenges have limited the widespread clinical uptake
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of these systems, namely long treatment times, operator-dependent efficacy, and difficulty
verifying outcomes.

In HIFU, the focal zone for thermal ablation is small (about the size of a grain of rice),
enabling precise delineation of treated tissue, but at the cost of requiring many HIFU
exposures to treat the entire tumour region [35]. In current USgHIFU systems, includ-
ing Sonablate, the pre-treatment process is tedious and time-consuming as it requires an
experienced physician to manually segment the tumour target, safety margins, and vital
structures in several planes [8]. This must be precise and anatomically accurate to avoid
undertreatment of the tumour or overtreatment of healthy tissue. The computer then
defines the proposed locations for each HIFU exposure, which the operator then checks
(Figure 1.2).

Figure 1.2: USgHIFU interface for the Theraclion EchoPulse system, planning treatment
for a thyroid nodule. The treatment plan (central panel) shows a top view of the HIFU
lesion locations based on manually segmented ultrasound images. A) Anatomical seg-
mentations are manually defined by the clinician in several planes, including the target
nodule (white), carotid artery (yellow), and trachea (orange). Lesion locations from the
treatment plan are overlaid (white ovals), and those which fall outside of the safety mar-
gins are excluded (red ovals). B) Hyperechoic marks can be seen at the focal point after
the first sonication. Figure adapted from Kovatcheva et al., “Benign Solid Thyroid Nod-
ules: US-guided High-Intensity Focused Ultrasound Ablation—Initial Clinical Outcomes”,
Radiology, 2015, reproduced in accordance with the CC BY 4.0 license. [11]

Another challenge of USgHIFU is the high positioning accuracy and stability required to de-
liver the therapy plan, making outcomes of freehand systems highly operator-dependent [36].
Previous work has shown that robotics can increase the stability and positioning accuracy
of USgHIFU systems, account for patient motion, and enable HIFU delivery with sub-mm
precision [37]. Early efforts include work by Chauhan and ter Haar, who developed a sys-
tem called FUSBOT with a reported navigation error of <0.5 mm [38]. More recently, a
variety of robotic HIFU systems have been developed with different robot configurations,
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degrees of freedom, and tracking methods [37, 39–41].

Each exposure can be triggered automatically or by the operator, and constant monitoring
of imaging guidance is needed to ensure safety. Each exposure typically lasts only a few
seconds but is followed by a longer cooling period of 20-40 s to reduce the risk of boiling [10].
In practice, these steps lead to long treatment duration, typically 45-60 min for a 3 cm
nodule [10]. This presents a significant barrier to clinical acceptance [3], since RFA and
MWA offer a simpler clinical workflow and take around 50% less time [42].

Research which addresses these challenges is crucial to the uptake of HIFU therapy in
clinical practice, and software improvements in treatment planning and guidance have the
potential to reduce the overall treatment duration and increase accessibility, enabling the
treatment of larger lesions and enabling HIFU’s clinical acceptance in practice [25].

1.5.4 Clinical application: Thyroid Nodules

Of the clinical targets for HIFU, thyroid nodules provide a challenging, but particularly
relevant application where improvements in image-guidance and treatment planning could
improve outcomes for a large number of patients. Thyroid nodules are very common,
with between 19-68% incidence in the general population [7, 43], but around 85-95% of
nodules are benign (not cancerous) [44]. Nevertheless, approximately 15-30% of benign
nodules increase in volume over time [45], which can lead to enlargement of the thyroid
and neck (known as goitre) [46]. Large nodules or multiple nodules (multinodular goitre)
can cause local compressive symptoms or cosmetic problems [7, 47], requiring treatment
to reduce their volume[25]. Since no pharmacological treatments have been proven to
reduce the size of thyroid nodules, surgery is the primary treatment [44, 47], with common
complications including bleeding, infection, damage to the recurrent laryngeal nerve, and
hypoparathyroidism [48]. Furthermore, surgery is undesirable for the patient as it leaves
a visible scar on the neck and a total thyroidectomy necessitates lifetime treatment with
levothyroxine to treat hypothyroidism [8].

Since most thyroid nodules are benign (and not usually life-threatening), surgery is gener-
ally only justifiable as a last option for patients with symptomatic benign nodules. Hence,
there has been significant interest in the development of organ-sparing technologies which
reduce surgical risks while still providing the necessary symptomatic and cosmetic relief
to patients [34]. Several minimally invasive interventional radiology techniques have been
applied to volume reduction in benign thyroid nodules, including Percutaneous Ethanol
Injection Therapy (PEIT), Laser Ablation Therapy (LAT), RFA, MWA, and HIFU [44].
Of these techniques, HIFU is the only non-invasive ablation method, with all other tech-
nologies requiring the clinician to precisely insert one or more needle-like devices into the
treatment site. For extracorporeal USgHIFU, focused ultrasound energy is delivered from
outside the body using a bowl-shaped therapy transducer, with co-axially aligned ultra-
sound imaging (Fig. 1.3). This transducer assembly is positioned using a robot arm and
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creates sound waves which pass harmlessly through the skin and intermediate tissue before
converging onto a focal point in the nodule to treat.

Figure 1.3: Schematic of robotic ultrasound-guided high intensity focused ultrasound (US-
gHIFU) for treatment of thyroid nodules.

1.5.5 State of Clinical Practice

HIFU for treating symptomatic benign thyroid nodules is usually performed on an out-
patient basis, with discharge 1–2 hours after treatment [8]. Generally, to be eligible for
ablation, malignancy must be ruled out using Fine Needle Aspiration (FNA), and the nod-
ule must be solid or primarily solid since fluid-filled (cystic) nodules reflect ultrasound.
During therapy, the patient lies in a supine position with moderate neck extension and is
typically given painkillers and procedural sedation [34, 49]. Focused ultrasound is delivered
with simultaneous imaging of the treatment area. In clinical studies, the primary outcome
measures for efficacy are usually the nodule volume reduction percentage and improvement
in nodule-related symptoms, while safety is measured by the visual analogue scale for pain,
and the incidence of other side effects is recorded [25].

Existing evidence on the efficacy of HIFU for treating benign thyroid nodules is mixed in
quality and sample size, but HIFU has shown good efficacy in many patients. In a system-
atic review and meta-analysis, the thyroid nodule volume reduction after a single HIFU
therapy session ranged from 45% to 68%, depending on nodule size and length of follow-
up [10, 50]. In a case series study of 108 patients in Hong Kong, the mean (± 1 standard
deviation) volume reduction ratio was 51.32% ± 20.71% at 3 months, 68.66% ± 18.48%
at 12 months and 70.41% ± 17.39% at 24 months [51]. Sequential ablation of multiple

10



Chapter 1. Introduction

nodules in multinodular goitre has also been considered, with a comparative study of 123
patients reporting efficacy comparable to that of single-nodule ablation [52]. Compared
with surgery, HIFU has shown comparable efficacy in some studies, while others have re-
ported higher efficacy for surgery; however, further studies are needed, given the diverse
results [53]. HIFU has also been compared with radiofrequency and microwave ablation,
finding significant volume reduction (44–50% after 3 months) with all three methods, but
no statistically significant difference in efficacy [54].

Despite mixed efficacy results, HIFU therapy is widely considered very safe [25, 50]. Mild
to moderate pain is the most frequently reported complication [55], for example, in a study
of 146 patients, mean pain scores (visual analogue scale) were measured as 3.5 ± 4.0 during
HIFU therapy, reducing to 1.0 ± 1.0 immediately after [56]. Other risks reported across
clinical studies included minor skin redness, transient laryngeal nerve palsy, subcutaneous
oedema, and, in rare cases, nausea, vomiting and Horner syndrome, where disruption in
the sympathetic nerve supply can cause partial ptosis (drooping of the eyelid), miosis
(contracted pupil) and facial anhidrosis (absence of sweating) [3, 34]. All these side-effects
are non-serious and temporary, with full recovery over the hours and days following the
therapy. [7].

HIFU also has a short recovery time, with many patients able to return home within
a few hours of treatment [49]. In a study of 146 patients, comparing HIFU (43 patients)
with hemithyroidectomy surgery (103 patients), the HIFU group had a significantly shorter
hospital duration (0.3 vs. 1.0 day, p < 0.001), lower incidence of subclinical hypothyroidism
(2.3% vs, 20.4%, p = 0.008), higher symptom improvement score (67% vs. 39%, p =
0.009), lower risk of voice quality problems (p < 0.05) and lower cost (USD 1923.1 vs.
USD 5384.6) [56].

Despite promising results from early clinical trials, the most recent review by the United
Kingdom (UK) National Institute for Health and Care Excellence (NICE) found that ‘the
evidence on the safety of high-intensity focused ultrasound for symptomatic benign thyroid
nodules raises no major safety concerns; however, the current evidence on its efficacy
is limited in quantity and quality’ [25], recommending further research be conducted in
thermal ablative technologies. At present, there have been no Randomised Control Trial
(RCT)s, and limitations of existing studies include overlapping patient cohorts, limited
follow-up duration, and small sample sizes. The same HIFU device (Echopulse, Theraclion)
was also used in all studies, suggesting a need for new, innovative systems which address
treatment challenges.

1.5.6 AI for ultrasound guidance

DL, a subset of AI and Machine Learning (ML), is a promising alternative to manual ultra-
sound segmentation for ultrasound planning and guidance [57]. DL models use hierarchical
combinations of learnable feature extractors to automatically build high-level representa-
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tions of data [14]. The most widely applied DL techniques for vision problems are based
on convolutional neural networks (CNNs) [16], such as the U-Net architecture [15], which
is often used for segmenting biomedical images. Recently, variants of the original U-Net,
such as those that incorporate attention gates or vision transformers, have been shown to
achieve strong results in semantic image segmentation tasks [58, 59].

Several recent studies have investigated the application of deep learning to segmentation
of the thyroid gland [60–65] and thyroid nodules on ultrasound [61, 62, 64–67]. However,
most work has focused on the diagnostic applications of such models, such as classification
of benign and malignant nodules [67, 68]. None have attempted multi-object classifica-
tion beyond these classes, and the real-time performance of these models is also rarely
considered. To fully model HIFU propagation and heating in tissue, segmentation of the
intermediate skin, muscle, and soft tissue layers is required. To define safety margins,
delineation of vital structures such as the carotid artery, trachea, and tracheoesophageal
groove (containing the recurrent laryngeal nerve) is also useful [8]. Ultrasound tissue
mapping has been previously attempted. For example, in 2019, Cunningham et al. showed
segmentation of 10 muscles, the ligamentum nuchae (ligament), vertebra, and skin in ul-
trasound images of the posterior cervical neck [69]. In 2022, Huang et al. [70] used CNNs
with fuzzy logic blocks for breast ultrasound segmentation of fat, mammary tissue, muscle,
and tumour. However, to date, this has not been attempted in thyroid images. This is
likely due to a lack of annotated training data and other challenges, such as uncertainty
in the ground-truth segmentation, which make such granular segmentation difficult.

1.5.7 3D ultrasound for treatment planning

Unlike MR-guided interventions, which provide 3D imaging, conventional US-guided in-
terventions have relied on 2D imaging for planning and guidance. This limits options for
volumetric analysis and makes US-guided applications dependent on the operator’s skill,
scanning technique, and geometric reasoning [71, 72]. One approach is fusion imaging
with pre-operative CT or MRI [73]; however, this adds procedural complexity and poses
challenges for image registration, including accounting for deformation and motion.

3D US could address this challenge [74], allowing cross-sectional imaging to be acquired
immediately prior to therapy. This could be collected either using a specialised matrix-
array transducer or using a 2D-tracked transducer with volumetric reconstruction.

While advances in matrix-array transducers have improved their feasibility and expanded
their applications in obstetrics, gynaecology, and cardiovascular medicine, they have not
yet seen widespread uptake in clinical practice due to system complexity, data throughput
demands, and limitations in real-time rendering and analysis [75]. Compared with conven-
tional linear or curvilinear 2D probes, they are also substantially higher in cost and often
require compromise on either spatial resolution, Field of View (FOV), or frame rate and
are widely incompatible with standard clinical systems [74].
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On the other hand, tracked 3D US can leverage established, widely available high-frequency
2D transducers. The transducer is swept across the anatomy, and pose tracking is combined
with the imaging stream to reconstruct a volumetric image [76]. This approach enables
high-resolution, real-time 3D imaging over a large area without the need for specialist
US systems [77, 78]. 3D US based on tracked imaging can also be readily integrated
into treatment planning workflows using the same transducers and imaging systems as
those used for real-time guidance, thereby avoiding registration challenges and simplifying
the workflow. This approach combines conventional Two-dimensional (2D) ultrasound
imaging with position and orientation tracking data to reconstruct 3D anatomy over large
areas [74, 77], which is important in many planning and guidance settings.

To acquire the tracking data, optical and Electromagnetic (EM) tracking have been used
in previous freehand diagnostic applications [77]. For example, Chung et al. demonstrated
freehand optical-tracked US for carotid artery 3D imaging [79] and Krönke et al. applied
EM-tracked US to thyroid volumetry [78]. However, optical tracking requires a constant
line of sight between cameras and markers on the transducer, and EM tracking is sensitive
to Electromagnetic Interference (EMI), which can affect accuracy in clinical settings [80].

More recently, Robotic ultrasound (RUS) has been applied to improve scanning stability,
trajectory control, and pose estimation [81, 82]. This robotic approach could be readily
applied in USgHIFU without additional cost, since most approaches already use a robotic
arm to deliver therapy. In 2020, Daunizau et al. proposed a robotic platform for treatment
planning in interstitial HIFU for hepatic tumour phantoms, which used manual segmen-
tation of the tumour-mimic volume and rotational scanning with a catheter prototype
transducer [41]. This approach showed promise, but the fixed scanning regime is unsuit-
able for thyroid scans, and manual segmentation would prolong treatment duration. In
2025, Lin et al. demonstrated a RUS for thyroid volumetry, with force-based control and
deep-learning guidance [83]. This showed the feasibility of the technique, with accurate
volumetry (34.3 ± 0.3 mL vs. 34.5 mL on CT) and good force reproducibility (2.1 ±
0.5 N) [83], but did not evaluate the effect of scanning speed on 3D reconstruction or
include 3D renderings of the reconstructed anatomy.

To date, most of the research into 3D reconstruction of head and neck ultrasound has in-
vestigated reconstruction of either the carotid artery [79, 84, 84–90], or thyroid gland [68,
83, 91–95], but no study has yet demonstrated a unified method for diagnostics and treat-
ment planning in the neck. Further, most RUS thyroid studies focus on robotic control
strategies for automation; however, automated RUS raises safety, regulatory, and ethical
challenges [96], and a large skill gap remains between human experts and autonomous
RUS [97].

Cooperative robotic (co-robot) tracking and manual guidance may offer an attractive alter-
native for use with extracorporeal ultrasound. In this mode, the sonographer manipulates
the probe by hand with support from the robot arm while maintaining full manipulability

13



Chapter 1. Introduction

and control of the transducer [98]. This offers a middle ground between freehand and
automated RUS, allowing the operator to control the scanning while still benefiting from
robotic stability, speed regulation, and kinematic tracking [99–101]. To our knowledge,
co-robotic ultrasound 3D reconstruction has not been attempted in thyroid ultrasound.

1.5.8 Metrics for geometric similarity

To assess the accuracy of treatment planning and guidance models, the Dice Similarity
Coefficient (DSC) and Hausdorff Distance (HD) can be used to quantify geometric simi-
larity between shapes and volumes. These are key metrics that can be used to evaluate
segmentation, 3D reconstruction, and treatment-planning accuracy.

The DSC quantifies the overlap between a predicted shape (X) and a reference shape (Y ),
where DSC is given by twice the intersecting area divided by the sum of the individual
areas/volumes. It can also be formulated in terms of the True Positive (TP), False Negative
(FN), and False Positive (FP) regions:

DSC =
2 |X ∩ Y |
|X|+ |Y |

=
2TP

FN + 2TP + FP
(1.2)

The DSC may be applied in segmentation as a measure of the overlap between manually
segmented (ground truth) regions and automatically segmented regions [57]. It can be
applied in 2D to determine the pixel-wise agreement between a ground-truth annotation
and a predicted segmentation, or in 3D to determine the voxel-wise agreement between
two volumes, such as a reconstructed thyroid from ultrasound and the same thyroid on
CT. It has also been used to quantify treatment success for planned versus delivered HIFU
therapy [41]. The DSC is useful for evaluating treatment planning steps in HIFU since it
penalises both regions which may be under-treated (false negatives) and over-treated (false
positives) [102]. A pictorial representation of this is shown in Fig. 1.4a.

The DSC is easy to interpret (0 = no overlap, 1 = perfect overlap) and is the most
widely applied metric for set similarity in medical research. However, it should be noted
that the DSC is insensitive to boundary errors, has a strong dependence on object size,
and is insensitive to distinguishing between translation errors and boundary errors, and
between false positive and false negative predictions. Most importantly, two segmentations
can have a high Dice score while still showing noticeable differences in their boundaries.
This is particularly relevant in therapeutic applications, where the accuracy of treatment
margins is critical, especially near sensitive structures.

Therefore, other metrics should also be considered, such as the HD, which gives the bound-
ary accuracy as the difference between the surfaces of a predicted shape (Xs) and a reference
shape (Ys). The HD is useful in HIFU because treatment accuracy depends on the precise
targeting of tissue boundaries. In some cases where the DSC shows high overlap, the HD
highlights small but clinically relevant boundary errors that may indicate overtreatment
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near critical structures. For each surface point (x ∈ Xs) and (y ∈ Ys), the set of shortest
distances to the corresponding shape are calculated (dXs→Ys and dYs→Xs):

dXs→Ys =

{
min
y∈Ys

‖x− y‖ : x ∈ Xs

}
(1.3)

dYs→Xs =

{
min
x∈Xs

‖y − x‖ : y ∈ Ys
}

(1.4)

These are used to find the (bidirectional) maximum Hausdorff Distance (HDmax), defined
by the maximum of both sets of shortest distances, and the the 95th-percentile HD (HD95),
which is less sensitive to outliers. This is shown in Fig. 1.4b.

HD(Xs, Ys) = max (max(dXs→Ys), max(dYs→Xs)) (1.5)

HD95(X,Y ) = max (P95(dX→Y ), P95(dY→X)) (1.6)

The HD provides a clinically intuitive and direct indication of the geometric similarity
between objects, where 0 mm indicates a perfect prediction. However, the HD is sensitive
to noise and depends on image resolution; therefore, HD is best interpreted alongside
other similarity metrics, such as the DSC, volume difference, precision, and recall, where
a combination of metrics provides the most comprehensive assessment of uncertainty.

Figure 1.4: a) Dice Similarity Coefficient (DSC) gives the similarity between two shapes
b) The Hausdorff Distance (HD) gives the surface distance between two shapes.
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AI for real-time ultrasound
segmentation

Medical image segmentation has been widely explored as a result of the AI revolution;
however, ultrasound presents unique challenges compared to other imaging modalities.
It is a real-time imaging modality, meaning models must be both fast and accurate for
imaging-guidance and live diagnostic applications, and speckle noise and poor boundary
contrast make multi-organ segmentation challenging.

This is particularly evident in lung ultrasound (LUS), which remains challenging for new
clinicians due to its reliance on interpreting artefacts. During the COVID-19 pandemic,
LUS gained significant interest, and this paper investigated deep learning for multi-object
segmentation in LUS, aiding interpretation through a live imaging overlay. This was a
timely example of a challenging ultrasound use case with a clinical dataset available, en-
abling development of models that would later be applied to thyroid ultrasound.

This paper investigated deep learning architectures and training regimes for real-time seg-
mentation, defining a lightweight U-Net model and a novel ultrasound-specific augmen-
tation pipeline to improve robustness across imaging settings and reduce the annotation
burden. The model was implemented with a point-of-care ultrasound system, further de-
veloped in Chapter 4 and applied to thyroid ultrasound in Chapter 5.

Importantly, the paper highlighted the need for large, high-quality datasets in ultrasound
research. The available clinical dataset was small and homogeneous, comprising only im-
ages from patients with advanced COVID-19 pneumonia (with lung consolidation), thereby
limiting model performance. This was indicative of UK practice during the pandemic, when
lung ultrasound was largely reserved for severely ill patients, and scans were not routinely
uploaded to Patient Archive and Communication System (PACS). The study also empha-
sised the subjectivity of ultrasound annotation and the need for inter-annotator agreement
studies to define realistic performance benchmarks.
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Abstract

Lung Ultrasound (LUS) has emerged as a safe and cost-effective modality for assessing
lung health, particularly during the COVID-19 pandemic. However, interpreting LUS
images remains challenging due to its reliance on artefacts, leading to operator variability
and limiting its practical uptake. To address this, we propose a deep learning pipeline
for multi-class segmentation of objects (ribs, pleural line) and artefacts (A-lines, B-lines,
B-line confluence) in ultrasound images of a lung training phantom. Lightweight models
achieved a mean Dice Similarity Coefficient (DSC) of 0.74, requiring fewer than 500 training
images. Applying this method in real-time, at up to 33.4 frames per second in inference,
allows enhanced visualisation of these features in LUS images. This could be useful in
providing LUS training and helping to address the skill gap. Moreover, the segmentation
masks obtained from this model enable the development of explainable measures of disease
severity, which have the potential to assist in the triage and management of patients.
We suggest one such semi-quantitative measure called the B-line Artefact Score, which
is related to the percentage of an intercostal space occupied by B-lines and in turn may
be associated with the severity of a number of lung conditions. Moreover, we show how
transfer learning could be used to train models for small datasets of clinical LUS images,
identifying pathologies such as simple pleural effusions and lung consolidation with DSC
values of 0.48 and 0.32 respectively. Finally, we demonstrate how such Deep Learning
(DL) models could be translated into clinical practice, implementing the phantom model
alongside a portable point-of-care ultrasound system, facilitating bedside assessment and
improving the accessibility of LUS.
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2.1 Introduction

Artificial Intelligence (AI) has significant potential in the healthcare industry, where data
could be used to reduce costs, whilst improving patient care [1]. Early uses of AI in
healthcare were aimed at supporting clinical decisions [2], before rapidly expanding into
a wide range of applications, such as management and interpretation of patient data,
predictive medicine, and allocation of health service provision [3]. DL, a subset of AI and
Machine Learning (ML), uses hierarchical combinations of learnable feature extractors to
automatically build high-level representations of data [4]. The most common DL techniques
for vision problems are based on Convolutional Neural Networks (CNNs), such as the U-Net
architecture [5], which are often used for segmenting biomedical images. Recently, variants
of the original U-Net, such as those which incorporate attention gates or vision transformers
have been demonstrated to achieve positive results in semantic image segmentation tasks,
where each pixel in an image is assigned a class [6–8]. Additionally, transfer learning
may help DL models to achieve better performance when there are limited images in a
dataset [9, 10], leveraging the knowledge gained by a model trained on one dataset to
inform the training of a model on a related dataset [11]. In the medical imaging domain,
semantic segmentation networks have mainly been used with radiography datasets from
Magnetic Resonance Imaging (MRI) or X-ray Computed Tomography (CT) scanners, with
significantly fewer from ultrasound [12]. The primary function of these networks is to
efficiently segment features to aid in diagnosis, prognosis, or assist with image-guided
therapies and/or interventions.

LUS is a technique that can be used to investigate the health of a patient’s lungs in a
range of clinical settings [13–15]. LUS is straightforward to perform but requires experi-
enced ultrasound practitioners due to a steep learning curve for correct image interpre-
tation [16–18]. This is because, unlike most soft tissue imaging with ultrasound, it relies
on the observation and interpretation of ultrasound artefacts [19] (Figure 2.1). A healthy
lung would predominantly be air-filled and due to the high acoustic impedance mismatch
between tissue and air, it results in near complete back reflection of the ultrasound waves.
These reflected waves can reverberate between the ultrasound transducer and the pleural
line, which produces B-mode images with characteristic hyperechoic horizontal lines at
regular intervals. These horizontal artefacts appear parallel to the pleural line and are
commonly referred to as ‘A-lines’ [20] (Figure 2.1a). As the pathological state of the lung
deteriorates, there is a decrease in the presence of air, replaced by fluid or other biological
material. It is thought that as the air spaces in the lung are replaced with less atten-
uating medium the ultrasound field penetrates deeper into the lung, causing the greater
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appearance of vertical artefacts including ‘B-lines’ and ‘white lung’ artefacts [21]. B-lines
are highly heterogeneous in their appearance, however, these vertical artefacts generally
appear as discrete, vertical, hyperechoic, artefacts, which originate at the pleural line [20].
Recent work suggests that B-lines may result from the internal reflection of ultrasound
by semi-aerated alveoli, acting as acoustic traps [22](Figure 2.1b). In severe pathology
cases, discrete B-lines can merge together and become confluent (‘confluent B-lines’), even
covering the entire intercostal space as a ‘white lung’ artefact (Figure 2.1c), which may be
accompanied by a consolidation, where fluid build-up allows for direct imaging of the lung
parenchyma [23]. Other indications include pleural effusions, where fluid built up in the
pleural space can be directly imaged with ultrasound. Simple pleural effusions commonly
present as a homogeneous anechoic region of fluid, while complex pleural effusions appear
heterogeneous, representing a region of turbid fluid which may contain particles, debris, or
clotted blood [24].

Figure 2.1: A representation of LUS artefacts and corresponding example B-mode images
of these artefacts acquired using a lung phantom model. (a) Ultrasound waves are reflected
at the pleura, creating horizontal reverberation artefacts (’A-lines‘) in a healthy lung. (b)
As the amount of fluid increases, vertical artefacts (’B-lines‘) become more prevalent. (c)
In more serious cases, B-lines can merge together and become confluent.

To date, a number of studies have investigated the application of DL to LUS, including im-
age classification, artefact detection, and segmentation [10, 25, 26]. Among these, several
have investigated the frame-wise classification of B-lines. In 2020, a study classified the
presence, or absence of B-lines with 93 % sensitivity and 96 % specificity, additionally mea-
suring B-line severity (multi-class image classification on a scale of 0-4) [27]. While this ap-
proach showed promise, it lacks transparency in terms of explaining the model’s prediction
process, thereby limiting its trustworthiness for computer-assisted diagnosis [28]. Other
studies have attempted to count and localise B-lines [29, 30]. In 2020, van Slaun and Demi
used DL for automatic detection and localisation of B-lines images from phantoms and
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patients, with the potential for real-time implementation at an inference framerate of 276
Frames per Second (FPS) [30]. In this method, localisation was obtained using Gradient-
weighted Class Activation Maps (grad-CAM), which lack fine-grained detail compared to
segmentation and have been shown to perform poorly in cases with multiple occurrences
of the same class [31]. This may be important in the common case of multiple B-lines
in a single image. Furthermore, since the appearance of B-lines is highly dependent on
ultrasound imaging parameters [32, 33], and B-lines can merge together, B-line counting
is unreliable in practice [34].

In 2018, Kulhare et al. trained a single-shot object detector for localisation of vertical
artefacts (B-lines and confluent B-lines), horizontal artefacts (A-lines), pleural line, pleural
effusion, and lung consolidations in B-mode images [35]. While this method achieved
>85% sensitivity and specificity in all classes except B-lines, object detection provides
only bounding boxes for features, limiting its usefulness for improving visualisation and
feature quantification. Conversely, segmentation allows precise delineation of features and
may be more useful in severity assessment. In 2020, Roy et at. segmented healthy lung
features and markers of disease in LUS, using this to produce an early method of severity
assessment [36]. Others have segmented specific artefacts and anatomy, such as Xue et al.
who segmented the pleural line, A-line, B-line, and lung consolidation with a mean DSC of
0.44 [37] and Gare et al. who segmented A-line, B-line and pleural line using a pre-trained
U-Net model to achieve a mean intersection over union of 0.63, excluding the background
class [38].

To date, much of the literature in DL for LUS has focused on classification and sec-
ondary localisation of individual features, with few attempting the more challenging and
information-rich task of multi-class anatomical and artefact semantic segmentation. Of the
studies using segmentation, even fewer consider real-time performance, which is important
since LUS is a highly dynamic and investigative imaging technique. Many of the existing
DL approaches also rely heavily on large labelled datasets, which can be difficult to obtain
in practice [25, 39]. In this work, we train DL models for the semantic segmentation of
artefacts (A-lines, B-lines, confluent B-lines) and anatomy (ribs, pleural line) in phantom
images, using fewer than 500 images in training. We optimise these models for segmen-
tation performance and inference time, demonstrating the real-time performance of our
models in live imaging with a Point-of-Care Ultrasound (PoCUS) system. To supplement
this, we investigate the feasibility of transfer learning to train a clinical model with less
than 60 images, improving model convergence. We discuss how such models enhance visu-
alisation, enable automatic quantification of features, and may help address the skill gap in
LUS interpretation by improving education and minimising operator variability in image
interpretation [20, 40–42].
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2.2 Methods

2.2.1 Image Datasets

A commercial lung ultrasound model training phantom (CAE Healthcare Inc., Blue Phan-
tom COVID-19 Lung Ultrasound Simulator) was used as a controlled platform to investi-
gate LUS segmentation. This anthropomorphic half-chest model was designed to provide a
realistic platform to assess features from healthy to severely damaged lungs and has been
suggested as a useful training tool for learning the pathological signs and progression of
COVID-19 [43]. Anatomical landmarks of the phantom include the chest wall, ribs, lungs
and pleural lining. Under ultrasound examination, it can demonstrate A-lines, B-lines,
and B-line confluence in different regions as well as replicating lung sliding with an electric
pump.

B-mode ultrasound videos of the lung phantom were acquired using clinical ultrasound
systems (GE Healthcare, Logiq S8 & E10) using both a convex curved-array transducer
(GE Healthcare, C1-6), and a linear transducer (GE Healthcare, 9L) with a focal depth
of 2.5-3 cm (focussed on the pleural line), imaging depth of 10-15 cm, and a Mechanical
Index (MI) in the range of 1.2-1.3. A total of 297 two-second video clips were recorded
by a senior sonographer, performing sagittal scans through the anterior and lateral lungs,
similar to a standard clinical examination [24]. To avoid systematic biases and maximise
image diversity, approximately 560 images were randomly sampled from the videos for
annotation.

The VGG Image Annotator (VIA) tool [44] was used to label all images, with polygon
annotation of objects and artefacts in the image. To make these labels compatible with se-
mantic segmentation, polygons were converted to segmentation masks using contour filling
(OpenCV). For the phantom dataset images were annotated for 5 classes of object/artefact:
Rib, Pleural line, A-line, B-line, and B-line confluence. Five individuals with varying lev-
els of ultrasound experience (ranging from none to > 15 years of active research in the
field) independently labelled 100 images each. Additionally, a senior sonographer labelled
a further 64 images, with a peer review of the labels to ensure consistency between groups.
This dataset is accessible online.

Additionally, a retrospective clinical dataset of anonymised ultrasound images was re-
quested from Leeds Teaching Hospitals Trust. These images were recorded between March
2020 and March 2021 in hospitals across the Leeds Teaching Hospital Trust (LTHT) and
included patients diagnosed with COVID-19 pneumonia. A variety of point-of-care ultra-
sound systems and transducers were used to collect the images.

A total of 57 images were selected for annotation from 41 patients across 8 different hos-
pitals. As the images were fully anonymised, it was impossible to split data at the patient
level, so data was split randomly to minimise bias. Since these images were taken from
patients with severe COVID-19 pneumonia, most contained examples of lung consolidation
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and/or simple pleural effusion, with no A-lines or individual B-lines present. Additionally,
only two images contained clear examples of confluent B-lines which is too few for model
training. Therefore, the classes identified for transfer learning were Ribs, Pleural line, Lung
consolidation, Simple pleural effusion, and Complex pleural effusion. These images were
labelled by two experienced sonographers and cross-verified for accuracy. This anonymised
clinical dataset will be made available on reasonable request.

2.2.2 Models and Training

2.2.2.1 Model architecture and augmentations

A lightweight version of the U-Net architecture [5] was developed for image segmentation to
provide a balance between model speed and accuracy. This was also compared with other
variants of the U-Net including Residual U-Net, Attention U-Net, U-Net++, Inception
U-Net, SE U-Net, and Dense U-Net [12]. These models all rely on an encoder-decoder
structure for segmentation, using skip connections to improve information flow and better
preserve both local detail and global context, improving prediction accuracy [5]. In the
encoder, the input image is progressively downsampled, with intermediate convolutional
blocks which capture information in the image as an increasing number of feature maps.
The decoder then upsamples the feature maps back to the original image size over several
steps, collating the information as it passes through more convolutional blocks before
mapping it to a segmentation mask in the output layer, where each pixel in the mask is
assigned a class.

The lightweight implementation of the U-Net model used in this study, keeps the core
structure of the base U-Net, with two convolutional blocks in each of the four layers of
the encoder and decoder, with 32, 64, 128, and 256 filters respectively. Alongside 3x3
convolutions, batch normalisation [45] and dropout layers (20%) [46] were added into the
convolutional blocks to reduce overfitting and improve generalisability, especially when the
dataset size is limited. Additionally, Leaky Rectified Linear Unit (Leaky ReLU) activation
functions were employed to introduce non-linearity into the data transforms, and enhance
training stability by addressing the issue of vanishing gradients [47]. Finally, bi-linear
upsampling (un-pooling) was used instead of deconvolution in the decoder to help minimise
computational complexity and reduce the number of learnable parameters.

To improve the model’s ability to generalise to unseen data, an ultrasound-specific augmen-
tation pipeline was used during the training phase (Figure 2.2). This included geometric
transformations (horizontal axis flip, random rotation) and ultrasound-specific augmen-
tations (gain, time gain compensation, and depth). Geometric transformations increased
data diversity, while ultrasound-specific image augmentations were designed to improve
model robustness to changes in common imaging settings. To replicate the effect of chang-
ing gain, an augmentation was created to adjust the image brightness and contrast by a
factor in the interval of +25 to -25 %. For the depth control, an augmentation was applied
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to randomly crop, centre, and pad images such that the scale and extent were modified
similarly to depth adjustment. Finally, for Time Gain Compensation (TGC) the bright-
ness along the vertical axis was altered using shifted Gaussian functions at eight depths,
the amplitude of which was sampled from a normal distribution.

Figure 2.2: Examples of lung ultrasound B-mode images from a model phantom (top row)
and the same images with applied augmentations (bottom row) including horizontal flip,
random rotation, gain, time gain compensation (TGC), and depth augmentations.

Pre-processing was kept to a minimum to reduce the computation time during model
inference. Images and masks were cropped to the approximate scan area (i.e. removing
scan descriptors), resized to 256x256x1 and then normalised to the range 0-1.

2.2.2.2 Training and Evaluation

Prior to training with the LUS phantom data, an independent 20% testing dataset was
split from the training data to allow a fair assessment of model performance. This split
was conducted at the lowest level (video level), reducing the likelihood of similar images
appearing in both datasets, hence minimising the risk of information leakage. Additionally,
a 20% validation set was used to monitor performance during model training and regulate
the learning process. All reported scores are given as the average test set score ± the
standard deviation for 5 splits.

A dynamic approach to training was used, utilising the Adam optimiser [48] with an
initial learning rate of 1e-4, which decreased upon a plateau of the validation loss, with
early stopping to prevent overfitting. A Combo loss function which combined the Dice
loss and cross-entropy loss was used, weighted 2:1 in favour of the Dice term [49]. This
helps to address the class imbalance (most pixels belong to the background class) whilst
maintaining training stability. Augmentations were applied ‘on the fly’, meaning that each
training image had random augmentations applied each epoch, maximising data diversity.
All training was conducted on a single Graphics Processing Unit (GPU) (NVIDIA RTX
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3080 laptop), using CUDA 11.4, cuDNN 8.4.1 and models implemented in TensorFlow
2.9.1 for Python 3.9. Software implementation for network training and validation is made
freely available online.

Models were evaluated using an independent test dataset not seen by the network during
training. The per class and average DSC were used to quantify the similarity between the
predicted masks (X) and manually labelled masks (Y ). The DSC is given by the equation:

DSC =
2 |X ∩ Y |
|X|+ |Y |

(2.1)

where ∩ represents the intersection operator.

To demonstrate the real-time application of our model, the trained network was used to
segment a live image feed from a cart-based point-of-care ultrasound system (GE Health-
care, Venue Fit R3). The LUS phantom was imaged using a convex curved-array trans-
ducer (GE Healthcare, C1-5-RS) and frames were streamed to the host computer via an
High-Definition Multimedia Interface (HDMI) to Universal Serial Bus (USB) 3.0 capture
interface (Magewell, MAG-32060). These frames were pre-processed, segmented by the U-
Net model, and the segmentation masks overlaid onto the B-mode image to be displayed
on a screen using OpenCV for Python (Figure 2.3).

Figure 2.3: Workflow diagram showing real-time lung ultrasound segmentation with U-Net.
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2.2.2.3 Transfer learning

We explored the feasibility of transfer learning to train U-Nets for segmentation with
clinical LUS. By choosing to refine the pre-trained LUS phantom model instead of training
a new model from scratch, we leveraged the generic LUS features learned by the network
to help the model learn to recognise new features in clinical LUS images. We trained this
clinical model to segment five classes, including ribs and pleural line (common to both the
phantom and clinical datasets), lung consolidation, simple pleural effusion, and complex
pleural effusion (unique to the clinical dataset).

To this effect, we froze the encoder and bottleneck of the pre-trained phantom model and
then fine-tuned the weights in the decoder and output layers. This approach ensured that
the representations contained in the encoder and bottleneck were not destroyed during
training, allowing the features learned to be used to make predictions on the new dataset.
The training pipeline was similar to that of the phantom mode but with a 10% test dataset
and no validation set due to the limited dataset size and a smaller learning rate of 5e-5 to
mitigate overfitting risks.

2.3 Results

Training on a single GPU took approximately 12 minutes with 450 images. As expected,
we observed a decrease in the training and validation losses as the model learns, converging
on a point of stability with a negligible generalisation gap between training and validation
loss (Figure 2.4a). Model performance improved with an increase in the number of training
images until around 300 images, after which we saw no significant improvement (Figure
2.4b). Additionally, we found models trained with ultrasound-specific augmentations con-
sistently outperformed those without, with a DSC increase of 0.04 ± 0.01. The accuracy
and DSC for the model trained on the full dataset (450 images) can be seen in Table 2.1.
A comparison with state-of-the-art U-Net variants was also conducted, but we found no
benefit to accuracy (Figure A.1) or speed (Figure A.2) when using these more complex
architectures with our dataset.

Qualitative examples of U-Net segmentations are presented in Figure 2.5a-l. The ribs and
the pleural line were generally segmented accurately, even in cases where the pleural lining
was thickened and irregular (a-l). B-lines were detected in the majority of instances (c-h,
k); however, the extent to which they extended axially in the predictions was occasionally
less than that of the manually-labelled images due to lower signals at greater depths (d,
k). Most A-lines, including partially obscured ones, were detected by the model (a-f, h, l),
although A-lines further from the pleural line had a lower likelihood of being segmented (d).
B-line confluence was segmented accurately in most images (i, j), although, in some cases,
confusion between individual B-lines and B-line confluence led to the misclassification of
certain regions (l).
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Figure 2.4: a) Lightweight U-Net Training loss and DSC during model training. b) Mean
DSC for models trained with 100 to 450 images, with and without image augmentations.
Error regions show the best and worst scores over five training runs.

Table 2.1: Scores for segmentation of the LUS phantom are given as the mean ± standard
deviation across five training repeats. Timing performance metrics were calculated during
real-time experiments and averaged across several hundred frames.

Metric Score

Dice
similarity
coefficient
(DSC)

Background 0.98 ± 0.001

Ribs 0.80 ± 0.01

Pleural line 0.81 ± 0.01

A-line 0.63 ± 0.03

B-line 0.72 ± 0.01

B-line confluence 0.73 ± 0.09

Mean
(ex. background) 0.74 ± 0.02

Accuracy
(%)

Pixel-wise
accuracy 95.7 ± 0.34

Timing
performance

(ms)

Inference 30.0 ± 2.77

Pre-processing 3.36 ± 0.72

Displaying 16.8 ± 0.39

Framerate
(FPS)

Inference framerate 33.4 ± 2.86

Total framerate 20.0 ± 1.22
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Figure 2.5: Example LUS phantom images, overlaid with their manual label and corre-
sponding model prediction. The colour overlay used is as follows, ribs: blue, pleural line:
orange, A-lines: green, B-lines: red, and B-line confluence: purple.
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These observations were supported by an assessment of the pixel-wise agreement between
the manually-labelled and model-predicted masks. The normalised confusion matrix for
precision (Figure 2.6) shows that of the manually-labelled images, 86.8% of pixels labelled
as ribs, 85.4% of pleural line, and 72.2% of B-line confluence were predicted correctly by the
model. However, only 57.7% of A-line and 57.9% of B-line pixels were correctly predicted.
We can see that the majority of pixel-wise errors are false negatives, but some false positive
predictions occurred where A-line pixels are predicted as B-line or B-line confluence (likely
due to overlapping of A-lines and B-lines) and B-line confluence pixels are predicted as
B-line.

Figure 2.6: Confusion matrix for semantic segmentation of LUS phantom images, nor-
malised to give the pixel-wise precision

Using the predicted segmentation masks, metrics related to the size and shape of objects
in the image can also be considered. Here, we defined a semi-quantitative measure for the
fraction of the intercostal window taken up by B-lines named the B-line Artefact Score
(BLAS), showing how it can be automatically calculated during real-time imaging. To
measure this, the intercostal Region of Interest (ROI) was determined as the area between
the ribs and bounded by the bottom of the pleural line, extending to the maximum depth of
the detected B-lines. The B-line fraction (percentage of pixels classified as B-line or B-line
confluence) was then quantified in the ROI, with respect to depth (Figure 2.7). From this,
the percentage of the intercostal space occupied by vertical artefacts (B-lines or confluent
B-lines) was calculated using Simpson’s Rule on the B-line fraction to give a BLAS in the
range 0-1. Empirically, BLAS values less than 0.5 generally suggest one or a few B-lines,
values between 0.5 and 0.9 suggest multiple B-lines or some B-line confluence, and values
greater than 0.9 indicate white lung artefact. Calculating the ROI dynamically for each
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image helped to ensure that the BLAS is independent of the imaging angle, depth and
extent of the vertical artefacts. This is significant since B-lines cannot be defined by their
spatial extent and may not extend to the bottom of the image [20]. Further improvements
such as using a trapezoidal or sector-shaped ROI may be more appropriate for curved array
transducers.

Figure 2.7: Calculation of the B-line Artefact Score (BLAS). (Left) The region of interest
(ROI) is determined by the boundaries of the pleural line and extends to the depth extent
of the measured B-lines (red) or B-line confluence (purple). (Right) The BLAS is equal to
the normalised area under the curve (AUC) for the B-line fraction with depth.

A Bland-Altman plot was used to assess the agreement between measurements of the BLAS
by manual segmentation vs automatic segmentation (Figure 2.8). In the phantom test
dataset, the mean difference in BLAS was minimal (less than 0.01), indicating little or no
systematic bias. The majority of points fall within the limits of agreement (±0.29), defined
by the mean plus or minus 1.96 times the standard deviation of the differences, suggesting
agreement between the two methods, particularly for cases where the BLAS was greater
than 0.9. Investigation of outliers revealed individual cases where a significant difference
existed between the manually-labelled and model-predicted masks. Further research would
be needed to evaluate the clinical significance of this approach.

To demonstrate live segmentation, the best model was implemented alongside the PoCUS
system to image the LUS phantom and overlay masks in real time during scanning (Figure
2.9). Segmentation showed recognition of most features, despite the domain shift to a
different ultrasound scanner and transducer to that used in model training. Images from
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Figure 2.8: Bland-Altman difference plot showing the difference between B-line Artefact
Score (BLAS) calculated from manual vs. AI-generated labels of LUS images. The plot
shows the score difference plotted against the mean score for the test dataset. The mean
difference (solid blue line) and limits of agreement (red dashed lines), defined as the mean
difference ±1.96 times the SD of the differences are also displayed.

the PoCUS system showed greater speckle noise than those in the training dataset, yet
the model could still accurately segment the ribs, pleural line and most A-lines, B-lines
and B-line confluence. In some frames, the model struggled to segment the full extent of
B-lines with depth, and some B-lines were misclassified.

In benchmark tests, the lightweight U-Net model achieved an inference framerate of 33.4
± 2.86 FPS. However, in real-time experiments, the average framerate lowered to 20.0
± 1.22 FPS. As a result, some frames were dropped, but the overall speed remained
acceptable for real-time visualisation and the framerate variance was not noticeable to
the eye. This discrepancy stems from the additional time required for pre-processing
and image visualisation, where on average, pre-processing took 3.36 milliseconds, model
inference took 29.9 milliseconds, and displaying the image took 16.8 milliseconds. To
enhance performance, hardware-accelerated rendering could be used to reduce the display
time, or alternatively, further optimisation of the network architecture could be explored.

Finally, we investigated the feasibility of transfer learning to re-train our phantom model
to segment clinical LUS images. This approach proved valuable as the clinical dataset had
very limited images for training, but the domain was similar to that of the phantom model.
The limited clinical LUS images were found to be too few to train a U-Net model from
scratch, with poor convergence in initial experiments. Transfer learning improved conver-
gence and allowed reasonable feature recognition of the pleural line, lung consolidations,
and simple pleural effusions in some examples (Figure 2.10a-d), but ribs and complex pleu-

30



Chapter 2. AI for real-time ultrasound segmentation

Figure 2.9: Real-time segmentation of anatomy and artefacts in a lung ultrasound phantom.
Segmentation masks are overlaid onto B-mode images from a point-of-care ultrasound
system during scanning to assist with image interpretation. For a video recording please
see the web version of this article.

ral effusions were generally poorly segmented (e-f). Predictions on the clinical dataset were
generally of poorer quality than those with the phantom dataset, likely due to the limited
size and larger variability in the observed anatomy, pathology and types of scanners in the
clinical dataset. Variations in the quality of clinical images also meant that some were
reported to be diagnostically ambiguous (f) by the two expert annotators, highlighting the
difficulty of the task and introducing additional uncertainty to the segmentation labels.
Furthermore, since we could not monitor training with a validation dataset there was a
possibility of overfitting and more data would be needed to fully assess the effectiveness of
transfer learning. The per class DSC for simple pleural effusion, lung consolidation, and
pleural line are 0.48, 0.32, and 0.25 respectively, however, the model was unable to reliably
segment the ribs (DSC = 0.01) or complex pleural effusion (DSC = 0.01). This is reflected
in the mean DSC (across classes excluding the background) of 0.20 ± 0.08 as measured
with the limited test dataset.

2.4 Discussion

ML and DL present an exciting opportunity to assist in the interpretation of LUS [10],
and other pathologies imaged using ultrasound [50]. Automatic segmentation of anatomical
features and artefacts in LUS B-mode images could aid interpretation, as well as provide
new information that could be used to monitor disease severity. To be successful, these
models must be both accurate and sufficiently fast to provide feedback for the operator
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Figure 2.10: Example clinical LUS images, overlaid with their manual labels and corre-
sponding model prediction. The colour overlay used is as follows, ribs: blue, pleural line:
orange, lung consolidation: purple, simple pleural effusion: pink, and complex pleural
effusion: yellow.
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in real-time during scanning. However, due to low signal-to-noise ratio, poor contrast,
speckle noise, shadows, and signal dropouts, ultrasound segmentation is a challenging
task [51]. Perhaps for this reason, much of the previous work into applying AI with LUS
has focussed on image or video classification rather than segmentation [26]. Of these
publications, fewer still focus on real-time performance or report the inference time of
their models. Additionally, there is an over-reliance in methods which rely on datasets of
thousands to hundreds of thousands of images [39]. This is particularly limiting in densely-
labelled segmentation, where obtaining large, representative, and high-quality annotated
datasets can be prohibitively expensive and time-consuming, so approaches which rely on
fewer images are desirable [10, 52].

In this study, multi-class segmentation of anatomical features (ribs and pleural line) and
artefacts (A-line, B-line, and B-line confluence) in a LUS phantom was explored, consider-
ing both the speed and accuracy of the model. A lightweight U-Net model was trained for
this task, which demonstrated a mean DSC >0.7 when trained with as few as 300 images.
It was demonstrated that more complex U-Net variants did not yield any significant benefit
on this dataset, which could be attributed to several factors including the limited number
of training images and the uncertainty introduced by ambiguities in labelling.

Most significantly, the subjective nature of annotation is known to limit model performance
in LUS [36, 53]. In ML, data labels provided by human experts are typically regarded as the
immutable ‘ground truth’ [28]. However, objects in ultrasound often cannot be precisely de-
lineated due to speckle noise and limited spatial resolution. This is particularly pronounced
for artefacts, which are dynamic, heterogeneous, and lack well-defined boundaries. Con-
sequently, inter-annotator agreement in LUS segmentation may be low [36, 54, 55]. This
has impacts on diagnoses, for example, since it is difficult to know if B-lines are separate
or confluent, scores based on counting B-lines are ambiguous [34]. For these reasons, we
refer to the labelled datasets as ‘manually-labelled’ rather than ground truth, acknowledg-
ing the uncertainty associated with the labels. Nevertheless, this inherent variability may
increase the value of DL segmentation in practice, since clinically verified models trained
on data from several expert annotators may be able to provide a second opinion without
the confirmation bias of any one individual.

A commonly overlooked issue in the literature is the sensitivity of ML models to imaging
parameters [20]. To help address this concern, we incorporated ultrasound-specific aug-
mentations into model training, reducing the diversity requirements in the dataset. This
helps to improve generalisability and reduce the likelihood of overfitting, which is partic-
ularly valuable when training with limited images. As a result, we observed a mean DSC
increase of 6.1% compared to training without augmentations.

Finally, many of the existing studies using AI to calculate prognostic scores from LUS
lack explainability, relying on ‘black box’ methods which do not assist in the decision-
making process or allow the clinician to independently review the basis for the recommen-
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dations [10]. This can form a major barrier to their adoption in practice, where trust can
play a significant role in whether a model is useful [56]. Approaches such as grad-CAM [57]
have been used previously in LUS to represent areas of the image that are important to
an image’s classification [36, 42], but do not fully explain model reasoning.

Although segmentation still relies on complex models, its results are inherently intelligible
and verifiable when segmentation masks are overlaid with real-time images. Therefore,
metrics based on segmentation masks are more explainable and interpretable than those
based on image classifiers. Here we present one such metric, named the B-line Artefact
Score (BLAS), which is a simple semi-quantitative measure of the percentage of each inter-
costal space occupied by B-lines. This provides an indication of the number and appearance
of B-lines in an image, which is known to be associated with a number of respiratory dis-
eases [58], including COVID-19 [21], where significant B-line confluence marks the presence
of pneumonia deterioration. Compared to individual line counting, measuring the percent-
ages of rib space covered by confluent B-lines has been shown to be more reliable [34].
Our score can be calculated automatically over one or more respiratory cycles, with the
maximum score displayed immediately on-screen. This facilitates a rapid assessment of
patients while eliminating the ambiguity in counting individual B-lines and selecting the
frame to measure.

A similar method could potentially be used to assess pleural line irregularities, which are
the second most frequent finding associated with COVID-19 diagnosis, or A-lines which
are a marker of recovery from COVID-19 [26]. Once validated on clinical data, such
methods could allow the automatic calculation of severity scores, such as those proposed for
COVID-19 pneumonia [59], allowing improved triage and management of patients in clinical
settings, or monitoring disease progression. In this case, it must also be acknowledged that
since the appearance of artefacts varies with frequency, bandwidth, and beam angle [60],
predictions or diagnoses based on these measurements must consider these as confounding
factors [20].

To showcase the practical application of our models, their implementation alongside a
point-of-care ultrasound system was demonstrated. This showed the real-time overlay of
segmentation masks onto B-mode images at 20 FPS, which highlighted key features to the
operator during scanning. A user-friendly graphical interface allowed clinicians to toggle
the visibility of segmentation masks or adjust their transparency, providing an alternative
representation which aids feature visualisation. Although in this example a separate com-
puter was used for processing the imaging feed, future implementations may consider how
DL methods could be integrated onboard or with embedded devices. For example, tools
such as TensorFlow Lite that optimise models for mobile devices may allow lightweight
models to be deployed with handheld ultrasound, greatly expanding their usefulness at the
bedside. Such approaches have already gained commercial interest. For example, in April
2023 an AI-enabled tool for scoring B-lines received Food and Drug Administration (FDA)
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510(k) clearance for use with a handheld ultrasound device [61].

We also investigate the feasibility of transfer learning to train a model for clinical LUS
images. By using transfer learning we leveraged the knowledge acquired from models
trained on LUS phantom data to segment pathological features present in patients with
severe COVID-19 pneumonia, such as lung consolidation and simple pleural effusions.
Previous studies have used similar methods for segmentation of the ribs in LUS images, pre-
training U-Net models on a large greyscale dataset of natural images (real-world objects)
prior to transfer learning [62]. However, pre-training on ultrasound images may help models
to better detect lung-specific patterns [10] and since phantom data is simple to collect and is
free of data governance issues, this may present a viable alternative for model pre-training
with transfer learning. While our model’s DSC indicates it is unlikely to be suitable for
implementation in clinical practice, this should be considered a baseline for comparison
with future models. Here, training and evaluation of our models is limited by the small
size and large heterogeneity of the available data and we are also unable to fully exclude
residual information leakage in our model. Nevertheless, this method shows promise for
future work in decision support and patient monitoring. With access to a larger and more
diverse labelled dataset, future models will improve LUS interpretability in patients with
varying disease severity.

Other limitations of this work include a lack of assessment for intra-annotator variability,
which could not be conducted since there were no commonly labelled images available.
Measuring this variability improves understanding of the data characterisation and sub-
jectivity from annotation [63], and should therefore be a priority in the curation of future
datasets. Secondly, phantom segmentation uses images from a single subject with clearly
defined features, so translating the methods employed here to clinical data, which typ-
ically exhibit a wider range of patients and pathologies, may pose additional challenges
and necessitate a larger and more diverse dataset for optimal performance [28]. Transfer
learning may assist in training such models, but does not guarantee better performance [9]
and still requires good-quality labelled training data. This study found that transfer learn-
ing from a model pre-trained with phantom data provided a practical method to improve
model convergence, but more clinical data was needed to assess its impact on segmentation
performance. Finally, it would be useful to quantify the generalisability of our models to
new ultrasound systems and transducers and to assess whether the inclusion of ultrasound-
specific augmentations enhances robustness to changes in imaging settings.

Future works could investigate the application of DL for real-time multi-object LUS seg-
mentation of clinical images, with the aim of deploying models with portable or handheld
scanners for training and education, and longer-term in clinical decision support systems.
This could have an impact on the diagnosis and management of numerous respiratory
conditions [26], especially in low- and middle-income countries and rural areas, where cost-
effective ultrasound systems are more widely available than CT [64], but the expertise
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needed to interpret them may be lacking [65]. More broadly, the methods for training
and validation proposed here could be used to develop models for clinical examination of
the thyroid, breast, heart or abdomen, among others. This may be especially useful in a
variety of settings where real-time feedback is important, such as emergency assessment of
trauma with ultrasound [66], ultrasound-guided biopsies [67], or for therapeutic systems
such as ultrasound-guided focused ultrasound for tissue ablation [68].

2.5 Conclusion

This study demonstrated the application of deep learning to real-time, multi-class seg-
mentation of objects and artefacts in lung ultrasound. Models trained with as few as 300
images were able to able to segment the ribs, pleural line, A-lines, B-lines, and B-line con-
fluence in B-mode images of a COVID-19 lung tissue-mimicking phantom, with an average
DSC of 0.74 across the five classes. When overlaid onto LUS B-mode images, segmentation
masks offer an improved visual interpretation of the image. This could be incorporated
into training systems for medical education of LUS in specialised programs or as part of
training new clinicians [20], addressing the existing skill gap in LUS. To maximise their
clinical potential, these models must be deployable on PoCUS systems and suitable for
real-time inference. We demonstrated the feasibility of this at 20 FPS, with the potential
to achieve > 30 FPS with hardware-accelerated rendering. Furthermore, segmentation
masks provide an explainable method for scoring disease severity, which has the potential
to assist in the triage and management of patients for a variety of respiratory conditions.
On this theme, we propose a B-line artefact score (BLAS) which automatically measures
the percentage of the intercostal space occupied by vertical artefacts (B-lines and confluent
B-lines). Future work should consider the translation of these methods to clinical data,
considering transfer learning as a viable method to build models which can assist in the
interpretation of LUS and reduce inter-operator variability associated with this subjective
imaging technique.
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Chapter 3

Curating a UK thyroid ultrasound
dataset

As highlighted in Chapter 2, large, high-quality datasets are critical to training and eval-
uating AI models. Large collections of images can be acquired from digital clinical record
systems; however, acquiring high-quality annotations for these datasets is challenging and
time-consuming. This is especially true for ultrasound, where dynamic inspection of tis-
sue structures from multiple angles is often critical to clinical interpretation, but only a
few images are typically saved per examination, making retrospective analysis challenging
without the report’s contextual information.

On this theme, a tool was developed to extract clinical information from free-text radiology
reports, enabling the curation of high-quality datasets for research and audit. This tool
simplified the creation of domain-expert regular expression (regex) models, providing a
simple, scalable, and transparent solution for structured data collection in highly regulated
research environments.

This tool was applied to extract a comprehensive thyroid ultrasound dataset from Na-
tional Health Service (NHS) records in Leeds Teaching Hospital Trust (LTHT), extracting
information on the presence of thyroid nodules, diffuse thyroid disease, history of thy-
roid surgery, and British Thyroid Association (BTA) nodule gradings. These provide
patient-level annotations for image classification and are useful as contextual information
for segmentation. Once released, this will be the largest and most contextually rich dataset
available for AI research into thyroid nodules and diffuse thyroid disease.
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Abstract

Objectives: Radiology reports contain valuable information for research and audits, but
relevant details are often buried within free-text fields. This makes them challenging and
time-consuming to extract for secondary analyses, including training Artificial Intelligence
(AI) models.

Materials and methods: This study presents a rule-based Radiology Data Extraction
Tool (RADEX) to enable biomedical researchers and healthcare professionals to auto-
mate information extraction from clinical documents. RADEX simplifies the translation
of domain expertise into regular-expression models, enabling context-dependent searching
without specialist expertise in Natural Language Processing. Its utility was demonstrated
in the multi-label classification of fourteen clinical features in a large retrospective dataset
(n=16,246) of thyroid ultrasound reports from five hospitals in the United Kingdom (UK).
A tuning subset (n=200) was used to iteratively develop the search strategy, and a hold-
out test subset (n=202) was used to evaluate the performance against reference-standard
labels.

Results: The dataset cardinality was 3.06, and the label density was 0.34. Cohen’s
Kappa was 0.94 for rater 1 and 0.95 for rater 2. For RADEX, micro-average sensitivity,
specificity, and F1-score were 0.97, 0.96, and 0.94, respectively. The processing time was
12.3 milliseconds per report, enabling fast and reliable information extraction.

Conclusion: RADEX is a versatile tool for bespoke research and audit applications,
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where access to labelled data or computing infrastructure is limited, or explainability
and reproducibility are priorities. This offers a time-saving and freely available option to
accelerate structured data collection, enabling new insights and improved patient care.

Key Points

Question: Radiology reports contain vital information that is buried in unstructured free-
text fields. Can we extract this information effectively for research and audit applications?

Findings: A rule-based RAdiology Data Extraction tool (RADEX) is described and used to
classify fourteen key findings from thyroid ultrasound reports with sensitivity and specificity
>0.95.

Clinical relevance: RADEX offers clinicians and researchers a time-saving tool to accel-
erate structured data collection. This practical approach prioritises transparency, repeata-
bility, and usability, enabling new insights into improved patient care.

Keywords: Natural Language Processing, Information extraction, Data annotation, Ul-
trasound, Thyroid

3.1 Introduction

Most information in medical reports is recorded in a narrative ‘free-text’ format [1], allowing
reporters to write without restrictions. While this facilitates effective communication [2], it
is often necessary to extract and structure relevant data for research and audit purposes [3].
Manual curation (chart review) is time-consuming, tedious, and expensive. Therefore
tools that can extract information automatically are valuable for applications such as
diagnostic surveillance, case retrieval, cohort building, quality improvement, and research
applications [4–6]. In particular, annotating large datasets for training AI models has been
identified as a priority for clinical research [7].

Recently, developments in Natural Language processing (NLP) such as Machine Learning
(ML) and Deep Learning (DL), especially Large Language Models (LLMs) such as Bidirec-
tional Encoder Representations from Transformers (BERT) and ChatGPT, have renewed
interest in automated information extraction [8, 9]. In particular, domain-specific language
models, such as BioBERT [10], ClinicalBERT [11], PubMedBERT [12] and radiology-
focused RadBERT [13] have shown promising results for tasks such as text classification,
named entity recognition, and summarisation, re-training the base BERT model using clin-
ical text or biomedical literature [14]. For example, in 2022 Wood et al. applied BioBERT
to classify abnormalities in head Magnetic Resonance Imaging (MRI) reports, achieving an
F1-score of 0.962 and 0.930 when evaluated against reference standard report and image
labels [15]. Also in 2022, Visser et al. extracted actionable findings from radiology reports
including X-ray, Ultrasound, Computed Tomography (CT), and MRI, scoring a sensitivity
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of 0.841 and specificity of 0.990 [16].

Despite the potential of ML/DL methods, a lack of domain-specific training data and con-
cerns around security, reliability, explainability, and bias have limited their widespread
implementation in practice [7, 17]. For these reasons, rule-based methods, which use
human knowledge to create computational models, remain popular in medicine [4, 6].
Well-designed rule-based models can achieve similarly high performance to ML/DL tech-
niques [5, 18] while offering improved transparency, replicability and flexibility. The main
challenge of rule-based approaches is that developing robust models is difficult and usu-
ally requires interdisciplinary collaboration between technical experts who build the model
and clinical experts who provide expertise in the domain of the data [17, 19]. Existing
databases such as the Unified Medical Language System (UMLS) [20] or Radiology Lexi-
con (RadLex) [21] can be applied in ‘dictionary-based methods’ to identify medical terms
from large ontologies. However, relying on dictionaries alone often cannot capture the clin-
ical nuances, language variability, and context required for report classification in bespoke
research and audit tasks [22]. In these cases, manual knowledge engineering is needed to
define custom rules that meet task-specific requirements. These hand-crafted rules are usu-
ally defined using the established framework of Regular Expressions (Regex) – sequences
of letters and special characters that define patterns for text-matching [23]. Regex offers
an efficient and flexible method for pattern-matching, but expressions are challenging to
construct and maintain as there is currently no standardised method for their generation
and evaluation [24].

This study presents a novel rule-based tool for RADEX which standardises and simpli-
fies the construction of regular expression models using a high-level syntax and iterative
refinement protocol. This enables effective translation of clinical domain knowledge into
computational models for automated data annotation and report classification. RADEX
encourages a systematic approach to form robust, comprehensive, and reproducible search
strategies; iteratively refining regular expression models to allow reliable data extraction
from unstructured radiology reports (X-Ray, MRI, CT, Ultrasound) and other clinical
documents (clinical notes, incident reports, pathology and cytology reports). The tool
addresses challenges associated with previous methods, which lack transparent and re-
producible reporting, robust evaluation, or rely on access to large labelled datasets [25].
RADEX is aimed at biomedical researchers and healthcare professionals with no specialist
prior experience in NLP. It provides a practical, fast, flexible, and free solution which can
be integrated with existing clinical systems.

The typical RADEX workflow is demonstrated on a large dataset of thyroid ultrasound
reports, a useful example of unstructured reports with variable language [26] and a broad
range of diagnostic indications [27]. Thyroid cancer, thyroid nodules, and functional or
autoimmune disease have been investigated previously. For example, in 2020 Chen et
al. used the rule-based tool cTAKES [28] to identify thyroid nodules and classify five
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characteristics, detecting nodules with 91.9% accuracy on a dataset of 153 reports [29].
In 2022, Dedhia et al. also applied cTAKES, classifying 243 ultrasound reports for nine
classes with an F1-score of 0.8122 (precision = 0.74, recall = 0.90) [26]. Recently, Pathak
et al. applied transformer-based models to extract 16 thyroid nodule characteristics in 490
reports, achieving a maximum F1-Score of 0.9495 when considering partial matches on a
relatively small dataset of 98 test reports [30]. In this study, 16,246 thyroid ultrasound
reports were classified for 14 features, covering common diffuse and focal pathologies as
well as nodule gradings. Results were evaluated against 202 reference-standard labels with
consensus from three independent expert reviewers. The anonymised dataset produced
could be used for purposes such as service evaluation, improving consistency of reporting,
or downstream research such as training of AI computer vision models [29, 31].

The purpose of this study is to develop and evaluate RADEX, a rule-based data extrac-
tion tool that leverages domain expertise to efficiently and accurately extract structured
information from free-text clinical reports. The tool aims to provide a scalable, user-
friendly, and time-saving solution for information extraction and report classification in
large datasets, which is demonstrated on thyroid ultrasound reports.

3.2 Methods and materials

3.2.1 Dataset

Formal ethical approval was waived for this retrospective study of collated clinical and
imaging reports in accordance with the Institutional Health Research Authority Frame-
work. All radiology reports used in this study were obtained from a retrospective dataset,
including all examinations tagged Ultrasound Neck (UNECK), Ultrasound thyroid (UTHYD),
or Ultrasound thyroid and parathyroid (UTHPY), extracted from the Computerised Ra-
diology Information System (CRIS) between 01/01/2015 - 31/12/2019 across five different
hospitals in the same geographical area in the United Kingdom. Paediatric patients (<18
years) were excluded, and multipart examinations were merged into a single pseudoiden-
tifier. Where multiple reports were present for the same pseudoidentifier, only the most
recent report was taken to avoid any possibility of data leakage. This resulted in a dataset
comprising 16,246 reports from unique patients. All reports were in an unstructured free-
text format and included clinical history, report body, and findings, with embedded head-
ers dividing these sections. The average (mean) total report length was 93 words, and
the dataset contained reports written by 222 unique reporters with varying roles and ex-
perience, including general or specialist sonographers, radiology trainees, and general or
specialist certified radiologists.

To develop the search strategy, a subset of 200 reports was sampled at random as a tuning
set. A further 202 reports were sampled as a holdout test dataset, allowing unbiased
evaluation of the expected performance and ensuring there was no overfitting. These
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402 reports were annotated independently by three reviewers: an experienced radiologist
(UK consultant grade; United States (U.S.) attending equivalent) and two foundation
doctors with experience reading and interpreting radiology reports. In ambiguous cases, the
experienced radiologist served as the adjudicator for reference-standard labels, reviewing
the report’s associated ultrasound images using the Patient Archive and Communication
System (PACS) as necessary to ensure the most accurate annotations possible. Fourteen
classes were chosen to cover the features of interest, including common diffuse and focal
pathologies observed in ultrasound examination of the thyroid [32–34]. Since reports were
from the UK, BTA gradings were used to stratify thyroid nodules based on their malignancy
risk [35].

The classes chosen were:

• Thyroid examination - thyroid examination conducted.

• Lymph node examination - lymph node examination conducted.

• Thyroid nodule(s) - one or more thyroid nodules.

• Multiple thyroid nodules - multiple discrete nodules or Multinodular Goitre (MNG).

• Solitary thyroid nodule - finding of thyroid nodule(s) but not multiple nodules or
MNG.

• Altered thyroid echotexture - indicative of diffuse thyroid disease such as thyroiditis.

• Goitre - enlarged thyroid including simple and multinodular goitre.

• Previous thyroid surgery - including hemi and total thyroidectomy.

• BTA U1 - British Thyroid Association grading for normal thyroid

• BTA U2 - British Thyroid Association grading for benign thyroid nodule

• BTA U3 - British Thyroid Association grading for indeterminate/equivocal thyroid
nodule

• BTA U4 - British Thyroid Association grading for suspicious thyroid nodule

• BTA U5 - British Thyroid Association grading for malignant thyroid nodule

• Normal thyroid - mention of thyroid examination but no finding of thyroid nodule(s),
altered echotexture, goitre, or previous thyroid surgery.

3.3 RADEX tool

The RADEX tool is a general-purpose software package aimed at medical professionals
and biomedical researchers who require a simple method to extract high-quality struc-
tured datasets from free-text clinical reports. RADEX enables rule-based extraction of
relevant information, constructing regular-expression models to classify reports and pro-
vide interpretable predictions.

Regular expressions are a standard technique implemented in many programming lan-
guages (e.g. Java, Python, Perl, Ruby), which offer flexible and efficient searching in large
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datasets [24]. These expressions are sequences of characters and special symbols that ex-
plicitly define searches, including wildcards, character classes, quantifiers, and boundary
matches, which are useful when searching for medical terms in context [23]. For example,
in Python the regular expression:

(1) “\bthyr\w*\b”,

“\b” represents a word boundary, “\w” matches one or more word characters (letters or
numbers), and “*” means “zero or more times”. This pattern would match any word that
starts with “thyroid”, such as “thyroid”, “thyroidectomy”, or “thyroiditis”. In the expression:

(2) “\bthyroid\b(?:\W+\w+){0,3}?\W+\bnodules\b|\bmultinodular\b”,

the non-capturing group “(?:\W+\w+){0,2}” matches 0 to 2 words between “thyroid” and
“nodules”, and the “|” means “OR”, meaning the expression matches the word “multinodu-
lar” as well as phrases such as “thyroid nodules” and “thyroid contains multiple nodules”.
While this framework allows highly flexible pattern matching, regex is complex to learn
and becomes difficult to interpret as the complexity of patterns increases.

RADEX centres around a user-friendly ‘search strategy’, which is created with a high-
level syntax of keywords, modifiers, and logical connectors. For example, in RADEX,
the expressions ‘thyr*’ and ‘thyroid NEAR2 nodules OR multinodular’ are equivalent to
regular expressions (1) and (2) above. This enables non-expert users to create robust
regular-expression-based models that consider context, differentiate between similar terms,
and account for variations in spelling, phrasing, and report structure. This approach to
developing a search strategy takes inspiration from popular search tools for biomedical
literature databases such as PubMed Advanced Search Builder and Ovid Advanced Search,
which are familiar to many biomedical researchers and medical professionals, lowering the
barrier to entry for using the tool. Similarly to the literature search process of systematic
reviews, the RADEX methodology promotes rigour, comprehensivity, and reproducibility
in data extraction [36]. A diagram of the typical RADEX workflow is shown in Fig. 3.1,
and each step is described in more detail in the sections below.

RADEX was developed in Python 3.9 and is available for Windows, MAC, and Linux
OS. The source code for the project is available on GitHub under the BDS 3-Clause Li-
cence, allowing its free use and modification. Documentation, installation instructions,
and instructions for developers are available online. Also included is a labelled dataset
of 110 synthetic thyroid ultrasound reports, generated using OpenAI’s ChatGPT-3.5 [37].
This provides a relevant quick-start example of the RADEX workflow on data that can be
readily shared, including a demonstration of a prototype Graphical User Interface (GUI).

3.3.1 Task formulation

The first stage for information extraction is task formulation, where the key requirements
and datasets are identified. This includes defining the clinical question, population of inter-

50

https://github.com/ljhowell/radex


Chapter 3. Curating a UK thyroid ultrasound dataset

Figure 3.1: Typical workflow for the Radiology Data Extraction Tool (RADEX), including
iterative development of searches.

est, and concepts needed to classify reports. For best performance, the task requirements
should be sufficiently narrow and well-defined to ensure precise mapping between the tool’s
outputs and the intended clinical concepts, reducing ambiguity and improving model per-
formance. The user should also consider which classification metrics are most relevant
for performance evaluation, depending on the task requirements and characteristics of the
dataset [38, 39].

3.3.2 Develop search strategy

The search strategy is then defined using RADEX’s simple but flexible syntax, which
leverages domain knowledge to extract structured information without requiring the user to
have prior expertise in NLP or regular expressions. This RADEX search strategy comprises
keywords, modifiers, and logical connectors which define clinical concepts.

Keywords include synonyms, abbreviations, and other terms related to the concept, such as
medications, procedures, and diseases. Relevant keywords can be identified using expertise
in the domain of the data or using existing biomedical ontologies such as UMLS [20] and
RadLex [21]. Modifiers broaden the search scope, accommodating variations in spelling,
pleuralised words, and typographical errors. For example, the asterisk (‘*’) modifier rep-
resents any number of characters, which is useful since many related clinical terms share
a common root, suffix, or prefix, originating from their Greek or Latin etymology [22].
For example, ‘neur*’ will match a variety of terms relating to nerves and the nervous sys-
tem, such as ‘neuron’, ‘neuropathy’, and ‘neurofibromatosis’. Similarly, ‘*therap* would
match ‘radiotherapy’ and ‘therapeutic’. The question mark (‘?’) represents any optional
single character, most useful for accommodating pluralisation and spelling variation. For
example, ‘h?emoglobin’ would match ‘haemoglobin’ and ‘hemoglobin’, and ‘wom?n’ would
match ‘woman’ or ‘women’. The order-independent and order-dependent proximity opera-
tors ‘NEAR/X’ and ‘THEN/X’ identify terms that are separated by ‘X’ or fewer words. For
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example, ‘thyroid NEAR/2 *nodul*’ matches phrases such as ‘thyroid nodules’, ‘multin-
odular thyroid’, or ‘thyroid contains multiple nodules’. Expressions can be combined using
the logical connectors ‘AND’, ‘OR’, ‘NOT’ and ‘EXCEPT’ (equivalent to ‘AND NOT’) to
build complete definitions for concepts. For example, an expression for identifying thy-
roid nodules could be: ‘thyroid NEAR/2 *nodul* OR (node? EXCEPT lymph node?)’.
Here, a search for the word thyroid in proximity to nodules is combined with a search for
node/nodes, excluding lymph nodes. Combining these expressions allows the development
of search strategies to reliably classify increasingly complex concepts.

3.3.3 Pre-processing

Before running the search strategy, the reports are pre-processed to ensure consistent re-
sults. Filtering can be applied to enforce inclusion/exclusion criteria such as date ranges,
or patient demographics such as age. Reports are then split into relevant sections based on
selected headers, and the text is then standardised: removing stopwords, selecting punc-
tuation, trailing whitespace, and converting the text to lowercase. Sentence tokenisation
is applied to break the text into individual sentences. Negated phrases are handled using
Chapman’s NegEx algorithm [40]. This uses a clinically relevant list of pre-determined
modifiers to identify negation modifiers and their scope. For example, the phrases ‘there
are no thyroid nodules’ and ‘thyroid nodules were not observed’ are negated by the pre-
and post- negation terms ‘no’ and ‘not’ and are automatically excluded from potential
matches.

3.3.4 Apply search strategy

To process the text, the RADEX search strategy is converted to a regular-expression model
in the software backend. A grammar function represents the permitted operators and their
precedence (NOT > AND > OR), detecting unmatched parentheses, unexpected symbols,
or incorrect syntax. Once verified, the search strategy is recursively evaluated, converting
each sub-expression to a regular-expression applied to search the text. Matching words and
phrases are extracted, and their positional indexes can be used to highlight the report. De-
pending on the presence or absence of matches and the applied logic, reports are classified
for one or more labels. This process, similar to an inference engine, enables traceability
at the report level, enhancing explainability and facilitating the iterative development of
searches.

3.3.5 Evaluation

The model is then evaluated using an annotated tuning subset of the data. Label-based
metrics such as classification accuracy, sensitivity (true positive rate, recall), specificity
(true negative rate), precision (positive predictive value), and F1-score (harmonic mean of
precision and recall) are calculated to assess the quality of the search strategy. In cases
where multiple labels are assigned to each report, the macro- and micro-averaged metrics,
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in addition to the example-based Hamming loss (total fraction of wrong labels) and exact
match ratio (percentage of reports with all labels predicted correctly) are calculated [41, 42].
In all cases, no single metric captures all important information, and the most useful metrics
depend on the study objectives and dataset characteristics [38].

3.3.6 Refine search strategy, application, and testing

The search strategy is then refined based on a review of incorrect predictions in the tuning
set, adding, removing, or modifying rules as necessary to build a complete search strategy.
RADEX identifies false positive and false negative predictions using reference-standard la-
bels, highlighting matching phrases within the report body to assist this refinement process.
The improved searches are then re-applied and re-evaluated on the tuning set, improving
the search strategy over several cycles. Once satisfactory performance is achieved, the
searches should be assessed on a holdout test dataset. This allows unbiased quantification
of the expected performance on the full dataset, assessing the generalisability of the model
and ensuring there is no overfitting.

3.4 RADEX for thyroid ultrasound reports

While RADEX is a general tool for clinical information extraction, this study demonstrates
its application in the context of thyroid ultrasound reports. Combining multi-label classi-
fication ultrasound reports with linked ultrasound images enables the curation of a large
labelled dataset of thyroid ultrasound scans, suitable for developing computer vision mod-
els in the future. The primary metric for assessing RADEX performance on this dataset
was the F1-Score, which was chosen since both high precision and recall were important.
A target micro-average F1-score of 0.90 was selected based on the study requirements and
the inter-annotator agreement.

Twelve classes were searched directly in the report body, including thyroid examination,
lymph node examination, thyroid nodule(s), multiple thyroid nodules, altered thyroid echo-
texture, goitre, and BTA U1-U5. In addition to the report body, the clinical history was
included in searches for previous thyroid surgery. The classes solitary thyroid nodule and
normal thyroid were derived from using simple logic, where mention of thyroid nodule(s)
and not multiple thyroid nodules implies a single nodule, and normal thyroid is defined
as the absence of any other focal or diffuse thyroid abnormality. Simple post-processing
rules were applied to ensure consistency in the final dataset, for example, finding a BTA
U2 to U5 grading must imply the presence of a thyroid nodule. Once satisfactory scores
for the sensitivity and specificity were achieved, the same searches were applied to the test
dataset to ensure that the terms used were general enough to work on new data. The final
search strategy is shown in Table 3.1.

The initial search strategy was constructed with interdisciplinary input from experienced
head and neck radiologists as well as UMLS. These searches were then applied to the
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Table 3.1: Search strategy for neck and thyroid ultrasound dataset. The symbols &, |,
¬, and ∼X, are shorthand for ‘AND’, ‘OR’, ‘NOT’, and the bidirectional word proximity
operator NEAR/X, with adjacency X as an integer. The modifiers ‘*’ and ‘?’ are wildcard
modifiers.

Class Search strategy

Thyroid examination thyroid*

Lymph node examination lymph* | (node & ¬thyroid* node),

Thyroid nodules(s)
(nodul* & ¬(nodul*∼2cartilage | nodul*∼2parotid | nodule*∼2salivary | nodul*∼2submandibular) ) |
(cyst* & ¬(thyroglossal cyst | cyst*∼2parotid | cyst*∼2salivary | cyst*∼2submandibular | cyst*∼1sebaceous |
cyst*∼1inclusion | cyst*∼1lymph* | cyst*∼1node)) | thyroid∼4lesion* | thyroid∼1node* | adenoma

Multiple Thyroid Nodules

(nodules & ¬(nodules∼2cartilage | nodules∼2parotid | nodules∼2salivary | nodules∼2submandibular) ) |
(cysts & ¬(thyroglossal cysts | cysts∼2parotid | cysts∼2salivary | cysts∼2submandibular | cysts∼2sebaceous |
cysts∼2inclusion | cysts∼2lymph* | cysts∼2node) ) | thyroid∼4lesions | thyroid∼1nodes | multi?nodul* |
nodul*∼2both | other∼2nodul* | second*∼2nodul* | (superior∼3nodul* & inferior∼3nodul*) |
(nodule*∼3left & nodule*∼3right) | (nodule*∼3left & nodule*∼3isthmus) |
(nodule*∼3right & nodule*∼3isthmus) | mng

Altered thyroid echotexture thyroiditis | grav?s | heterogen*∼2echo* | heterogen*∼2thyroid | heterogen*∼1texture | inflamed*

Goitre goit?r? | mng | multi?nodul* thyroid | enlarged∼2thyroid | (enlarged∼2gland & ¬enlarged∼2parathy*) |
enlarged∼2lobe | hyperplasia

Previous thyroid surgery thyroidectomy | lobectomy | isthmusectomy | (surgery & ¬refer*∼2surgery) | resect* |
incomplete∼2thyroid | post?op | bed | hemiagenesis

BTA U1 u1

BTA U2 u2 & ¬(u2?u3 | u2 ∼1 ?3)

BTA U3 u3 & ¬(u3?u4 | u3 ∼1 ?4 | u2?u3 | u2 ∼1 ?3)

BTA U4 u4 & ¬(u4?u5 | u4 ∼1 ?5 | u3?u4 | u3 ∼1 ?4)

BTA U5 u5 & ¬(u4?u5 | u4 ∼1 ?5)

Solitary thyroid nodule “Thyroid nodules(s)” & ¬“Multiple Thyroid Nodules”

Normal thyroid “Thyroid examination” & ¬(“Thyroid nodule(s)” | “Altered thyroid echotexture” | “Goitre” |
“Previous thyroid surgery”)
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clinical dataset, and entries where there was disagreement between the reference standard
and predicted labels were flagged for manual review. The search criteria were iteratively
refined in several cycles, adding or removing phrases from the search strategy to reduce
the number of incorrect predictions. All computation was conducted on a research laptop
with average specifications (AMD 4600H Central Processing Unit (CPU), 16GB Random
Access Memory (RAM)).

3.5 Results

In the reference-standard labels, the average number of labels per report (cardinality) was
3.06, and the percentage of possible labels assigned on average per report (label density),
was 34%. The inter-annotator reliability was assessed using Cohen’s Kappa, which was
0.94 for rater 1 and 0.95 for rater 2, indicating a strong agreement with the adjudicator.
The time taken to annotate 200 reports was approximately 2.5 h per annotator, which if
extrapolated to the full dataset, suggests approximately 203 h of manual labelling would
be needed per annotator.

Applying the RADEX search strategy in Table 1 enabled classification and highlighting of
the reports for the 14 different classes (Fig. 3.2). Applying the iterative tuning approach
to the development of the search strategy increased the F1-score across all classes (Fig.
3.2), improving the micro-average by 0.222. Generally, false positive predictions arose from
semantic context errors, negated, and hypothetical sentences, while false negatives were
due to missing keywords and negation errors.

Figure 3.2: A synthetic neck and thyroid ultrasound report, highlighted using a rule-
based radiology data extraction tool. This example was correctly classified as positive for
goitre (blue), altered (heterogeneous) thyroid echotexture (green), multiple thyroid nodules
(purple), and lymph node examination (brown). The phrase ‘no abnormal’ was matched
as a possible negation modifier to the term ‘lymph nodes’

Using RADEX, the Hamming loss for the nine main classes (excluding the BTA gradings)
was 0.0418, suggesting, on average, less than 5% of the total labels were incorrectly pre-
dicted. The harshest metric, the exact match ratio, was 0.733, showing the percentage
of reports with all nine classes correct. Label-based metrics and their micro- and macro-
averages are given in Table 3.2, scoring each class individually, with all classes except
solitary thyroid nodule and goitre having F1 scores > 0.8. Semantically, solitary thyroid
nodule was the most complex concept to predict, since it was difficult to distinguish cases
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Figure 3.3: F1-score for rule-based predictions on the holdout test clinical dataset, before
and after refining the searches.

where a single nodule was mentioned multiple times, from cases with multiple nodules
present in the thyroid. Notably, goitre had a high sensitivity with no false positives in
the test set but lower precision. This is because of the conservative approach taken to
labelling this class and the imprecise language used in its reporting. For example, phrases
such as ‘thyroid gland appears slightly enlarged’ were commonly predicted as false posi-
tives, requiring additional context outside the report body to predict these cases accurately.
Overall, the micro-average sensitivity and specificity across the nine classes were 0.971 and
0.957, respectively, exceeding the targets set at the start of the study.

Table 3.2: Scores for multilabel classification of neck and thyroid ultrasound reports with
regular expressions.

Precision (PPV) Sensitivity (Recall/TPR) Specificity (TNR) F1-Score

Thyroid examination 0.994 1.000 0.978 0.997
Normal thyroid 0.846 1.000 0.990 0.917
Previous thyroid surgery 0.902 0.974 0.976 0.937
Thyroid nodule(s) 0.966 1.000 0.954 0.983
Multiple thyroid nodules 0.943 0.932 0.956 0.937
Solitary thyroid nodule 0.719 0.852 0.949 0.780
Altered thyroid echotexture 0.824 0.824 0.984 0.824
Goitre 0.509 1.000 0.851 0.675
Lymph node examination 0.982 0.971 0.900 0.977

Micro average 0.917 0.971 0.957 0.943
Macro average 0.854 0.950 0.949 0.892

Importantly, the recall was generally high, meaning the rate of false negatives was low. This
is significant since a manual review of positive predictions in the predictions can eliminate
false positives, but finding missed reports among the full dataset (false negatives) requires
a review of more total reports. The true and false positives and negatives are visualised
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with confusion matrices in Fig. 3.4. In addition to these nine classes, the BTA gradings
for thyroid nodules were predicted well, with micro-average F1-Score of 0.967.
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Figure 3.4: Class-wise confusion matrices for multilabel data. True positive (TP), True
negative (TN), False positive (FP) and False Negative (FN) counts and normalised scores
for each class.

This method is also relatively computationally inexpensive, requiring no specialist hard-
ware or cloud infrastructure. The total processing time for 16,246 reports was 200s, or
12.3 ms per report. As expected, processing time increased linearly with the number and
average length of the reports, as well as increasing with the number and complexity of
searches.

3.6 Discussion

This study presented RADEX, a rule-based data extraction tool for classification and
information extraction in clinical free-text reports. This was demonstrated on a large
dataset of 16,246 thyroid ultrasound reports, classifying 14 clinical findings and scoring
a micro-average sensitivity of 0.971 and specificity of 0.957, which exceeded the targets
set for the study. RADEX processed the full dataset in just 200 s, which represented a
large time-saving benefit when compared to the 203 h estimated for manual annotation.
Thyroid ultrasound reports presented an interesting case study for classification due to
their variable language [26] and a broad range of clinical concepts [27]. Compared with
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similar work applying NLP to thyroid ultrasound reports, the methods used improved
on previous rule-based approaches and performed approximately as well as DL methods.
Using dictionary-based approaches to classify thyroid nodules in reports, Dedhia et al.
reported an F1-score of 0.812 [26], and Chen et al. scored 0.919 in accuracy [29]. This
study achieved an F1-Score of 0.943 and an accuracy of 0.980. The F1-Score was also within
one percentile of the DL transformer-based approach reported by Pathak et al. which was
0.945 [30]. However, it should be noted that since these studies use different datasets and
class definitions, it is difficult to compare these results directly. In this study, the micro-
average F1-score of 0.943 illustrates a low false positive and false negative rate, which is
important since previous approaches using handcrafted regular expressions often perform
poorly in recall [24]. This improvement was attributed to the flexible, iterative refinement
process used, enabling the creation of custom rules that were sufficiently general to capture
language variations among the 222 reporters and five different healthcare organisations in
the dataset.

The main advantages of RADEX are that accurate results can be obtained quickly, results
are transparent and reproducible, and the tool can be used for free with no special hardware
requirements. The tool prioritises usability, leveraging the power of regular expressions but
without requiring the user to understand their complex syntax. This simplifies the process
of creating robust regular-expression models, allowing users to annotate large datasets with
no specialist NLP expertise. The iterative refinement process ensures the search strategy
is comprehensive, and the independent evaluation ensures the final model is generalisable
within the domain of the dataset. The final search strategy can also be easily exported and
shared without compromising patient confidentiality, supporting reproducibility, which is
critical in clinical NLP applications [25].

Compared with existing methods, RADEX provides greater flexibility than dictionary-
based approaches and better explainability than DL methods at the cost of requiring the
search strategy to be manually defined. Dictionary-based methods can extract recognised
concepts such as disease names, symptoms, and treatments from clinical ontologies. How-
ever, they struggle with capturing specific, context-dependent, or nuanced information,
as dictionaries alone often cannot capture all required patterns to define a concept [22].
ML/DL methods automatically learn patterns and relationships by analysing text datasets,
allowing for more accurate extraction of nuanced information. However, they require large
labelled datasets, expensive computational resources, and often lack transparency, making
it difficult to explain or reproduce their outputs in clinical settings. RADEX bridges these
gaps by simplifying the process of defining and refining custom rulesets. This makes it
suitable for standalone use or in conjunction with existing dictionary-based or ML/DL
methods. For example, RADEX could be used to supplement dictionary-based methods
in cases of difficult-to-extract concepts, or to provide an explainable baseline for DL/ML
models to be evaluated against.
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This explainability is important to support decision-making [6] and to satisfy ethical con-
siderations and data governance standards related to accountability [43]. While regular-
expression models alone can be difficult to decipher; the high-level syntax used to develop
the RADEX search strategy is easy to understand, aiding interpretability of model predic-
tions. This is a major advantage compared with ML/DL methods, where the non-linear
operations in ‘black box’ DL models make explainability difficult [44]. In particular, since
LLMs rely on statistical patterns in their training data, they lack a true understanding of
underlying medical concepts, which can lead to inaccurate predictions [45]. The human-
created search strategy of RADEX can be modified to correct specific errors, meet changing
requirements, or adapt to terminology changes in different regions or over time [2]. This is
not the case with DL models, which require re-training using additional labelled training.
This is resource-intensive and does not guarantee performance improvement. Importantly,
RADEX is also scalable to large datasets and has no special hardware requirements. This
helps to alleviate concerns regarding cost and data security since all processing is performed
locally, rather than relying on secure cloud computing infrastructure, which restricts the
use of AI in clinical settings [5].

The main limitation of the RADEX method is its limited applicability to complex semantic
tasks, where understanding the wider context and the subtlety of human language is impor-
tant. In these cases, DL or hybrid techniques may be more appropriate [19], but rule-based
approaches are still useful as a baseline to justify the associated implementation challenges
and explainability tradeoff [6]. Inter-annotator agreement also presents a challenge, where
different interpretations of the same data can introduce uncertainty [23]. This is reflected
by the inter-annotator agreement (Cohen’s Kappa = 0.94), showing a minority of reports
containing ambiguous findings that required cross-referencing with clinical images in the
reference-standard dataset. While this approach minimises uncertainty, it does limit the
theoretical maximum prediction accuracy as this information is not available to the model,
requiring a multimodal approach. A better strategy may have been to quantify uncertainty
using a method such as NegBio [46], allowing a secondary review of unclear cases. Further-
more, while test set metrics give an unbiased estimate of the expected performance on the
larger dataset, this may not represent the wider generalisability to external datasets, since
language use can vary significantly between institutions and over time. Since data was
collected in the UK, all reports were in British English, and thyroid nodule malignancy
risk was given by the British Thyroid Association (BTA) grading system. However, similar
principles could be applied to reports in other languages or different grading systems, such
as the European Thyroid Association (ETA) and American College of Radiologists (ACR)
Thyroid Imaging Reporting and Data System (TI-RADS) [47, 48]. This would require
further refinement of searches, which can be achieved using the iterative RADEX method.

Overall, RADEX provides a practical alternative to dictionary-based and ML/DL methods
for free-text information extraction, effectively leveraging clinical expertise to create cus-
tom rule-based models for bespoke research and audit tasks. This was demonstrated in the
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classification of thyroid ultrasound reports but could be similarly applied to other radiology
reports and clinical documents such as clinical notes, incident reports, pathology, and cy-
tology reports in the future. Micro-average sensitivity, specificity, and F1-Score were 0.971,
0.957, and 0.943, respectively, and the Hamming loss was 0.0418. No specialist hardware
was required, and the technique was shown to be scalable to large datasets, taking 12.3
ms/report. This method offers a practical alternative or precursor to other approaches,
such as ML and DL, especially where access to labelled training data, computing infras-
tructure, explainability, or reproducibility are concerns. This provides a time-saving and
freely available tool for future studies in clinical decision support, quality improvements,
unbiased identification of disease cohorts for research studies, query-based case retrieval,
and research tasks such as annotating medical images for AI analysis.
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Chapter 4

Ultrasound 3D reconstruction and
quality assurance

As discussed in Chapter 1, more precise and streamlined treatment planning is critical
for improving High-Intensity Focused Ultrasound (HIFU) delivery. Since preoperative
CT/MRI is generally not used to assess thyroid nodules, and 2D ultrasound provides
limited options for volumetric planning, 3D ultrasound offers a promising alternative. This
allows a detailed understanding of the size and relative positioning of the treatment target
and surrounding anatomy, which is crucial for effective HIFU planning.

In the context of the HIFU procedure, where robotics and ultrasound are already used for
treatment navigation and real-time guidance, robotic-tracked 3D ultrasound reconstruction
offers a practical approach. It does not rely on preoperative imaging and simplifies the
procedure by using a single imaging modality. Using the robot arm for tracking also
allows a single coordinate system to be used for both planning and treatment navigation,
eliminating uncertainty associated with co-registration with external tracking systems.

This chapter describes the in-house system developed for 3D ultrasound based on tracked
B-mode reconstruction and a custom phantom designed to evaluate the geometric fidelity
of the output volumes. The system was built on open-source frameworks and supports
optical tracking, Electromagnetic (EM) tracking, and robotic kinematic tracking, enabling
flexible use across a range of diagnostic and interventional applications.

The methods developed in this chapter, including calibration, synchronisation, data coor-
dination, segmentation, and 3D reconstruction, were critical to the thyroid reconstruction
demonstrated in Chapter 5. Detailed Quality Assurance (QA) testing showed the system
was sufficiently accurate for clinical 3D reconstruction, with further improvements limited
by the imaging resolution. It also clarified the roles of EM and optical tracking in the
context of robotic US, and demonstrated that the system was robust to changes in speed
and insonation angle, informing subsequent work.
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Abstract

Three-dimensional (3D) Ultrasound (US) can facilitate diagnosis, treatment planning, and
image-guided therapy. However, current studies rarely provide a comprehensive evaluation
of volumetric accuracy and reproducibility, highlighting the need for robust QA frame-
works, particularly for tracked 3D US reconstruction using freehand or robotic acquisition.

This study presents a QA framework for 3D US reconstruction and a flexible open source
platform for tracked US research. A custom phantom containing geometric inclusions with
varying symmetry properties enables straightforward evaluation of optical, electromag-
netic, and robotic kinematic tracking for 3D US at different scanning speeds and insonation
angles.

A standardised pipeline performs real-time segmentation and 3D reconstruction of geomet-
ric targets (DSC = 0.97, FPS = 46) without GPU acceleration, followed by automated reg-
istration and comparison with ground-truth geometries. Applying this framework showed
that our robotic 3D US achieves state-of-the-art reconstruction performance (DSC-3D =
0.94 ± 0.01, HD95 = 1.17 ± 0.12), approaching the spatial resolution limit imposed by the
transducer.

This work establishes a flexible experimental platform and a reproducible validation method-
ology for 3D US reconstruction. The proposed framework enables robust cross-platform
comparisons and improved reporting practices, supporting the safe and effective clinical
translation of 3D ultrasound in diagnostic and image-guided therapy applications.

Keywords: Ultrasound, 3D reconstruction, Quality assurance, Robotic ultrasound, Imag-

67



Chapter 4. Ultrasound 3D reconstruction and quality
assurance

ing guidance.

4.1 Introduction

Ultrasound (US) is widely used to image soft tissues, providing a non-ionising, low-cost,
portable, and real-time imaging modality [1]. Beyond diagnostic applications, US also sup-
ports intra-operative guidance [2], image-guided biopsy [3], microwave and radiofrequency
ablation [4, 5], and emerging non-invasive modalities such as HIFU and histotripsy [6–8]. In
these applications, spatial understanding of the relative shapes and positions of anatomical
structures is critical to ensure diagnostic accuracy, safety, and treatment efficacy. However,
traditional Two-dimensional (2D) US provides a limited cross-sectional field of view, which
reduces options for volumetric analysis and makes US-guided applications dependent on
the operator’s scanning technique and skill in geometric reasoning [9, 10].

Tracked Three-dimensional (3D) US addresses this limitation by combining conventional
2D imaging with position and orientation tracking to reconstruct 3D anatomy [11, 12].
Compared with dedicated 3D transducers, this approach enables reconstruction over larger
areas, uses widely available and more cost-effective 2D transducers and machines, and can
be readily integrated with imaging-guidance systems [11, 13, 14]. To acquire position
and orientation tracking data, optical and EM tracking have been used in freehand ap-
proaches [12]. For example, Chung et al. demonstrated freehand optical-tracked US for
carotid artery 3D imaging [14], while Krönke et al. applied EM-tracked US for thyroid
volumetry, demonstrating improved repeatability relative to standard 2D approaches [15].
More recently, robotic US has improved scanning stability, trajectory control, and pose
estimation [16]. Faoro et al. used robotic US for 3D vessel reconstruction as a pre-
treatment planning step for transcarotid revascularisation [17], Sun et al. demonstrated
3D musculoskeletal imaging [18], and Zhou et al. proposed a robotic US system for kidney
and lesion imaging for HIFU imaging-guidance. Robotic kinematic tracking can be used
independently for pose estimation or combined with optical or EM tracking to simplify co-
registration with patient or tool coordinate frames, supporting multimodal image guidance
and interventional workflows [19].

Despite widespread investigation of tracked US for 3D reconstruction, there is currently no
standardised Quality Assurance (QA) framework specifically designed to validate tracked
3D US reconstruction systems. Existing commercial QA phantoms are expensive and
intended primarily to assess 2D or dedicated 3D transducers [13]. Consequently, most ex-
isting tracked US studies report task-specific outcomes, such as 3D measurement accuracy
for a specific organ, but lack a comprehensive evaluation of their systems’ capabilities.
Task-specific metrics are often also dependent on segmentation of the test object, mean-
ing that errors associated with calibration, tracking, and 3D reconstruction cannot be
isolated from those of anatomical segmentation models (often black-box Artificial Intel-
ligence (AI)-based) used to process the US images. The robustness of these systems is
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also rarely assessed, particularly how scanning speed and insonation angle affect the qual-
ity and reliability of 3D reconstruction. This makes cross-system comparisons difficult,
thereby limiting evidence-based development.

To address this, we present two complementary contributions. First, we introduce a flexible,
open source tracked US platform for 3D reconstruction that supports interchangeable pose
estimation using kinematic, optical, or EM tracking within a unified coordinate system.
Second, we present an open source QA framework for evaluating tracked 3D US recon-
struction, including a purpose-designed agar phantom with geometric inclusions (sphere,
ellipsoid, cylinder, and triangular prism) to enable direct comparison with ground-truth
volumes. Using controlled scanning and simultaneous multimodal tracking, we compare
kinematic, optical, and EM tracking for 3D reconstruction, providing insights for future
research.

4.2 Methods

This study presents a flexible platform for 3D US that integrates conventional brightness-
mode (B-mode) US imaging with robotic, optical, or EM tracking. The workflow for 3D
reconstruction comprised four stages: (A) tracked image acquisition, (B) calibration and
spatial registration, (C) segmentation and 3D reconstruction, (D) quality assurance.

4.2.1 Tracked Image Acquisition

The system uses open source tools to support integration with multiple imaging and
tracking systems. Modules for data acquisition, robotic navigation, data streaming, seg-
mentation, and visualisation ran on a distributed system using OpenIGTLink for real-
time communication [20] (Fig. 4.1). ROS2 (Foxy) interfaced with the robot and optical
tracking systems, PLUS (v2.9.0) handled coordination synchronisation [21], and 3DSlicer
(v5.2.2) with SlicerIGT enabled visualisation, reconstruction, and analysis [22]. Segmen-
tation and 3D reconstruction were implemented in Python 3.9 on an Ubuntu 20.04 work-
station (Intel i7, 32 GB RAM). Full instructions for the system setup, as well as rele-
vant scripts, configuration files, and example code is included in the GitHub repository
(https://github.com/SMRTUS/US-QA-3D).

US images were acquired using a point-of-care US system (GE, Venue Fit) and a L4-20t-RS
transducer (3–20 MHz, 38.4 mm Field of View (FOV)) and frames were captured with an
HDMI-to-USB 3.0 capture card (Magewell, USB Capture HDMI Gen 2) and processed at
the scanner’s native resolution (1920x1080) and frame rate (15-30 FPS) using OpenCV.
This acquisition approach is broadly compatible with modern US systems providing HDMI
output, though device-specific APIs may reduce latency.

High-resolution harmonic B-mode imaging used 10/20 MHz frequency, 78 dB dynamic
range, speckle reduction, and virtual convex mode to extend the FOV. Using these imag-
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Figure 4.1: Technical diagram showing hardware devices (grey) and software modules
(blue) included as part of the experimental system used for real-time 3D US reconstruction.
The OpenIGTLink protocol was used to exchange data between modules (dashed arrows).
The data flow within modules (thin solid arrows) and connections between hardware devices
are also shown (thick solid arrows).
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ing parameters, the axial, lateral, and elevational resolution (slice thickness) were 0.25-
0.5 mm, 0.5-1.0 mm, and 0.7-2.0 mm respectively at 3 cm focal depth, measured using a
multipurpose QA phantom (CIRS, 040GSE) [23].

A 6 Degrees of Freedom (DoF) collaborative robotic arm (Universal Robots, UR3e) was
used to move and track the transducer pose. The transducer was secured in a custom
two-part 3D-printed holder mounted onto the robot flange. The robot was interfaced
via ROS2 and the Universal Robots drivers [24], which provided real-time pose estimates
based on the robot’s internal kinematics. A custom ROS2 transform listener converted axis-
angle-representation poses to transformation matrices and streamed them to PLUS via the
ROS2-IGTL-bridge [25]. The module MoveIt for ROS2 was used for motion planning [26]
to generate consistent scanning trajectories. Baseline QA scans used linear translation at
5.0 mm/s, unless otherwise stated.

The transducer’s position and orientation were also captured using optical and EM track-
ing. The optical tracking system used four infrared cameras (OptiTrack, Prime 13), posi-
tioned to maximise coverage of the working area, and calibrated using a standard wand-
based dynamic calibration (OptiTrack Motive v2.2.0) [27]. A rigid-body frame with four
6.4 mm retroreflective markers was mounted to the transducer holder for passive tracking.
A ROS2 VRPN client [28] broadcast timestamped poses at 60 FPS, and a custom ROS2
listener forwarded the timestamped transformations to PLUS via ROS2-IGTL-bridge [29].

EM tracking used a Planar 20-20 Field Generator, control unit, sensor interface unit, and
6-DoF sensor (NDI, Aurora), with manufacturer-reported positioning accuracy of 0.48 mm
and orientation accuracy of 0.3◦ [30]. The field generator covered a 500 mm3 workspace
and was positioned to minimise Electromagnetic Interference (EMI). The control unit was
connected via USB 3.1, and timestamped poses were acquired directly through PLUS’s
native Aurora interface (Fig. 4.1) [31].

4.2.2 Calibration and registration

Static transforms defining the system geometry included the flange-to-transducer offset
from Computer-Aided Design (CAD) measurements, robot linkage transforms from Denavit-
Hartenberg (DH) parameters [32], image-to-transducer transform from spatial calibration,
and coordinate registration transforms. These were organised in 3DSlicer using the Medical
Reality Modelling Language (MRML) transform hierarchy, enabling consistent propagation
of dynamic motion and tracing of US image coordinates relative to the robot base.

Temporal and spatial calibration were performed using the PLUS freehand calibration tool
(fCal) [21]. Temporal calibration estimated the latency between the image and tracking
streams by imaging the bottom of a water tank while moving the transducer in a periodic
oscillatory motion. Spatial calibration determined the static transform between the US
image and the transducer (ImageToTransducer) using a 3-layer N-wire phantom [33], giving
a sub-millimetre registration error.
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All tracking modalities (robotic, optical, and EM) were aligned to a common world coordi-
nate system defined by the robot base frame. Rigid transforms between coordinate-tracking
systems were computed via fiducial registration using at least 8 reference points across the
workspace. The 3DSlicer volume reslice driver rendered the US image within the 3D scene
during scanning.

4.2.3 Segmentation and 3D reconstruction

Real-time 3D reconstruction combined frame-by-frame segmentation with voxel-based vol-
ume mapping, providing live visual feedback. Segmentation ran in parallel with the imag-
ing pipeline, so the latency from model inference did not bottleneck visualisation. Tracked
frames were processed to produce segmentation masks which retained the original pose
and timestamp for synchronised 3D reconstruction.

A threshold-based model segmented anechoic targets in B-mode images of the phantom
for QA (D). Processing steps included Region of Interest (ROI) cropping, median filtering
(kernel size 7) to reduce speckle noise while preserving edges, and Otsu’s thresholding to
create binary masks [34, 35]. Masks were refined using morphological closing to fill gaps
and morphological opening to remove small islands. A trimming function removed dark
vertical regions from poor coupling. The resulting binary masks were then used as the
input for 3D reconstruction.

Real-time 3D reconstruction used the PLUS Volume Reconstruction module in 3DSlicer
(SlicerIGT) [22], with voxel-based forward mapping to transform each 2D pixel into a 3D
voxel coordinate, and nearest neighbour interpolation to assign voxel values within a pre-
defined grid [11]. When multiple pixels mapped to the same voxel, the final value was
determined by maximum-value compounding.

Volumes were updated continuously and rendered using 3DSlicer’s Visualisation Toolkit
(VTK) GPU Ray Casting, enabling real-time 2D and 3D visualisation [36]. Segmentation
overlays were displayed on synchronised B-mode images, and multiplanar formatting al-
lowed for axial, sagittal, coronal, or oblique views of the resulting volumes. This allowed
for clear visualisation of anatomical details, aligned with patient anatomy or procedural
targets, regardless of the original scan orientation [11].

4.2.4 Evaluation and Quality Assurance

To evaluate reconstruction accuracy and repeatability, a purpose-built phantom for Ul-
trasound Quality Assurance in 3-Dimensions (US-QA-3D) was developed. The phantom
contained four inclusions with known geometry: a sphere, an ellipsoid, a cylinder, and
an equilateral triangular prism, selected for their varied geometric properties and rele-
vance to anatomical structures. The inclusions were cast from an agar mixture without
acoustic scatterers, producing anechoic targets whose dimensions serve as ground truth for
3D reconstruction. Inclusions were embedded in a tissue-mimicking agar block contain-
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ing polydisperse glass beads to introduce speckle noise on B-mode, creating clear contrast
against the anechoic targets. Phantom preparation details are provided in Appendix B.1.1.

Figure 4.2: Experimental setup for experiments with US-QA-3D phantom, showing the
robotic arm, ultrasound transducer, tracking assembly, water tank with geometric phan-
tom, optical cameras, and electromagnetic field generator. The co-robotic arm was used
for navigation. An EM sensor and an optical tracking frame enable simultaneous multi-
modal tracking alongside the robot’s kinematics. The reference frames for the robot flange
(XYZflange), transducer (XYZtrasnducer), and phantom (XYZphantom) are shown. The US-
QA-3D phantom with geometric inclusions is shown in oblique, top, and side views.

QA experiments were conducted with the phantom suspended in a large water tank filled
with filtered, degassed water. This ensured consistent acoustic coupling and unrestricted
robot motion. The phantom was scanned using robotic navigation with simultaneous
EM, optical, and robotic kinematic tracking (Fig. 4.2). Optical cameras were arranged to
maximise marker visibility, and the EM field generator was positioned to minimise EMI,
without restricting probe motion. A ∼1 cm water layer separated the transducer from the
phantom to prevent target deformation.

Baseline scans used automated linear trajectories at 5.0 mm/s, with the imaging plane or-
thogonal to the phantom’s long axis. Additional experiments varied scan speed (2.5–17.5 mm/s)
and insonation angles (30°, 45°, and 90° about the axial axis and ± 20° about the lateral
axis). At large axial angles, multi-sweep scans were required due to the limited B-mode
FOV, and overlapping regions were combined using maximum-voxel compounding. Image
and tracking data were recorded through PLUS and triggered via the PLUS remote for
3DSlicer.

Reconstructed volumes were analysed using a Python pipeline with the 3DSlicer Applica-
tion Programming Interface (API). Intensity thresholding and connected-component anal-
ysis separated the four geometric targets, after which geometric descriptors were calculated,
including the volume, surface area, centroid location, Feret diameter, roundness, flatness,
elongation, and principal axes of variation [35].
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Reference models derived from physical measurements of the agar objects were recon-
structed in 3DSlicer VTK and co-registered with the corresponding segmented shapes using
Iterative Closest Point (ICP) registration. For quantitative evaluation, 3DSlicer’s Segment
Comparison and Segment Statistics modules were used. Agreement between predicted (X)
and reference (Y ) geometries was measured using the Dice Similarity Coefficient (DSC):

DSC =
2 |X ∩ Y |
|X|+ |Y |

(4.1)

In 2D, DSC measured the pixel-wise agreement between predicted and manually annotated
segmentation masks, whereas in 3D (DSC-3D), it quantified voxel-wise agreement between
reconstructed and reference volumes.

Boundary accuracy was assessed using the Hausdorff Distance (HD), which measures the
difference between the surfaces of the predicted shape (Xs) and reference shape (Ys). For
each surface point (x ∈ Xs) and (y ∈ Ys), the set of shortest distances to the corresponding
shape (dXs→Ys and dYs→Xs) was calculated:

dXs→Ys =

{
min
y∈Ys

‖x− y‖ : x ∈ Xs

}
(4.2)

dYs→Xs =

{
min
x∈Xs

‖y − x‖ : y ∈ Ys
}

(4.3)

This was used to find the (bidirectional) maximum Hausdorff Distance (HDmax), defined
by the maximum of both sets of shortest distances:

HD(Xs, Ys) = max (max(dXs→Ys), max(dYs→Xs)) (4.4)

and the 95th-percentile HD (HD95):

HD95(X,Y ) = max (P95(dX→Y ), P95(dY→X)) (4.5)

Both the HD and 95th Percentile Hausdorff Distance (HD95) are positive values expressed
in millimetres, with 0 mm indicating a perfect prediction.

To complement voxel-based metrics, shape-fitting provided geometry-specific information.
Surface meshes were converted to point clouds and fitted using SciPy optimisation to
estimate the sphere centre and radius; ellipsoid centre and three semi-axes; cylinder centre,
radius, height, and axis; and triangular prism height, axis orientation, and base vertices.
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4.3 Results

4.3.1 System Performance

Our system for tracked US reconstruction demonstrated reliable, real-time performance in
multimodal tracking QA experiments (Table 4.1). Tight synchronisation and low system
latency were essential for accurate real-time 3D reconstruction and visualisation. Frame-
by-frame synchronisation was handled using PLUS’s internal buffering, with a local time
offset uncertainty of < 0.5 ms, as measured by the FCal temporal calibration algorithm.
End-to-end latency from US capture to visualisation was approximately 90.2 ± 7.4 ms,
consistent with expected delays for image transfer and display using PLUS/OpenIGTLink
and 3DSlicer [21]. Volume reconstruction and VTK rendering allowed live updates every
0.2s.

Accurate tracking and registration were also critical to achieve sub-millimetre precision
in the output volumes. Image-to-transducer calibration with the N-wire technique gave a
Root mean square (RMS) error of 0.81 ± 0.15 mm, consistent with the reported perfor-
mance of this technique [33]. Robotic kinematic tracking using the robot arm’s internal
joint transformations yielded highly accurate end-effector tracking, with reported pose po-
sitioning errors of < 0.03 mm. Optical tracking calibration achieved a mean reprojection
3D error of < 0.1 mm across all experiments, but tracking was affected by marker visibil-
ity, leading to gaps in the reconstructed volumes when the line of sight was obstructed.
EM tracking accuracy was limited by field distortion, despite careful placement of the EM
field generator to minimise it. The RMS error was 0.1-0.2 mm in controlled conditions
but increased depending on the tracker’s position relative to the robot, sometimes exceed-
ing several millimetres. Spatial alignment across tracking modalities had a mean RMS
registration error of 0.19 ± 0.07 mm.

Table 4.1: System performance, including timing and synchronisation, calibration and
registration, and tracking accuracy.

Metric Value

System
Timing

Synchronisation uncertainty < 0.5 ms
End-to-end latency 90.2 ± 7.4 ms
Volume update rate 0.2 s

Calibration and
registration

Image-to-transducer RMS error 0.81 ± 0.15 mm
Cross-modality RMS registration error 0.19 ± 0.07 mm

Tracking
Accuracy

Robot kinematic tracking accuracy < 0.03 mm
Optical tracking reprojection error < 0.1 mm
EM tracking RMS error 0.1 – 0.2 mm

4.3.2 Geometric phantom

Evaluation using the US-QA-3D phantom enabled controlled assessment of reconstruction
accuracy, confirming the system’s ability to reconstruct known 3D shapes with low error.
Combined, voxel-, surface-, shape-, and fit-based metrics provided a comprehensive eval-
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uation of system performance under controlled conditions and highlighted the importance
of accurate tracking and consistent scanning for high-quality 3D reconstruction.

Construction of the US-QA-3D phantom was straightforward, and B-mode imaging showed
good contrast between the anechoic inclusions and speckle pattern of the outer media
(Fig. 4.3a). The segmentation algorithm was tuned to define the ROI, segment the in-
clusions, and optimise kernels for post-processing. Small bubbles introduced to the agar
inclusions during manufacturing did not affect segmentation, as closed-contour filling reli-
ably removed them. Automatic thresholding-based segmentation delineated the inclusions
accurately (Fig. 4.3b). Comparison with hand-annotated ground truth images (Fig. 4.3c)
showed excellent agreement, with a mean DSC of 0.97 on a test dataset of 50 images.
The thresholding approach was also computationally efficient, with a processing time of
21.8 ± 6.4 ms on a mid-range processor.

The segmentation model was applied for real-time 3D-tracked US reconstruction with
robotic navigation and simultaneous optical, EM, and kinematic tracking. During scan-
ning, reconstructed volumes were rendered and updated in real time (Supplementary
Video), allowing the operator to confirm complete coverage of the ROI (Fig. 4.4a). A
second 3D view displayed the robot, transducer, and tracked US frames (Fig. 4.4b). The
live US machine feed and B-mode images were shown in a dedicated 2D view (Fig. 4.4c),
while a second 2D view displayed the segmentation overlay (Fig. 4.4d).

Baseline reconstruction quality was evaluated using segmentation-, shape-, and fitting-
based metrics, averaged across the four geometric targets (Table 4.2). Robotic kinematic
and optical tracking performed well, with mean DSC-3D of 0.94 ± 0.01 and 0.93 ± 0.01,
respectively, while EM-based reconstruction was poorer, with DSC-3D of 0.86 ± 0.02,
likely due to the influence of EMI. This is also supported by the HD and HD95, which
measure the surface fidelity of the reconstructed shapes. For robotic kinematic and optical
tracking, the maximum HD was < 2 mm and HD95 remained < 1.2 mm, but EM-tracked
reconstruction had a HD95 > 2 mm. Fig. 4.5a shows segmented surfaces from the same
imaging sequence using each tracking method, coloured by surface error relative to the
co-registered ground truth.

Shape-based metrics provided additional validation on the geometric reconstruction accu-
racy. The roundness of the segmented sphere was 0.98 ± 0.01 for both robotic and optical
tracking, close to the expected value of 1.0. The ellipsoid elongation was 2.07 ± 0.01 for
robotic tracking and 2.06 ± 0.01 for optical tracking, both close to the expected value of 2.0.
EM-tracked reconstructions were visually poorer, with a sphere roundness of 0.95 ± 0.01
and ellipsoid elongation of 1.80 ± 0.02 indicating shape distortion.

Fit-based shape analysis also demonstrated low parameter errors for sphere and ellipsoid
models under robotic and optical tracking. Fitted radii deviated by less than 0.5 mm for
the sphere Radius R, and for the ellipsoid semi-axis radii Ry and Rz, but were slightly
higher for Rx, potentially due to variation in lateral image resolution across the wide virtual
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Figure 4.3: Thresholding-based segmentation of objects in the US-QA-3D phantom. Com-
parison shows a) B-mode images, b) B-mode images with overlaid prediction mask, and c)
B-mode images with overlaid ground-truth reference mask.
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Figure 4.4: Dual 3D view of live real-time volumetric reconstruction of robotic-tracked US
in the US-QA-3D phantom. a) Close-up of voxel-based volume reconstruction showing the
tracked US frame and reconstructed geometry. b) Robot arm and transducer assembly
during the scan. c) B-mode image from the US machine showing a cross-section of the
triangular prism inclusion, which appears anechoic compared to the background. d) B-
mode image with segmentation overlay from the thresholding algorithm. For a video of
the live 3D reconstruction, see Supplementary Video.
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Table 4.2: Baseline scans of the US-QA-3D phantom, using simultaneous tracking with
robotic kinematic, optical and electromagnetic (EM) tracking. Fitting metrics provide the
following shape measurements: sphere radius (R); ellipsoid semi-major axis (R1) and semi-
minor axis (R2) radii; cylinder radius (R) and height (H); and triangular prism length (L)
and height (H). All metrics are given as mean ± standard deviation. The error relative to
the ground truth is shown in brackets for the fitting metrics.

Robotic Optical EM

Segmentation
Metrics

DSC-3D 0.94 ± 0.01 0.93 ± 0.01 0.86 ± 0.02
HD (mm) 1.79 ± 0.37 1.93 ± 0.73 3.87 ± 0.87
HD95 (mm) 1.17 ± 0.12 1.19 ± 0.12 2.43 ± 0.44

Shape metrics

Volume error (%) 11.80 ± 1.73 11.90 ± 1.47 20.05 ± 4.77
Surface area error (%) 8.90 ± 2.33 10.41 ± 6.76 18.10 ± 8.54
Sphere roundness 0.98 ± 0.01 0.98 ± 0.01 0.95 ± 0.01
Ellipsoid elongation 2.08 ± 0.01 2.07 ± 0.04 1.80 ± 0.02

Fitting metrics

Sphere R (mm) 12.05 ± 0.03 (+0.48) 12.07 ± 0.01 (+0.50) 12.13 ± 0.09 (+0.56)
Ellipsoid R1 (mm) 12.73 ± 0.09 (+0.40) 12.83 ± 0.37 (+0.50) 14.75 ± 0.11 (+2.42)
Ellipsoid R2 (mm) 26.56 ± 0.11 (+1.91) 26.59 ± 0.07 (+1.94) 26.74 ± 0.13 (+2.09)
Cylinder R (mm) 11.23 ± 0.08 (-0.73) 11.14 ± 0.08 (-0.82) 11.93 ± 0.26 (-0.03)
Cylinder H (mm) 44.94 ± 0.40 (+2.37) 45.14 ± 0.13 (+2.57) 45.00 ± 0.46 (+2.43)
Tri. prism L (mm) 22.33 ± 0.47 (-1.18) 22.42 ± 0.26 (-1.09) 24.87 ± 0.96 (+1.36)
Tri. prism H (mm) 38.54 ± 0.07 (+1.56) 38.71 ± 0.35 (+1.73) 40.69 ± 0.85 (+3.71)

convex imaging window. The cylinder and triangular prism also exhibited slightly higher
parameter errors for dimensions along the lateral axis (x-axis), with fitted dimensions up
to 2.57 mm larger than the measured values (for the cylinder reconstructed with optical
tracking). Despite this, all shape-fitting functions converged successfully with low residual
error.

The largest errors were observed when segmentation quality was poor, particularly in
cases of surface dropout, which was occasionally seen with EM tracking. Depending on
the scan orientation, shapes were also slightly elongated in the elevational direction, re-
sulting in errors up to 1 mm in the fitted shape parameters. This was likely due to the
transducer’s elevation thickness (0.7-2.0 mm), which causes signal spill-out from and out-
of-plane elongation due to contributions above or below the imaging plane. In most cases,
the shape-fitting parameters slightly exceeded the reference values, indicating a small bias
toward overestimating the size of the reference objects.

Comparison with resolution-limited theoretical maximums indicated that reconstruction
accuracy was largely constrained by US imaging rather than calibration, tracking, syn-
chronisation, or segmentation. For example, given a reference sphere of radius r, the
volume V is

V = 4/3 · πr3, (4.6)

and a reconstructed sphere with radius error r′, the volume V ′ is

V ′ = 4/3 · π(r + r′)3. (4.7)
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Figure 4.5: 3D reconstruction of objects in US-QA-3D phantom for different tracking
modalities (robotic, optical, and electromagnetic). a) Heat maps show the surface devia-
tion error compared with co-registered reference objects. b) Mean DSC across shapes at
different scanning speeds. c) Mean DSC at varying insonation angles. Error bars show
the standard deviation across three repeats. *These experiments required multi-sweep
(compound) scanning.
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If the spheres are perfectly aligned and concentric, the theoretical resolution-limited DSC-
3D is

2V

V + V ′
=

2r3

r3 + (r + r′)3
(4.8)

In the US-QA-3D phantom, the sphere had radius r = 11.5 mm and a resolution-limited
uncertainty r′ = 0.5 mm, which gives an expected maximum DSC-3D of 0.94, closely
matching the experimental values of 0.94 ± 0.01 for robotic, and 0.93 ± 0.01 for optical-
tracked 3D reconstruction. Similarly, the theoretical resolution-limited sphere volume error
is approximately 12%, close to the experimental values of 11.80 ± 1.73 and 11.90 ± 1.47.

Best results were obtained using slow, constant scanning speeds, with slight degradation in
reconstruction quality when the scanning speed exceeded 7.5 mm/s (Fig. 4.5b). At speeds
≤ 7.5 mm/s, robotic tracking performed as well as or slightly better than optical tracking
and was much better than EM tracking. Under these conditions, reconstruction was both
accurate and repeatable, with a mean DSC-3D > 0.92 and HD95 < 1.2 mm. At higher
navigation speeds, reconstruction quality remained acceptable but decreased slightly for
both robotic and optical tracking, likely due to minor synchronisation errors producing
surface unevenness and small gaps. Overall, robotic tracking produced the most consistent
reconstructions, followed closely by optical tracking, while EM tracking performed worse
when used alongside the robot arm.

For robotic and optical tracking, insonation angle had little or no effect on the mean
DSC-3D, even during multi-sweep scanning (Fig. 4.5c). Axial rotations (z-axis) produced
accurate reconstructions despite the non-zero angle between the normal vector of the imag-
ing plane and the scanning direction. For rotations > 30°, maximum-value compounding
enabled complete reconstruction, with no clear demarcation between the sections from
multi-sweep scanning. Rotations about the lateral axis (x-axis) introduced an oblique angle
between the transducer face and the phantom surface, increasing artefacts from reflection
and refraction and slightly reducing the DSC-3D compared with perpendicular scanning.
Across all experiments, the standard deviation between repeats was small, demonstrat-
ing good repeatability. In EM scanning experiments, the DSC-3D of the reconstructed
shape was more angle-dependent since field distortion effects varied with the relative angle
between the sensor and the scanner, as well as the robot position.

4.4 Discussion and Conclusion

This study presents a flexible, open source tracked US platform for 3D reconstruction
and a standardised QA framework for quantitative system validation. We demonstrate
that accurate volumetric reconstruction can be achieved with a conventional 2D B-mode
transducer combined with interchangeable pose tracking using robotic kinematic, optical,
or EM tracking. The platform also supports simultaneous multimodal tracking, which
enables co-registered applications with other tracked tools or external systems.
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Compared with existing phantom-based validation approaches designed for dedicated 3D
transducers, the US-QA-3D framework evaluates volumetric shape reconstruction to ex-
pose clinically relevant failure modes of tracked US, including shape distortion, boundary
noise, and scaling errors [37]. The US-QA-3D phantom incorporates shapes with different
symmetry properties, helping to identify errors from calibration, temporal misalignment
of data streams, anisotropic distortion in tracking, and reconstruction artefacts that may
not be visible in point-based tests. The phantom was inexpensive and simple to con-
struct, and the geometry of the inclusions could be adapted to different applications.
Using threshold-based segmentation and automatic registration enabled simple QA with-
out GPUs or specialised hardware, further simplifying implementation. Segmentation of
B-mode images achieved high accuracy (DSC = 0.97) and real-time performance (45 FPS),
demonstrating its suitability for assessing errors associated with tracking and 3D recon-
struction. This effectively decouples tracking and reconstruction errors from segmentation
errors, a distinction often overlooked in prior studies. By separating these components,
the QA framework enables meaningful comparisons for different systems, transducers, and
tracking modalities and provides a practical tool to accelerate future development.

Applying this framework showed that both robotic kinematic tracking and optical track-
ing can achieve shape reconstruction close to the physics-based resolution limits of the US
transducer (DSC-3D = 0.94, HD95 = 1.2 mm). This is significant because optical track-
ing is highly accurate, with widely reported sub-millimetre RMS positional accuracy [38].
Demonstrating performance comparable to optical tracking confirms that modern 6-DOF
robots can provide sufficiently accurate pose tracking for high-quality 3D US, while elim-
inating the line-of-sight issues and workflow complexity associated with optical cameras.
The QA also clarified the role of EM tracking in tracked US, which performed well in free-
hand calibration, but poorly when used alongside the robot arm. This is consistent with
the well-documented susceptibility of EM tracking to magnetic field distortion [39] and
highlights the importance of volumetric QA when using EM tracking in clinical settings,
where ferromagnetic objects and EMI sources are often unavoidable [39].

Nevertheless, there are important limitations in this study that should form the basis for
future research. This study used a single high-frequency linear probe, and further inves-
tigation is needed to evaluate performance with other transducers, systems, and imaging
settings. Furthermore, while the QA framework assessed geometric reconstruction under
controlled conditions, future work should investigate robustness in non-idealised settings
to quantify the additional effect of tissue deformation, acoustic shadowing, and patient
motion on 3D reconstruction. Finally, although optical, EM, and robotic kinematic track-
ing have been the dominant techniques for US tracking, recent trackerless methods have
also been developed that use AI models to estimate transducer trajectories from video
clips [12, 40–42]. These methods, while promising, were not assessed here as they remain
difficult to validate quantitatively and are not yet suitable for safety-critical image-guided
interventions.
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By standardising volumetric QA for tracked US, this work supports transparent perfor-
mance reporting and facilitates cross-system comparison and evidence-based development
of 3D US. The proposed system showed accurate 3D reconstruction with robotic, optical,
and EM tracking which makes it extensible to a range of previously investigated clinical
applications, including 3D reconstruction for organ volumetry [43], vascular assessment to
determine the severity of stenosis [14, 44, 45], and HIFU treatment planning for tumour
ablation [46]. Ultimately, the framework will improve confidence in the reliability of 3D
US reconstruction, which is essential for safe and effective translation in clinical practice.
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Chapter 5

Co-robotic 3D reconstruction for
thyroid ultrasound

3D reconstruction of tracked ultrasound has the potential to improve diagnostic accu-
racy, spatial understanding for treatment planning, and clinician-patient communication.
Combining developments in lightweight multi-organ segmentation from Chapter 2 and
robotic-tracked 3D reconstruction techniques from Chapter 4 facilitated live multi-organ
reconstruction with high accuracy, demonstrated in the context of thyroid ultrasound. For
tracking and navigation, collaborative robotics (co-robotics) was investigated to improve
acquisition stability and also keep the clinician in the loop, simplifying the procedure and
addressing challenges associated with fully automated scanning.

This work demonstrates real-time 3D US reconstruction, with live volume reconstruc-
tion and rendering of the thyroid and vessels. Different scanning techniques were com-
pared, including ‘passive’ co-robotic backdrive-enabled manual guidance, ‘active’ co-robotic
admittance-control scanning, and freehand scanning with optical and Electromagnetic
(EM) tracking. This was used for thyroid volumetry, demonstrating that the 3D US
reconstruction is more accurate than the standard 2D sonographic approach. This has
ramifications for diagnostic applications in diffuse thyroid disease and for radioiodine ther-
apy planning, where dosimetry is calculated based on the thyroid volume.

In the context of HIFU, this segmentation-based multi-organ 3D US reconstruction could
be readily integrated into the pre-treatment planning workflow. Existing systems, such as
the Histosonics Edison histotripsy platform, already use a 6-DoF co-robotic arm, meaning
co-robotic admittance-control scanning could be feasible with minimal changes to the core
hardware. The phantom 3D reconstruction model segments the thyroid and major vessels,
which are important for HIFU planning. However, the nodule volume is needed for therapy
planning (a feature not present in the phantom), and the trachea, recurrent laryngeal nerve,
and oesophagus should be considered in future work aimed at translating the findings using
clinical data.
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Abstract

Accurate thyroid volumetry is essential for diagnosis, monitoring, and treatment planning.
However, conventional approaches rely on two-dimensional (2D) Ultrasound (US), which is
operator-dependent and can be inaccurate for patients with enlarged or multinodular thy-
roids. Three-dimensional (3D) US can overcome these challenges, but has been limited by
workflow and segmentation challenges. This study presents an AI-assisted co-robotic US
system for real-time 3D reconstruction and automated assessment of the thyroid and ad-
jacent vasculature. The system uses collaborative robotics for hand-guided scanning, with
frame-by-frame deep learning segmentation and voxel-based reconstruction. Evaluation
with a tissue-mimicking anatomical thyroid phantom showed that the co-robotic acquired
3D US thyroid volume (37.7 ± 1.3 mL) closely matched the computed tomography (CT)
ground-truth value (37.9 ± 1.8 mL) and outperformed the standard 2D ellipsoid formula
B-mode US approach (30.9 ± 2.0 mL). Co-robotic acquisition improved scanning stability
compared with freehand optical and electromagnetic tracked approaches, increasing the
accuracy of measurements of thyroid lobe dimensions, vessel diameters, and total thyroid
volume. AI-assisted co-robotic 3D US enables accurate, reproducible assessment of the
thyroid and vessels while retaining the accessibility and safety of 2D US imaging. This
has the potential to improve planning for thyroid procedures, including radioiodine ther-
apy, US-guided biopsy, radiofrequency ablation, and High-Intensity Focused Ultrasound
(HIFU).

Keywords: Ultrasound, 3D Reconstruction, Artificial Intelligence, Thyroid, Robotic Ul-
trasound.
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5.1 Introduction

US is the primary imaging modality for clinical evaluation of the thyroid gland. It is non-
ionising, portable, and cost-effective, and provides high-resolution imaging of the thyroid
and nodules [1, 2]. Beyond diagnosis, US is also used for imaging guidance in biopsies, intra-
operative navigation, and emerging non-invasive therapies such as High-Intensity Focused
Ultrasound (HIFU) and histotripsy [3–5]. Accurate thyroid volumetry is also important in
radioiodine therapy planning for Graves’ disease, where dosimetry is calculated based on
the thyroid mass, derived from US volumetry [6, 7].

Despite its widespread use, most clinical US applications rely on Two-dimensional (2D)
imaging. Thyroid volume is typically determined by measuring the gland in approximately
orthogonal planes and modelling each lobe as an ellipsoid (often with an empirical correc-
tion factor) [8]. This approach is operator-dependent, and previous studies have shown that
the ellipsoid approach is inaccurate for irregular or enlarged thyroid glands. Inter-operator
variability in thyroid volume measurement ranges from 11–28% [9], which can influence
clinical decision-making, particularly in treatment planning where accurate volumetry is
required.

Three-dimensional (3D) US can reduce reliance on geometric assumptions by directly re-
constructing anatomy from acquired image data [10]. Dedicated 3D transducers exist but
are limited by cost, restricted Field of View (FOV), lower frame rates, and incompatibility
with standard clinical systems [11]. An alternative approach is tracked 3D US, in which
a conventional 2D transducer is swept across the anatomy, and its pose is recorded to
reconstruct a volumetric image [12]. This enables 3D imaging over a large area without
the need for specialist US systems [9, 13], but introduces challenges with tracking and
computation. Previous systems for neck and thyroid US have included freehand optical-
tracked US to image the carotid artery [14] and EM tracked US for thyroid volumetry [9].
However, optical tracking requires line-of-sight between infrared cameras and retroreflec-
tive markers on the transducer [15], and EM tracking is susceptible to Electromagnetic
Interference (EMI) [16, 17]. Freehand scanning also depends on operator skill and hand
stability, limiting its reproducibility [13].

Robotic ultrasound (RUS) systems have emerged as a promising solution to improve the
reproducibility of tracked US acquisition [18–20]. RUS enables teleoperation and auto-
mated scanning [21–23]; however, a large skill gap remains between human experts and
autonomous US scanning systems [24]. Collaborative robotic (co-robotic) approaches offer
a middle ground between freehand and automated RUS, allowing the operator to control
the scanning while still benefiting from robotic stability, speed regulation, and kinematic
tracking [21, 25, 26].

Neck and thyroid imaging are well-suited to RUS because the anatomy is superficial, res-
piratory motion is negligible, target structures are small and well-defined, and diagnostic
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workflows already rely on US assessment [9, 10]. Several recent studies have investigated
RUS for either thyroid [7, 23, 27–31] or carotid artery scanning [14, 32–37]; however, none
have yet demonstrated a unified method for diagnostics and treatment planning in the
neck. Previous work by Huang et al. demonstrated RUS 3D reconstruction in a thyroid
phantom using B-mode intensity mapping [27, 28], and Kaminski et al. applied force feed-
back to improve 3D reconstruction in the same phantom [30]. Kojcev et al. later evaluated
RUS and conventional US thyroid volumetry in four healthy volunteers, suggesting that
their robotic approach was more repeatable than conventional sonography [31]. However,
these studies lacked the organ-specific segmentation required for automated volumetry and
treatment planning.

More recently, Artificial Intelligence (AI) and Deep Learning (DL) methods have been
applied to real-time segmentation and adaptive robotic control [29, 33, 38, 39]. Zielke et
al. introduced an AI-guided robotic system for thyroid scanning using live segmentation
for motion control [7], recording a mean thyroid volume of 32.48 ± 0.93 mL, compared to
23.75 ± 4.83 mL for experts, and 30.01 mL for the Computed Tomography (CT) baseline.
Su et al. combined automated RUS with a DL classifier for thyroid nodule classification
in nineteen patients [29], but without 3D reconstruction. Lin et al. demonstrated fully
automated robotic scanning of a thyroid phantom with accurate volumetry (34.3 ± 0.3 mL
vs. 34.5 mL on CT) and good force reproducibility (2.1 ± 0.5 N) [23], but did not eval-
uate the effect of scanning speed on 3D reconstruction, or include 3D renderings of the
reconstructed anatomy. Jiang et al. applied RUS and DL for carotid artery imaging in
122 volunteers with expert-level biometric accuracy (± 0.42 mm), but did not extend to
3D reconstruction [35].

Therefore, important clinical gaps remain. Many RUS thyroid studies focus on robotic
control strategies for automation, but few investigate co-robotic strategies. Others report
volumetry based on post-processing, without 3D reconstruction, or without quantitative
comparison to CT reference imaging. Real-time multi-organ 3D reconstruction of the
thyroid and surrounding anatomy has not yet been demonstrated, despite its relevance
to biopsy planning, ablation, and non-invasive therapies, where understanding the spatial
relationships between structures is important for safety and efficacy.

In this study, we present an AI-assisted co-robotic US platform for real-time 3D recon-
struction of the thyroid and adjacent vasculature using a conventional clinical US system
(Fig. 5.1). A collaborative robotic approach maintains direct clinician control while im-
proving acquisition stability and tracking accuracy. DL–based segmentation enables live
reconstruction and automated extraction of thyroid volume, lobe dimensions, and vessel
diameters. We demonstrate that co-robotic 3D US improves volumetric accuracy compared
to conventional 2D ellipsoid-based estimation, supporting its potential role in thyroid di-
agnostic applications, disease monitoring, and interventional planning.
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Figure 5.1: System for co-robotic 3D reconstruction in a thyroid anatomical phantom
(CIRS, Model 074) using a linear US transducer (GE Healthcare, L4-20T-RS) mounted on a
6-DoF collaborative robot arm (Universal Robots, UR3e). A deep learning model segments
the thyroid and vessels in each frame, and a real-time 3D reconstruction algorithm spatially
compounds the segmented images from tracked transducer poses, enabling visualisation
and automatic volumetric assessment of the thyroid and major vessels.
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5.2 Methods

This study evaluated an AI-assisted co-robotic US system [40] for 3D reconstruction and
volumetric assessment of the thyroid gland and adjacent vasculature (Fig. 5.1). Co-
robotic scanning was compared with freehand scanning using optical and EM tracking.
Experiments were conducted using a thyroid training phantom, and the US-derived thyroid
volume was compared with the CT gold-standard reference volume.

5.2.1 System overview

Experiments used a commercially available tissue-mimicking thyroid phantom (Model 074,
CIRS), which includes a slightly enlarged thyroid gland, trachea, common carotid arteries,
and internal jugular veins. This phantom has been used as a baseline in previous RUS
studies [7, 23, 27, 28, 30].

A high-frequency linear transducer (GE L4-20t-RS) and clinical US system (GE Venue Fit)
captured Brightness Mode (B-mode) images for 3D reconstruction. Imaging parameters
were typical of those used for thyroid US [41]: harmonic imaging at 10/20 MHz, 78 dB
dynamic range, speckle reduction, and virtual convex mode to extend the FOV. Gain
and Time Gain Compensation (TGC) were adjusted for optimal contrast. US spatial and
temporal calibration used PLUS fCal with a 3-layer N-wire phantom [42, 43].

In co-robotic experiments, the transducer was mounted on a 6-DoF collaborative robot
(UR3e, Universal Robots). Two control modes were compared: ‘passive’ backdrive-enabled
manual guidance (Universal Robots Freedrive) and ‘active’ admittance control with force
sensing (Robotiq Force Copilot, ActiveDrive) to assist movement, regulate speed, and
maintain contact force. Freehand experiments used optical tracking with four cameras
(OptiTrack, Prime 13) and EM tracking with a 6-DoF sensor (NDI, Aurora) to capture
the transducer position and orientation.

All scans were performed by a single operator following standard clinical thyroid US tech-
nique [2, 41, 44]. Three sweeps were acquired: two transverse superior–inferior sweeps of
the left and right thyroid lobes and vessels, and a midline sweep of the isthmus and tra-
chea. Transducer motion was slow (2.8-3.5 mm/s), imaging perpendicular to the phantom
surface with light, consistent pressure to ensure consistent coupling and minimise defor-
mation. Imaging was acquired with freehand (optical and EM) and co-robotic (active and
passive) navigation, each with three repeats.

5.2.2 Segmentation and 3D reconstruction

Real-time reconstruction used frame-by-frame segmentation and voxel-based mapping to
provide immediate visual feedback during scanning. A lightweight U-Net model was trained
for multiclass anatomical segmentation of the thyroid, carotid artery, and jugular vein in
phantom B-mode images (Fig. 5.2). This used an encoder-decoder architecture to extract
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hierarchical features from the B-mode image, which were then progressively upsampled
and fused with skip connections to produce pixel-wise class prediction masks. Details of
the architecture are given in Table 5.1.

The model was trained on 539 hand-annotated images, with a 20% validation split to
regulate a dynamic training regime using learning-rate decay and early stopping to pre-
vent overfitting. Training used the Adam optimiser [45] to minimise a Dice-cross-entropy
combo loss (weighted 2:1) [46], and US-specific data augmentations (emulating varying
gain, depth, and TGC) to improve generalisation [47]. Performance was evaluated on 100
test images, sampled from separate cine-loops to minimise the risk of data leakage. In 3D
reconstruction, the trained model was used in inference mode and ran in parallel with the
imaging pipeline to minimise latency. The resulting segmented frames were used to inform
3D reconstruction.

Figure 5.2: Lightweight U-Net architecture for multiclass anatomical segmentation in the
thyroid phantom. The input image is mapped to the output segmentation map via a
convolutional encoder-decoder network. Encoder (Enc) blocks extract hierarchical features
from the input image and compress spatial information. Decoder (Dec) reconstruct the
segmentation map and recovers spatial details. Skip connections are shown as blue arrows,
and the direct flow of information between layers as green arrows.

Segmented US frames inherited the original pose and timestamp for 3D reconstruction, en-
suring tight synchronisation. Voxel-based forward mapping transformed each pixel to 3D
space, using nearest-neighbour interpolation and maximum-value compounding for real-
time 3D reconstruction [11]. Volumes were updated and rendered using 3DSlicer’s Visuali-
sation Toolkit (VTK) GPU Ray Casting [48]. Post-processing removed small islands (< 10
mm3), followed by 3 mm (3x3) morphological opening and closing operations to reduce
small extrusions and fill small cavities. A 3 mm median filter smoothed the reconstructed
surface while preserving the overall morphology. Finally, multiplanar formatting re-sliced
the volumes to enable interactive inspection in axial, sagittal, coronal, or oblique planes,
regardless of the original scan orientation.
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Table 5.1: CNN structure for real-time multiclass thyroid segmentation. The CNN uses
encoder (Enc) blocks, with an increasing number of convolutional filters per layer (32, 64,
128, 256). Each Enc block consists of 2D convolutional layers with 3x3 kernels (Conv3x3),
Batch Normalisation (BN), LeakyReLU activation (α=0.1), and Dropout (rate = 0.2),
followed by 2x2 Max-pooling. The bottleneck layer has 512 filters. Decoder (Dec) blocks
mirror the encoder, using bilinear upsampling, feature concatenation (Concat) with the
corresponding Enc block output, and convolutional blocks with a decreasing number of
filters (256, 128, 64, 32).

Stage Resolution (H×W) Channels Details

Input 256×256 1 Input (B-mode ultrasound image)

Enc-1 128×128 32 2×(Conv3×3 + BN + LeakyReLU + Dropout), MaxPool 2×2,
stride 2

Enc-2 64×64 64 2×(Conv3×3 + BN + LeakyReLU + Dropout), MaxPool 2×2,
stride 2

Enc-3 32×32 128 2×(Conv3×3 + BN + LeakyReLU + Dropout), MaxPool 2×2,
stride 2

Enc-4 16×16 256 2×(Conv3×3 + BN + LeakyReLU + Dropout), MaxPool 2×2,
stride 2

Bottleneck 16×16 512 2×(Conv3×3 + BN + LeakyReLU + Dropout)

Dec-4 32×32 256 UpSample ×2, Concat Enc-4, 2×(Conv3×3 + BN + LeakyReLU
+ Dropout)

Dec-3 64×64 128 UpSample ×2, Concat Enc-3, 2×(Conv3×3 + BN + LeakyReLU
+ Dropout)

Dec-2 128×128 64 UpSample ×2, Concat Enc-2, 2×(Conv3×3 + BN + LeakyReLU
+ Dropout)

Dec-1 256×256 32 UpSample ×2, Concat Enc-1, 2×(Conv3×3 + BN + LeakyReLU
+ Dropout)

Output 256×256 4 1×1 Conv + Softmax (pixel-wise class probabilities)
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The thyroid left and right lobes and isthmus were then segmented along longitudinal planes
lateral to the trachea walls, and the maximum length, width, and anterior-posterior di-
ameter of each lobe were extracted. Vessels were separated laterally, and centrelines were
extracted to find the average diameter with SlicerVMTK. The 3D thyroid volume (V3D-TV)
was calculated directly from the voxel count and grid spacing.

5.2.3 Thyroid volumetry and quantitative analysis

In line with previous studies, manual segmentation of a CT scan was used to determine the
gold-standard reference thyroid volume [7, 23], allowing direct comparison with the V3D-TV

from 3D US reconstruction. The shape of the co-registered thyroid model from 3D US was
also compared with the CT reference using the Dice Similarity Coefficient (DSC), which
quantified the voxel-wise volumetric agreement (Equation 5.1). This was also applied in
2D to find the pixel-wise agreement between AI-segmented and manually-annotated test
data.

DSC =
2 |X ∩ Y |
|X|+ |Y |

(5.1)

The 95th Percentile Hausdorff Distance (HD95) was also calculated (Equation 5.2) to
quantify the surface distance error between the thyroid models from CT and 3D US,
measured as the 95th percentile of closest-point distances in both directions.

HD95(X,Y ) = max (P95(dX→Y ), P95(dY→X)) (5.2)

Additionally, reference thyroid and vessel measurements were obtained using 2D B-mode,
which is the clinical standard measurement technique [1, 2]. Thyroid lobe length (L) and
anterior-posterior diameter (AP) were measured in sagittal views, and width (W) was
measured in transverse views [1]. The thyroid volume was calculated using the clinical
standard ellipsoid formula (VUS-TV, Equation 5.3) [8] and a lower correction factor formu-
lation (VUS-LCF, Equation 5.4) [8, 49, 50].

VUS-TV = L ×W ×AP × π/6 (≈ 0.524) (5.3)

VUS-LCF = L ×W ×AP × 0.479 (5.4)

5.2.4 Measuring movement smoothness

To assess the smoothness of freehand and co-robotic US scanning, tracking data were
acquired for scans of the left lobe of a thyroid phantom with a single slow sweep (2.8-
3.5 mm/s). For each experiment, the position, orientation, and force-torque values were
recorded in ROS2 at 30 Hz. Noise in the tracking data was suppressed using a Savitzky-
Golay filter [51] (order 3, window size 11) and the Log Dimensionless Jerk (LDLJ) was
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calculated across four non-overlapping 5 s windows, quantifying the smoothness of move-
ment by measuring deviations from an idealised perfectly smooth motion. The LDLJ
(Equation 5.5) is a normalised metric derived from the second derivative of speed with
respect to time, where lower (less negative) values indicate a smoother scan:

LDLJ = − ln

(
(t2 − t1)3 v2peak

∫ t2

t1

(
d2v(t)

dt2

)2

dt

)
(5.5)

where t1 and t2 are the start and stop times of the movement, vpeak is the maximum speed,
and d2v(t)

dt2
is the jerk. We also report the Spectral Arc Length (SPARC) (Equation 5.6), as

proposed by Balasubramanian et al., which is less sensitive to noise than the LDLJ [52].
SPARC is given by

SPARC = −
∫ ωh

ωl

√√√√( 1

ωc

)2

+

(
dV̂ (ω)

dω

)2

dω (5.6)

Where V̂ (ω) is the normalised Fourier magnitude spectrum of the velocity and ωc is adap-
tively selected based on the normalised Fourier magnitude spectrum to avoid noise.

5.3 Results

The system’s baseline 3D reconstruction performance was first evaluated using a quality
assurance phantom with anechoic targets of known geometry [40]. The base volume recon-
struction accuracy was measured as DSC = 0.94 ± 0.01, and the surface reconstruction
error was HD95 = 1.17 ± 0.12 mm, indicating that tracking and 3D reconstruction errors
were small relative to the transducer’s spatial resolution (∼0.5-1 mm). Robotic kinematic
tracking had positioning errors of < 0.03 mm [53], optical tracking had a mean 3D repro-
jection error of < 0.1 mm, and EM tracking had an Root mean square (RMS) error of
around 0.1-0.2 mm. Spatial calibration of the B-mode images had an RMS error of 0.81 ±
0.15 mm.

The system was then applied for thyroid 3D US. Training the lightweight segmentation
U-Net took 9 min 43 s (76 epochs) and achieved DSC values of 0.88, 0.90, and 0.74 for
the thyroid, carotid artery, and jugular vein, respectively, as assessed on the independent
test set. Most images were segmented accurately (Fig. 5.3), but the jugular vein was
occasionally misclassified as the carotid artery, which has a similar morphology. Some false-
positive regions were present for the thyroid class, mostly in the far-field region around the
trachea, where the thyroid boundary was unclear.

The model inference time was 31.3 ± 3.8 ms with 3.2 ± 0.9 ms for pre-processing, allowing
segmentation at 27 FPS. This was sufficient for live 3D reconstruction in thyroid scan-
ning experiments (Fig. 5.4), enabling the user to monitor the segmentation overlay and
generate 3D anatomical structures during the scan (Supplementary Video 1). Time offset
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Figure 5.3: AI-based segmentation of anatomy in the thyroid phantom. The comparison
shows the B-mode US image, overlaid prediction mask, and overlaid ground-truth reference
mask.
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uncertainty between imaging and tracking was < 0.5 ms, and end-to-end latency from US
capture to visualisation was < 100 ms. Live volume reconstruction and rendering allowed
volumes to be updated every 0.5 s using GPU acceleration.

Figure 5.4: Dual 3D view of real-time volumetric reconstruction of co-robotic US in a
thyroid training phantom: a) close-up of voxel-based volume reconstruction showing the
tracked US frame and reconstructed carotid artery (orange), jugular vein (blue), and thy-
roid (green), b) co-robot arm and transducer assembly. c) B-mode image from the US
machine, d) B-mode image with segmentation overlay. For a video of the live 3D recon-
struction, see Supplementary Video 1.

The three-sweep co-robotic scanning approach captured the complete thyroid volume
(Fig. 5.5a). Real-time 3D reconstruction of the thyroid and major vessels produced volumes
with some surface noise (Fig. 5.5b), which was smoothed and suppressed by post-processing
(Fig. 5.5c). The thyroid was split into its left and right lobes and isthmus, and thyroid and
vessel measurements were extracted (Fig. 5.5d). All scans captured the general structure
of the thyroid lobes and adjacent vessels, but the level of detail and fidelity varied with
the tracking method and acquisition approach. Consistent segmentation of anatomical
structures across repeats supported the repeatability of the AI-based approach.

After scanning and 3D reconstruction, the volumes were automatically post-processed and
re-sliced using Multiplanar Reconstruction (MPR) to generate axial, sagittal, and coronal
(or oblique) views of the anatomy, similar to CT or Magnetic Resonance Imaging (MRI)
(Fig. 5.6). The rendered volumes could also be manipulated (rotated, zoomed, and panned)
to inspect the anatomy from all angles in 3D.

Table 5.2 summarises the 3D reconstruction results. Average diameters (�) for the left and
right carotid artery and jugular vein were within the range of uncertainty of the measured
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Figure 5.5: AI-assisted co-robotic tracked US 3D reconstruction and visualisation in thyroid
phantom. a) Scanning methodology, showing the three sweeps needed to fully reconstruct
the neck anatomy. Blue points show the transducer’s trajectory during the scan. b) Voxel-
based reconstruction of the carotid artery (orange), jugular vein (blue), and thyroid (green)
(1 mm voxel size). c) Post-processed segmented volumes. d) Measurements of the thyroid,
which is split into the left lobe, right lobe, and isthmus. L = length, W = width, AP =
anterior-posterior diameter, JD = jugular diameter, CD = carotid diameter.
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Figure 5.6: 3D render and cross-sectional images of the thyroid and major vessels in an
anatomical phantom from MPR. Volumes are generated using a co-robotic tracked US sys-
tem with active guidance and real-time AI anatomical segmentation for 3D reconstruction.
The visualisation shows closed-surface representations of the reconstructed thyroid, split
into its left and right lobes and isthmus. Also shown are the left and right carotid arteries,
the jugular vein, and projections of their centrelines. Cross-sectional views show a slice
through the segmented volume: 1) coronal plane, 2) axial plane, 3) sagittal plane (right
thyroid lobe).
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Table 5.2: Measurements of the phantom anatomy, comparing baseline values (B-mode and
CT) with AI-based 3D US reconstruction under co-robotic (active and passive guidance)
and freehand (optical and EM tracked) guidance. Values are mean ± std.

Baseline Co-robotic Freehand
B-mode CT Active Passive Optical EM

Vessels
Carotid �(left) / mm 6.8 ± 0.7 N/A 7.0 ± 0.5 6.5 ± 0.2 7.2 ± 0.1 6.9 ± 0.1

�(right) / mm 6.8 ± 1.1 N/A 7.1 ± 0.2 6.4 ± 0.5 7.6 ± 0.1 7.5 ± 0.1

Jugular �(left) / mm 4.4 ± 0.7 N/A 5.2 ± 0.2 4.4 ± 0.3 5.0 ± 0.1 5.1 ± 0.1
�(right) / mm 4.6 ± 0.6 N/A 5.1 ± 0.2 4.4 ± 0.1 5.3 ± 0.1 5.4 ± 0.2

Thyroid

Left lobe
L / mm 48.4 ± 5.6 49.8 ± 0.8 48.9 ± 1.3 47.2 ± 0.2 54.0 ± 3.7 51.4 ± 1.3
W / mm 24.6 ± 0.9 23.4 ± 0.4 23.1 ± 1.8 21.9 ± 2.2 21.8 ± 1.6 23.2 ± 1.1
AP / mm 23.0 ± 0.8 24.1 ± 0.6 24.0 ± 0.8 22.4 ± 0.5 24.6 ± 1.3 20.6 ± 1.1

Right lobe
L / mm 55.2 ± 1.1 55.6 ± 0.3 55.3 ± 1.0 54.6 ± 0.2 52.2 ± 2.2 56.5 ± 0.9
W / mm 24.2 ± 0.1 23.5 ± 0.6 25.3 ± 1.2 23.4 ± 0.4 26.3 ± 2.3 23.4 ± 1.1
AP / mm 23.2 ± 0.9 22.9 ± 0.4 22.3 ± 0.9 23.9 ± 0.9 22.1 ± 0.4 22.1 ± 0.4

Total volume
VUS-TV / mL 30.9 ± 2.0 30.6 ± 1.2 30.7 ± 2.8 28.2 ± 2.0 31.3 ± 2.0 28.3 ± 1.0
VLCF-TV / mL 28.0 ± 1.8 27.8 ± 1.1 28.0 ± 2.6 25.7 ± 1.9 28.4 ± 1.8 25.8 ± 0.9
V3D-TV / mL N/A 37.9 ± 1.8 37.7 ± 1.3 33.4 ± 0.8 40.9 ± 1.1 37.8 ± 1.7

baseline (B-mode). For active co-robotic scanning, the right carotid artery and jugular
vein were 7.1 ± 0.2 mm and 5.1 ± 0.2 mm; for freehand optical scanning, 7.6 ± 0.1 mm
and 5.3 ± 0.1 mm, compared with 6.8 ± 1.1 mm and 4.6 ± 0.6 mm measured directly on
2D B-mode. Vessel measurement uncertainty for 3D reconstruction was also smaller than
the B-mode baseline measurements. Thyroid lobe L, W, and AP diameters were within
1.5 mm of Baseline B-mode values using co-robotic active scanning.

3D US thyroid volumes were compared with the clinical standard technique using the
conventional ellipsoid formula (VUS-TV, Equation 5.3) and lower-correction-factor ellipsoid
formula (VLCF-TV, Equation 5.4). Co-robotic active and freehand optical VUS-TV values
were 30.7 ± 2.8 mL and 31.3 ± 2.0 mL respectively, differing < 0.5 mL from the B-mode
baseline value of 30.9 ± 2.0 mL. Co-robotic passive and freehand EM scans showed larger
deviations (up to 2.7 mL), but remained within standard error limits of the reference
measurements.

The CT-derived gold-standard thyroid volume was 37.9 ± 1.8 mL (Fig. 5.7), 7.4 mL higher
than the estimate obtained using the ellipsoid formula. This was because, unlike the V3D-TV

from CT, the VUS-TV did not capture the irregular geometry of the enlarged thyroid and
excluded the isthmus. The V3D-TV measurements from 3D US showed strong agreement
with the CT reference, supporting this reasoning. Co-robotic active guidance yielded a
volume of 37.7 ± 1.3 mL, while freehand EM scanning produced 37.8 ± 1.7 mL, corre-
sponding to small biases of +0.2 mL (0.5%) and +0.1 mL (0.3%), respectively, relative
to the CT baseline. Geometric agreement between US- and CT-derived reconstructions
was also high, with a mean surface distance of 1.06 mm, a DSC of 0.87, and an HD95
of 3.07 mm. Vascular structures were not visible in the reference CT images and could
therefore not be evaluated this way.
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Figure 5.7: Reference CT imaging of thyroid phantom (CIRS Model 074), showing axial,
coronal, and sagittal views. The thyroid was manually segmented in each slice, and is
shown in yellow. The volume of the thyroid was 37.9 ± 1.8 mL.
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Comparing freehand and co-robotic scanning approaches showed that both approaches
enable accurate 3D US reconstruction, with the best method depending on the clinical ap-
plication. Freehand scanning allowed unrestricted motion but was more prone to dropout,
causing the thyroid and vessels to appear irregular in some cases, with visible disconti-
nuities, increased surface noise, or holes in the 3D volumes, likely due to tracking jitter.
Co-robotic scanning provided greater stability, improving the consistency of tracked US
acquisition, but the scanning area was limited to the robot’s workspace. Co-robotic tra-
jectories were smoother than freehand scans, indicated by lower LDLJ and SPARC values,
despite similar median scanning speeds (3.5 ± 1.0 and 2.8 ± 0.6 mm/s) (Figure 5.8). Of
the two co-robotic control modes, active compliance with speed regulation enabled more
precise control of the transducer’s speed and orientation and helped the operator maintain
a safe probe contact force, with a mean of 2.2 N, compared to 5.6 N under passive manual
guidance, as measured by the robot’s force-torque sensor.

Figure 5.8: Log dimensionless jerk and spectral arm length for single-sweep scans of thyroid
phantom using co-robotic navigation (active and passive) and freehand navigation (optical
tracking). Boxplots show the median and quartiles for LDLJ and SPARC across five
repeated sweeps.

5.4 Discussion and Conclusion

This study demonstrates that accurate 3D US imaging of the thyroid and major vessels can
be achieved using a conventional 2D B-mode transducer, a collaborative robot arm, and
real-time AI-based segmentation. This system enables low-latency acquisition and volume
reconstruction, allowing anatomical structures to be visualised and measured immediately.
These capabilities support the use of tracked US for thyroid volumetry, treatment planning,
and image-guided interventions.

A key feature of the proposed framework is the use of co-robotic US rather than a fully
autonomous RUS. In this approach, the clinician remains in direct control of the scan
while the robot provides mechanical stability, force regulation, and trajectory smoothing.
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At present, fully automatic RUSs still fall short of human scanning capabilities, lacking
the ability to fully comprehend anatomy, diseases, physiology, and the physics of US imag-
ing, all of which are important for ensuring optimal imaging and patient safety [25, 26].
Co-robotic systems may therefore represent a practical intermediate stage of automation,
assisting the clinician while addressing the safety, regulatory, and ethical challenges as-
sociated with fully autonomous RUS [54], aiding in the translation of these devices from
research settings to clinical practice [24].

This co-robotic approach also aligns well with current clinical workflows, particularly in
surgical and minimally invasive interventional environments where robots are already used
to position needles or therapy transducers. Because the clinician hand-guides the robot, the
learning curve is shorter than with other robotic approaches, facilitating clinical translation.
Using the same robotic platform for imaging and treatment also ensures that all spatial data
is within a single coordinate system. This removes the necessity for external optical or EM
tracking [55], simplifying the workflow and overcoming common issues such as line-of-sight
occlusion and EMI in procedures such as image-guided biopsy and HIFU. In procedures
requiring multiple tracked objects, registration may be more complex, and multimodal
tracking with co-registered robotic and optical or EM tracking may be beneficial.

The experimental results demonstrate that co-robotic scanning can provide stable acqui-
sition and high-quality 3D reconstructions of thyroid anatomy. Compared with freehand
scanning, co-robotic trajectories were smoother and less susceptible to probe instability or
undersampling, resulting in more consistent volumetric reconstructions. Force-regulated
compliance also helped the operator maintain stable probe contact with the tissue surface,
which is important for image quality and patient comfort. Despite these differences, both
freehand and co-robotic scanning approaches produced accurate thyroid reconstructions,
suggesting that the tracked US framework is robust to different acquisition strategies.

The lightweight U-Net enabled real-time segmentation of the thyroid and major vessels
at 27 FPS, with a thyroid DSC of 0.88, comparable to previous thyroid US segmentation
methods with DSC in the range 0.83–0.88 [9, 56]. This allowed anatomical structures to
be reconstructed and anatomical measurements to be extracted automatically, potentially
reducing operator-dependence. Thyroid length and carotid diameter measurements were
consistent with reference B-mode US values, supporting the reliability of the reconstructed
volumes for quantitative assessment. Carotid diameters were within 3-5% error of reference
US measurements, compared to 7-9% errors recorded in a previous freehand optical-tracked
3D US study [14].

Direct volumetric measurement of the thyroid from the reconstructed 3D US data showed
strong agreement with the CT-derived reference volume, with errors below 1%, compared
with previous 1-8% errors using autonomous RUS [7, 23]. In contrast, thyroid volumes
estimated using the clinical-standard ellipsoid formula were substantially lower, underesti-
mating the true volume of the phantom’s slightly enlarged thyroid by approximately 22%.
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This finding is consistent with previous studies showing that the ellipsoid approximation
does not accurately represent the irregular shape seen in patients with an enlarged or
multinodular thyroid [1, 7, 9]. The ability to measure thyroid volume directly from recon-
structed US data may therefore provide a more accurate and reproducible alternative to
conventional 2D sonographic volumetry.

Nevertheless, there are important limitations. This study used a single high-frequency lin-
ear transducer, and further investigation is needed to evaluate the approach across other US
systems and imaging settings. In addition, validation was performed using an anatomical
phantom rather than in vivo, where patient motion, deformation, and acoustic shadowing
would introduce additional challenges [31, 57]. To translate the device for clinical use,
the AI segmentation model would require additional training and validation using large
annotated clinical datasets, which can be expensive and challenging to acquire in prac-
tice [58, 59]. This model would have to be sufficiently generalisable across anatomical
variants, such as the thyroid pyramidal lobe, which is present in around 20% of individu-
als [60], as well as pathologies that affect thyroid shape, such as exophytic thyroid nodules
and multinodular goitre. Furthermore, only the thyroid and major vessels were segmented
in this study. Extending the segmentation to include additional structures, such as the
trachea, oesophagus, muscles, and lymph nodes, may further improve the clinical util-
ity of reconstructed volumes for surgical planning [61]. Inter-operator variability was not
evaluated, and future studies should investigate how different clinicians interact with the
co-robotic system and how these interactions affect scanning performance [62]. Under-
standing operator workload and ergonomics is also important to assess whether co-robotic
approaches hinder natural scanning techniques or increase musculoskeletal strain, which is
a recognised issue in diagnostic sonography [63] but remains largely unexplored in RUS.

The tracked US framework presented here could support a range of clinical applications
beyond thyroid volumetry. 3D US can improve spatial understanding of anatomy and assist
in treatment planning, particularly when determining lesion location and surgical margins
in thyroid disease [64]. Similarly, 3D vessel reconstruction enables measurement of the
lumen cross-sectional area, vessel curvature, and tortuosity, which have clinical value for
vascular interventions and plaque assessment in the carotid artery [14, 37, 65], as well as
cannulation of the internal jugular vein for robotic cardiac surgery [66]. More broadly, co-
registered 3D US imaging could facilitate minimally- and non-invasive interventions such as
microwave or radiofrequency ablation [4, 67], biopsy [68], and HIFU procedures [5, 69, 70],
providing a spatial map of the anatomy and treatment pathway. Future systems may also
integrate 3D US with Augmented Reality (AR) to further improve spatial understanding
and clinical communication in next-generation imaging [11, 71].
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Discussion

This thesis presents developments in imaging-guidance technology for Ultrasound-guided
High-Intensity Focused Ultrasound (USgHIFU), introducing a novel co-robotic system for
patient-specific 3D anatomical reconstruction. The development of lightweight DL models
enabled real-time delineation of structures in ultrasound and subsequent 3D US recon-
struction, as demonstrated in phantoms. This improves spatial understanding and has the
potential to streamline the HIFU procedure by reducing operator dependence, improving
safety and efficacy, and shortening treatment duration. Beyond HIFU, this work also has
wide-ranging implications for other diagnostic and interventional applications, including
radioiodine therapy, US-guided biopsy, Radiofrequency Ablation (RFA), and Microwave
Ablation (MWA) (Section 6.1). Despite this, several challenges remain which would need
to be addressed before translating these methods from the lab to clinical settings (Section
6.2). These challenges form the basis for future research outside the scope of this thesis
(Section 6.3).

6.1 Implications

The methods and findings presented in this thesis support the development of ultrasound
systems for a variety of diagnostic and treatment guidance applications. For example, in
Chapter 2, applying multiclass DL to Lung Ultrasound (LUS) enabled the development
of a tool for automatic monitoring of pneumonia severity, demonstrating the potential
to support clinical decision-making in acute care settings. More generally, the use of AI
segmentation has implications for addressing the well-documented operator dependence of
ultrasound [72, 93, 103]. This is particularly relevant in low- and middle-income countries,
where access to highly trained sonographers is limited [104].

In particular, developments in lightweight AI models for real-time segmentation and 3D
reconstruction are useful as they provide immediate anatomical visualisation without intro-
ducing visible latency. This is important given the clinical use of ultrasound as a dynamic
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imaging tool, where processing delays could disrupt feedback, causing anatomy to appear
to lag behind probe motion and reducing the clinical usability. For robotic or image-guided
procedures, excessive latency could also introduce errors in the spatial correspondence be-
tween the displayed anatomy and the probe’s true position, thereby affecting targeting
accuracy.

The data extraction tool developed in Chapter 3 contributes to the broader medical AI and
research landscape by enabling scalable extraction of structured information from free-text
clinical reports in settings where hardware limitations, explainability, or reproducibility are
concerns. Curation of large, high-quality datasets is important not only for training and
validating robust AI models but also for cohort selection in clinical trials, clinical audits,
and other research applications [105]. The Leeds Thyroid Ultraosund Dataset (LTUS)
dataset is a good example, as one of the largest thyroid datasets (40,882 images from 1,650
cases), with detailed clinical annotations, including nodule grading, thyroid indications,
and surgical history. This richness enables the development of clinically meaningful models
for HIFU treatment planning and other clinical decision support systems in future work
(Section 6.3).

In Chapter 4, the development of an open-source platform for tracked ultrasound and a
phantom-based Quality Assurance (QA) pipeline has important implications for the repro-
ducibility of tracked ultrasound research. Providing tools to assess geometric reconstruc-
tion supports the development and evaluation of existing systems and has the potential
to accelerate research not only in HIFU but also in other image-guided procedures such
as US-guided biopsy [106], MWA, and RFA [107, 108]. The suite of metrics provides a
comprehensive overview of geometric uncertainty under controlled conditions. This is im-
portant since, in practice, the clinical requirements vary with the end use case, and metric
requirements should be defined based on the application in advance of testing. For ex-
ample, acceptable DSC and HD could be defined based on the size of treatment margins,
which depends on the organ site, proximity to critical structures, and precision required for
the intervention. For example, high-precision interventions in neurosurgery may require
smaller HD values than ablation of solid tumours in organs such as the liver, where larger
margins may be acceptable. The Ultrasound Quality Assurance in 3-Dimensions (US-QA-
3D) approach enables transparent standardised reporting and improves confidence in the
reliability of 3D US systems, which is important for their safe and effective translation into
clinical practice.

In Chapter 5, these methods were applied to thyroid ultrasound data, demonstrating that
thyroid volumetry based on 3D reconstruction could be more accurate than the clinical
standard approach. This difference has direct implications for radioiodine therapy plan-
ning in Graves’ disease, which is used to treat approximately 10,000 patients each year in
the United Kingdom (UK) [109] and relies on an accurate determination of thyroid vol-
ume [110]. 3D vessel reconstruction also enabled measurement of the lumen cross-sectional
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area, vessel curvature, and tortuosity, which have clinical value for vascular interventions
and plaque assessment in the carotid artery [79, 90, 111] and internal jugular vein [112].
Most significantly, 3D US with real-time DL-based segmentation enabled accurate multi-
organ segmentation and addressed key limitations of existing HIFU planning systems that
rely on manual segmentation and 2D ultrasound. This automated approach has the po-
tential to reduce the gap between US- and MRI-guided HIFU in terms of planning and
guidance, improving safety through better identification of critical structures and efficacy
through more precise targeting and coverage. The use of co-robotics rather than fully
automated scanning ensures that the clinician retains full control of the transducer’s po-
sition and addresses ethical and regulatory concerns associated with autonomous systems,
thereby lowering barriers to clinical translation and supporting integration into existing
workflows [96, 97].

For benign symptomatic thyroid nodules, the total number of patients treated with HIFU
worldwide increased 10x between 2024 and 2025, from approximately 235 to 2,620 [113].
This represents part of a growing trend towards minimally and non-invasive image-guided
therapies worldwide [114]. The technical contributions of this work directly address cur-
rent limitations of HIFU treatment planning and guidance systems for thyroid nodules
(Chapter 1), which have been identified as barriers to wider clinical adoption. By enabling
more reliable and automated planning, this research supports the development of HIFU
as a viable non-invasive, non-ionising alternative to thyroid surgery, with the potential to
reduce complications, recovery time, and costs.

These advances are a step towards more reproducible semi-automated HIFU treatment
planning: automatically assessing the size and location of the target, then planning the
optimal positions and durations of HIFU exposures based on the proximity to vessels and
other sensitive structures. These capabilities could reduce the overall treatment time, im-
prove consistency between operators and centres, and facilitate large-scale clinical studies
by standardising workflows. In the longer term, this would support the generation of robust
clinical and technical evidence required for regulatory approval and guideline endorsement
by bodies such as National Institute for Health and Care Excellence (NICE) [25]. This
would enable wider adoption of HIFU for thyroid nodules and other challenging tumours,
including those of the liver, kidney, breast, and prostate, thereby improving patient out-
comes.

6.2 Limitations

Despite these advances, several limitations remain to be addressed. Chapter 2 developed
the lightweight U-Net architecture and dynamic training regimes, which were suitable for
demonstrating multi-class segmentation in phantoms. However, small dataset size and
high image homogeneity limited translation to clinical LUS data. This study also did
not include an assessment of intra-annotator variability, as no commonly labelled images
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were available. Consequently, the uncertainty associated with data annotation could not
be quantified, limiting the ability to interpret segmentation performance against base-
line annotation uncertainty. Lessons learned from this early work informed subsequent
work, including Chapter 3, which extracted a large thyroid US dataset, and included
inter-annotator assessment of diagnostic labels using Cohen’s Kappa. This was used as
a basis for curating the LTUS dataset, where inter-annotator uncertainty associated with
segmentation was evaluated using the pair-wise DSC (Appendix E.4).

This thesis also primarily centres on experimental work conducted in phantoms, including
a lung phantom (Chapter 2) and thyroid phantom (Chapter 5). While these phantoms
were useful models for US development, they represent a single subject with simplified
anatomical features. They do not capture the full complexity of in vivo imaging, including
patient-specific anatomical variability, tissue deformation, motion artefacts, acoustic shad-
owing, variable coupling, or pathological heterogeneity. As a result, model performance
and workflow feasibility demonstrated in these settings may overestimate performance in
clinical deployment. Furthermore, extending the segmentation to include additional struc-
tures, such as the trachea, oesophagus, muscles, and lymph nodes, may be beneficial for
HIFU planning, but was not possible within the constraints of the phantom study [115].
Therefore, work towards clinical translation presents a major challenge for future work.

Similar data-related limitations apply to the free-text data extraction models developed in
Chapter 3. All reports were collected from a single National Health Service (NHS) trust,
with institution-specific reporting conventions, terminology, and formatting. As such, the
wider generalisability of these models to other hospitals, reporting systems, or healthcare
settings could not be assessed. In future, external validation across multiple institutions
and scanner manufacturers will be necessary to determine robustness and identify domain
adaptation requirements. In the RADEX study, 200 reports were used for validation and
202 for testing the regular expression models. Manual annotation was time-consuming
given the large number of classes, and annotation of additional reports for testing was
limited by the availability of clinical expert time for the study. As suggested in the paper,
future studies could also consider comparing Radiology Data Extraction Tool (RADEX)
with other methods, such as Large Language Models (LLMs), in which power calculations
are used to determine sample size and formal hypothesis testing is used to assess the
performance of using the tool relative to other techniques. This was not possible in the
RADEX study due to access controls within the secure NHS environment.

Along this theme, the work presented in this thesis (Chapters 2, 4, and 5) used a single
ultrasound system and one or two transducers (linear and curvilinear). Consequently, the
model’s robustness to manufacturer-specific beamforming, image post-processing pipelines,
transducer geometries, and imaging presets was not evaluated, despite this being a known
limitation of many ultrasound segmentation models [116]. In practice, a broad range of
transducers and US systems are used, making it important for models to be robust to
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device- and setting-related variability in order to ensure reliability across imaging envi-
ronments. For example, in the LTUS clinical dataset, there are images from at least four
US manufacturers (GE, Siemens, Philips, ATL) and a wide variety of imaging settings
(frequency, dynamic range, acoustic output, power, grey map). Future work should there-
fore prioritise assessment of model performance across different systems and settings and
consider domain generalisation strategies to improve robustness [116].

Finally, in Chapter 5 we demonstrated that 3D anatomical reconstruction enables more
accurate thyroid volumetry than 2D approaches. However, determining whether this im-
proves the safety and efficacy of HIFU compared to the current 2D planning approach
remains unexplored. In terms of the full therapy pipeline, exposure placement and ther-
mal modelling are important next steps, but remain out of scope of this thesis. Subsequent
delivery of therapy, including automated robotic control, is also important but was unex-
plored in this thesis. Further, while segmentation models were demonstrated as live over-
lays on B-mode to aid interpretation, using the segmentation masks to inform closed-loop
HIFU control remains unexplored and presents an avenue for future research.

6.3 Future directions

This thesis demonstrates advances in AI-integrated HIFU, particularly in tracked ultra-
sound acquisition, anatomical US segmentation, and 3D reconstruction for pre-treatment
planning and real-time guidance. However, several areas remain unexplored and should
form the basis of future research. This includes optimising exposure placement, thermal
dose estimation, and closed-loop feedback for HIFU therapy delivery (Figure 6.1). The
proposed tracked US system and treatment planning and visualisation tools set out the
groundwork for these next steps. Future work should build on the tools presented here
to address outstanding limitations, develop systems for delivering therapy, and investigate
next steps to translate results into more clinically relevant settings.

6.3.1 Exposure placement

As discussed in Chapter 1, the complex planning and long treatment time for HIFU present
major barriers to clinical uptake [49]. While co-robotic 3D US would reduce treatment
planning time by eliminating the need for manual segmentation, improvements in exposure
placement could further enhance the planning process. Current clinical approaches use
raster-based methods to place rows of lesions that fully cover the tumour, before the
operator manually selects and removes exposures that exceed the safety margins based
on their interpretation of B-mode images [9]. Figure 6.2 shows a simple raster plan with
planned HIFU exposures to treat a thyroid 3D reconstruction, demonstrating how future
work could use 3D US volumes and visualisation techniques developed in this thesis to
automate this process, accounting for thyroid margins and proximity to major vessels.

Future research could also consider approaches that reduce the number of exposures and
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Figure 6.1: Schematic showing research avenues in AI-integrated USgHIFU, with links
between software and hardware components. Data acquisition, anatomical segmentation,
and treatment planning and imaging-guidance have been investigated in this thesis.
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Figure 6.2: HIFU exposure placement (raster packing) for a thyroid nodule based on 3D
reconstruction. The thyroid (green), carotid arteries (orange), and jugular veins (blue)
were reconstructed using co-robotic 3D US with a thyroid phantom. The ‘nodule’ (yellow)
was a reconstructed sphere from the US-QA-3D phantom, artificially added to the left
thyroid lobe to demonstrate HIFU planning. 3DSlicer allows live visualisation of a) the
US imaging with a segmented overlay, b) 3D view of the anatomy and planned treatment
volume, c) transverse view, and d) coronal view of the planned exposures (red outlines)
and first exposure (red solid).
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the cooling time between HIFU exposures [117], using the 3D segmented volumes as input
for planning. At the moment, the ‘on-beam’ time for a 3 cm thyroid nodule ranges from 30
to 45 minutes, almost twice as long compared with other established ablation techniques
such as RFA [51]. The treatment time could be reduced by increasing treatment power
or shortening the cooling period between treatment pulses [49], potentially making the
treatment of larger nodules and multinodular goitre feasible in a single session.

In the existing Theraclion Beammotion planning software, minimisation of cooling time is
considered [8, 42], but therapy planning is restricted to a plane perpendicular to the nodule,
making it impossible to treat some areas such as the retrosternal part of the nodule [8].
Most studies also only treat a single layer along the nodule midplane, which results in
undertreatment, especially in nodules with a larger anteroposterior diameter [11, 42]. In
the future, combining 3D planning with Deep Reinforcement Learning (DRL) methods
could optimise exposure placement and ordering to achieve more accurate tumour ablation
in minimal time [118].

6.3.2 Thermal dose estimation

Using the spatial information provided by DL-segmented ultrasound images also enables
further integration of AI into the treatment planning pathway, including acoustic and
thermal modelling. Segmentation masks could be used to automatically determine path
lengths across different tissue types, which affect ultrasound propagation [119]. Further,
the positions of vessels relative to the treatment site could be determined. This is important
because vessels act as heat sinks, drawing heat away from the treatment area and increasing
the energy required to ablate the tissue [120].

Thermal dose estimation is a challenging area for future research, as solving the non-linear
ultrasound propagation models needed for HIFU modelling is computationally expensive
and existing techniques are not yet fast enough for planning or treatment monitoring
within reasonable timeframes [121]. Other approaches, such as Physics Informed Neural
Networks (PINNs), have been proven for fast computation of problems governed by partial
differential equations [122]. Using these feed-forward neural networks to model acoustic
propagation and subsequent bio-heat transfer in tissue may enable measurement of the
cumulative thermal dose to plan or monitor ablation [123]. However, these models often
lack generalisability, and they have not yet been explored for HIFU modelling [122].

In the future, these models could be integrated with treatment planning and guidance sys-
tems, such as the one presented in this thesis, to enable improved temperature-monitoring
overlays in USgHIFU.

6.3.3 Robotic-guided ablation

Once the treatment plan is in place and approved by the clinical operator, the robotic
system positions the HIFU transducer so that the focal point aligns with the location
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specified in the treatment plan (Figure 6.3). The exposure is then delivered, and the robot
moves to the next HIFU exposure locations until the treatment is complete. The co-robotic
image-guided system developed in Chapters 4 and 5 supports a Sonics Concepts 1.1 MHz
H-102 HIFU transducer with a central opening to allow coaxially aligned B-mode imaging,
but further development and testing would be needed to evaluate the precision of therapy,
as well as address challenges such as reliable coupling, response to movement, and tissue
deformation [94, 124].

Figure 6.3: Robotic HIFU ablation based on 3D US phantom anatomy, showing the imaging
and therapy assembly, thyroid and vessels, focal therapy beam, and treatment of a thyroid
nodule with lesion locations.

Future work should conduct ablation experiments with anthropomorphic phantoms that
simulate real anatomy as closely as possible, such as that proposed by Boers et al., which
was based on MRI data and contained a model trachea, thyroid, thyroid nodules, carotid
arteries, internal jugular veins, recurrent laryngeal nerves, and vagal nerves [125]. This
phantom also used a continuous-flow pump with 37°C water to mimic the heat-sink effect
around vessels. 3D Reconstruction should be used to identify the treatment volume and
calculate the treatment plan, allowing comparison with current approaches. Phantom
materials such as polyacrylamide gels with thermochromic ink allow for measurement of
the thermal ablation coverage within the nodule [126], or using fibre Bragg grating sensors
or MRI thermometry to measure temperature more precisely [125].

6.3.4 Patient motion and real-time feedback

Patient motion is a challenge in both 3D ultrasound reconstruction and HIFU treatment
planning, as even sub-millimetre movements can introduce registration errors. Respira-
tory motion and other involuntary motions introduce displacement errors between tracked
frames, which can result in reconstruction artefacts such as blurring, geometric distor-
tion, and misregistration between the imaging and planning coordinate systems. In HIFU,
this could cause off-target heating or incomplete ablation. Organ movement is particu-
larly important in treating intra-abdominal tumours, such as those in the liver or kidney,
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and active motion compensation requires an understanding of robot and tissue dynamics,
patient-dependent organ motion and characterisation, and tracking and feedback of these
systems [1].

In clinical trials, general anaesthesia and ventilator-controlled apnoea have been widely
used to control organ motion during treatment and ensure accurate targeting and procedu-
ral safety [127–130]. While this is effective, general anaesthesia is associated with increased
procedural complexity, longer treatment times, and additional clinical risk [128]. In organs
less susceptible to motion (such as the thyroid and prostate), sedation and physical immo-
bilisation may be suitable, especially if the treatment is to be performed on an outpatient
basis [1]. In these cases, computational motion-correction techniques such as respiratory
gating (rejecting frames by breathing phase), image-based registration (deformable align-
ment of sequential ultrasound volumes), and deformable modelling of soft-tissue motion
could help to maintain spatial consistency across acquisitions [131–133].

Closed-loop feedback based on real-time segmentation would represent a significant ad-
vancement over conventional open-loop USgHIFU workflows, enabling the system to adapt
to motion during scanning. Previous approaches have incorporated feedback mechanisms
based on detecting changes in tissue echogenicity [134] and on patient motion [135], but
segmentation-based feedback remains largely unexplored [136]. For example, Groen et al.
showed that monitoring tissue echogenicity can detect increases in backscatter resulting
from cavitation or boiling, detecting potentially unsafe conditions and triggering power re-
duction [137]. In HIFU for thyroid nodules, laser-gated motion detectors have been used to
trigger immediate power interruption when the patient moves or swallows during ablation,
improving system safety [49].

Real-time anatomical segmentation of live ultrasound data could further improve safety
by allowing the system to maintain up-to-date registration with the planning scene [138].
This would allow continuous verification of the alignment between the planned focal point
and the actual target location, and small deviations arising from tissue deformation, probe
pressure, or patient motion could be quantified and corrected through micro-adjustments in
probe pose or electronic beam steering, potentially improving the accuracy and consistency
of energy delivery.

Live segmentation of US-guidance would also allow the system to enforce safety, preventing
unsafe delivery of therapy if the focal point is outside the treatment area [136]. Image-
gated therapy could adapt continuously if the anatomy moves, reducing the risk of off-target
heating and unintended tissue damage [135].

Segmentation-driven feedback could also gate therapy delivery based on the quality of US-
guidance images and the presence of artefacts. For example, if coupling is poor or bone or
air prevents visualisation of the treatment target on B-mode, the ablation is also unlikely
to succeed [3]. These approaches could improve HIFU’s safety and efficacy in the future.

123



Chapter 6. Discussion

6.3.5 Dataset curation

A primary barrier to the development of image-guided technologies is the availability of
suitable clinical datasets. As discussed in Chapter 2 in the context of LUS, large datasets
exist, but are often limited by poor imaging quality, incomplete annotations, or restricted
access [139]. Similar challenges are presented in thyroid US. Although several datasets
are available [140], many lack the image diversity and annotation detail needed to train
generalisable models suitable for image-guided interventions such as HIFU.

Chapter 3 proposes a new UK dataset as a first step towards addressing these limitations.
This dataset, called the Leeds Thyroid Ultrasound Dataset (LTUS), will provide a general-
purpose foundation dataset for thyroid ultrasound research and contains 40,882 images
from 1,650 patients across 5 centres. Current work towards this goal has included the
extraction and linkage of anonymised US imaging studies with radiology report data, Fine
Needle Aspiration (FNA) results, biopsy results, and pathology results (Appendix E). This
linked data provides the necessary context for data annotation and offers a more accurate
ground truth for thyroid nodule pathology than the nodule gradings in previous datasets.
It also enabled curation of a dataset with varied pathologies and reduced class imbalance,
which is important for training robust and generalisable AI models.

However, annotation remains a significant challenge. High-quality segmentation of thyroid
structures and associated anatomy is time-intensive and requires clinical expertise and an
understanding of US. While increasing the number of annotators or adopting crowdsourc-
ing approaches could accelerate dataset development, these approaches introduce inter-
annotator variability. The inter-annotator study presented in the Appendix E.4 provides
an initial assessment of both annotation time and variability, highlighting the trade-off
between scalability and consistency. These findings suggest that while multi-annotator
strategies are feasible, they require careful quality control, potentially through consensus
annotations or probabilistic label fusion techniques.

6.3.6 Clinical translation

Perhaps the most important challenge for future work is translating the methods and
findings of this thesis from phantom experiments to clinical applications. While the phan-
tom studies provide a necessary baseline for developing and validating segmentation and
3D reconstruction systems, they obscure the real-world challenges seen in clinical stud-
ies [94, 124].

Practical considerations for ultrasound-guided HIFU systems, such as workspace limita-
tions imposed by the HIFU transducer and the effects of the coupling bag on imaging
quality, would also need to be addressed. Feasibility studies should assess whether the
transducer assembly’s larger footprint limits the available range of motion for ultrasound
scanning, particularly when imaging anatomically constrained regions for 3D reconstruc-
tion. Furthermore, maintaining adequate acoustic coupling between the imaging and ther-
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apy transducers imposes additional constraints on probe orientation and access, and the
robot arm may cause collisions or further limit the range of motion. Future studies should
consider the mechanical design of combined imaging-therapy systems to account for these
workspace limitations, ensuring sufficient imaging coverage and clinical usability.

Training an AI model for real-time clinical US segmentation would pose additional chal-
lenges, particularly regarding accuracy across diverse pathologies and anatomical variabil-
ity. Models must also be robust to differences in tissue appearance, imaging artefacts, and
transducer orientation. Recent advances, such as transformer-based segmentation [141] and
hybrid feature learning [142], offer potential solutions by enabling models to learn high-level
transferable feature representations. As shown in Chapter 2, transfer learning provides a
method for refining existing models for new clinical tasks. Additionally, semi-supervised
and weakly supervised learning approaches may be useful when only partially labelled data
is available. However, care must be taken to avoid amplifying label noise, which may be
challenging in US segmentation. Finally, the requirement for real-time inference constrains
model complexity, requiring a trade-off between accuracy and efficiency.

Once a segmentation model is established, the next step is to conduct a feasibility study
with healthy volunteers. Reconstructed 3D ultrasound volumes could be compared with
MRI using the DSC and Hausdorff Distance (HD) to assess volumetric agreement, as
in Chapter 5. This study would provide insight into the proposed system’s real-world
performance under clinically relevant conditions. System-level evaluation would also be
useful to assess whether co-robotic assistance enhances or inhibits the operator’s natural
scanning technique, how this is affected by the operator’s level of experience, and whether it
improves accuracy and consistency compared to the existing approach. In the longer term,
extending trials to patients with thyroid pathologies would also be necessary, although
ethics approval would be required.
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Conclusions

HIFU has long been recognised as a technology with the potential to transform patient care.
As the only non-invasive and non-ionising treatment modality, it offers clear advantages
over conventional surgical and other interventional radiology approaches. However, despite
decades of development, technical and workflow challenges have limited its widespread clin-
ical adoption. Recent advances in AI, imaging guidance, and robotic control are beginning
to address these challenges.

This project contributes to this by presenting an AI-integrated system for USgHIFU that
incorporates DL-based segmentation, multimodal tracking, and real-time 3D reconstruc-
tion. This enabled improved volumetric assessment and has the potential to enhance
procedural efficiency, reduce treatment times, and increase treatment confidence.

Clinically, benign thyroid nodules represent a promising short-term target for HIFU, offer-
ing clear patient benefits compared to surgery. More broadly, ongoing work in the liver,
kidney, pancreas, and other challenging sites demonstrates HIFU’s true potential to treat
deep-seated or otherwise inoperable disease. Trials such as CAIN highlight HIFU’s abil-
ity to provide life-extending or even life-saving options where conventional treatments are
limited.

Ultimately, USgHIFU represents part of a paradigm shift towards non-invasive precision
medicine. As Professor Wah often says in interviews, histotripsy is a “Star Wars–era”
technology [143], but HIFU is not fictional and holds very real potential to improve lives.
Developments in DL–based segmentation, treatment planning systems, and robotic control
algorithms will help achieve this vision: to establish HIFU as a mainstream therapeutic
option for patients of the future.
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Appendix for Chapter 2: AI for
real-time ultrasound segmentation

A.1 Comparison with the state-of-the-art
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Figure A.1: Comparison of the Dice similarity coefficient for various U-Net variants, trained
on the phantom dataset (450 images). Error bars show the best and worst scores over five
training repeats.
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Figure A.2: Comparison of the benchmark framerate for inference of various U-Net vari-
ants, trained on the phantom dataset (450 images). Error bars show the best and worst
scores over five training repeats.
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Appendix for Chapter 4: Ultrasound
3D reconstruction and QA

B.1 Supplementary material

B.1.1 US-QA-3D phantom fabrication

Silicone moulds of reference objects were created by casting negative impressions of wooden
masters. Moulds were made of platinum-cure silicone (Smooth-On, Dragon Skin 10 Medium)
in 3D-printed moulds with pour and vent channels (Fig. B.1a). These were then filled with
an agar mixture with no acoustic scatterers to form solid inclusions which appear anechoic
on B-mode US. These objects were removed from the moulds, the sprues trimmed, and the
objects were measured to obtain ground-truth dimensions (Fig. B.1b). Four reference ob-
jects were created with varying geometric and symmetry properties: a sphere (Fig. B.1c),
an ellipsoid (spheroid) (Fig. B.1d), a right circular cylinder (Fig. B.1e), and an equilateral
triangular prism (Fig. B.1f). The inclusions were then set in a larger agar block, this time
adding glass beads to introduce speckle noise in B-mode images (mimicking heterogeneous
tissue), thereby creating contrast with the anechoic inclusions. A flat layer approximately
3 cm deep (one-third of the agar) was poured, allowed to cool, and mostly solidify, while
the remainder was kept warm. The anechoic inclusions were then placed on top of the first
layer, and a second layer was poured to surround and cover the inclusions (remaining two-
thirds). Once fully set, the phantom was vacuum-sealed for longevity, and the appearance
of inclusions was confirmed on B-mode. The recipe for making the agar mixtures is below
and can be scaled to the required volume. STL files for 3D-printed parts are available at
https://github.com/SMRTUS/US-QA-3D.

For ∼250ml of agar:

• 250 mL deionised water,

• 12.5 g agar-agar,
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struction and QA

• 25 mL glycerol ≥99% (increases speed of sound),

• 2.5 mL phenoxyethanol EHG (preservative),

• *10 g glass beads (soda lime glass microspheres, 3-6 µm diameter, introduces hetero-
geneity/speckle).

1. Transfer deionised water into a Büchner flask and heat to 70–75 °C.

2. Slowly add agar-agar, stirring continuously to prevent clumping. Add the glycerol.
*Optionally add the glass beads for a tissue-mimicking material, exclude for anechoic
material.

3. Apply a vacuum and degass the mixture for 20–30 min.

4. Slowly release the vacuum, then carefully pour into the mould(s). Allow to cool and
set at room temperature.

Figure B.1: US-QA-3D phantom construction showing a) fabrication of silicone mould
of reference object in 3D-printed container, b) silicone mould with agar inclusion (before
trimming the sprue), c-f) agar sphere, ellipsoid, cylinder, and triangular prism reference
objects.
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Ultrasound spatial and temporal
calibration

Ultrasound spatial calibration was used to determine the ImageToProbe transform between
the image coordinate system and probe coordinate system (Figure C.1). Fiducial regis-
tration techniques have been developed to standardise this calibration, including the use
of multiple N-wire phantoms with wire targets arranged in a known geometric configura-
tion [144]. Finding this transform is nontrivial, and several calibration steps are required
to ensure that tracked components and reference geometries are accurately defined within
a common coordinate system. The fCal module within the PLUS toolkit was used for
calibration, and the main steps are outlined below [145].

For probe calibration, a tracking system (NDI Aurora EM field generator, and 3 tracking
markers), water tank (degassed water), and tracked calibration objects (stylus, N-wire
phantom, and ultrasound transducer) were used (Figure C.2a).

First, pivot calibration was used to find the StylusToStylusTip static transform between
the tracking marker and the stylus tip. During pivot calibration, the stylus tip was held
at a fixed point in space. At the same time, the handle was slowly rotated, and the
tracking system captured the tracking marker’s poses to determine the offset via a least-
squares approach. The calibrated stylus was then used to capture accurate point-based
measurements with the stylus tip.

Following this, landmark detection was used to find the PhantomToReference transform,
which maps the phantom model and wire positions into the tracker coordinate system.
Known registration points (defined in the N-wire Computer-Aided Design (CAD) coordi-
nate system) were physically touched with the stylus tip, allowing their positions to be
recorded in the tracker coordinate frame. The corresponding point sets in the phantom
and tracker space were then used to compute a rigid registration, defining the spatial
relationship between the known geometry of the N-wire targets and the global tracking
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Figure C.1: Coordinate definitions for ultrasound spatial calibration. The ImageToProbe
transform was calculated using the N-wire technique, in which wires in the phantom are
imaged and detected to enable registration of the transducer, phantom, and image within
a unified tracker coordinate system.

frame.

The transducer was then used to acquire a sequence of images at different transducer
orientations, while simultaneously recording the corresponding tracker poses. On B-mode,
the wire targets appear as bright point reflectors, allowing the positions to be automatically
detected (Figure C.2b). Point correspondences between the image space and the known 3D
wire geometry were calculated in fCal, and the rigid transform that best aligns these point
sets was estimated using least-mean-squares optimisation. This allowed calculation of the
ImageToProbe transform, allowing the transducer, image, and phantom to be registered
in a common coordinate system (Figure C.2c).

Temporal calibration was needed to estimate the offset between data streams acquired
by imaging and tracking devices. This was needed because each hardware device has
an independent time reference (clock) that is not typically synchronised. The temporal
calibration algorithm measures the motion of the reflection artefact from the bottom of the
water tank in B-mode, imaged perpendicular to the transducer face. The bottom of the
tank was imaged while moving the transducer in a continuous quasi-periodic motion. The
normalised position (amplitude) was compared between the reflection in the image and
the tracker to find the time offset that yields the highest correlation between the signals
(Figure C.3) [145].
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Figure C.2: Experimental setup for ultrasound spatial calibration using the N-wire phan-
tom technique. a) EM-tracking system, water tank for imaging, and tracked tools for
calibration (stylus, phantom, and ultrasound transducer). b) B-mode image of the wire
targets, which appear as bright points and are detected by fCal. d) Calibrated system
showing the image, transducer, and wire phantom in a common coordinate system.
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Figure C.3: Ultrasound temporal calibration between fixed and moving signals. The nor-
malised position (amplitude) of the US image was captured alongside the tracked position
over several cycles, allowing the offset between data streams (∆t) to be estimated.

C.1 Experimental setup for 3D reconstruction

The experimental setup for US-QA-3D experiments is shown in Figure C.4, including
the robotic arm, water tank, ultrasound probe, and integrated tracking systems (robot,
electromagnetic, and optical). This setup enabled repeatable, trajectory-based scanning of
the geometric phantom under consistent imaging conditions.
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Figure C.4: Experimental setup for US-QA-3D experiments. The co-robot arm was posi-
tioned over the phantom, which was submerged in a tank of degassed water. Optical and
EM tracking systems capture the transducer’s position and orientation. The ultrasound
machine was used to capture an imaging sweep across the phantom.
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Thyroid ultrasound datasets

The development of accurate AI systems for thyroid US is fundamentally dependent on the
availability of high-quality annotated datasets. These datasets are needed to train and eval-
uate models for tasks such as detection, segmentation, and classification. Detection aims
to identify structures such as thyroid nodules that may otherwise be overlooked; segmen-
tation enables precise delineation for radiomic analysis and volumetry; and classification
supports malignancy risk stratification, informing whether FNA is needed.

Data-driven approaches must be robust and generalisable across varying patient popula-
tions and imaging conditions. Therefore, an effective thyroid US dataset should satisfy
several key requirements:

1) The dataset should be sufficiently large and diverse, ideally incorporating multicentre
data to capture variability in anatomy, pathology, ultrasound systems, acquisition settings,
and image quality. The amount of data needed varies widely by application, with the best
AI models trained on tens to hundreds of thousands of images. It has also been widely
shown that clinical AI models often lack generalisability, a limitation that can be mitigated
by using multicentre data and sampling to increase image diversity.

2) The dataset should contain high-quality annotations, with a clear quantification of un-
certainty based on inter-operator agreement. Pixel-level segmentation masks provide the
richest data in terms of object localisation, enabling a wider range of downstream ap-
plications compared to object detection or image-level classification, albeit at a higher
annotation cost (Fig. D.1). Thyroid nodules and the thyroid gland must be annotated
to enable assessment of focal and diffuse thyroid disease. Annotation of other structures,
such as the major vessels, muscles, trachea, and oesophagus, is also useful for applications
like treatment planning and guidance for minimally invasive procedures. If neck ultra-
sound images are included, lymph node annotations are also useful for biopsy and surgical
planning.

3) The dataset should include contextual clinical information, radiological findings related
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to diffuse and focal thyroid pathologies, nodule gradings, as well as labels from diagnostic
tests. The incorporation of imaging metadata (e.g., probe orientation, laterality, and
acquisition parameters) also improves the dataset’s utility.

4) Datasets should use established standard formats (such as PASCAL VOC) and be
publicly available to support reproducibility, benchmarking, and wider adoption within
the research community.

Another important consideration is trade-off between time and cost for annotation vs
dataset richness. In Fig. D.1, dataset richness increases when moving downwards and to
the right, with multi-class anatomical segmentation providing the most detailed spatial and
semantic information, and therefore enabling the widest range of downstream applications.
Conversely, moving upwards or to the left reduces annotation complexity and burden.
While simpler annotation types can generally be derived from more detailed ones (e.g.
segmentation to detection to classification), the reverse is not generally possible without
additional information.

Figure D.1: Data annotation types for thyroid ultrasound. Improved discrimination and
localisation contribute to richer data and enable more applications. As the number of
classes increases, the annotation burden increases. Similarly, image-level classification has
a lower annotation burden than object detection, which has a lower annotation burden
than segmentation.

D.1 Overview of existing datasets

A number of thyroid US datasets have been proposed in the literature, each targeting
specific tasks such as nodule segmentation, classification, or thyroid gland delineation
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(Table D.1). However, no single dataset satisfies all the requirements for a multi-purpose
foundation dataset in thyroid US (Table D.2). Early datasets such as DDTI [146] have
been widely used to train computer-aided diagnosis systems, but they contain only a small
number of images and lack pathology diversity, which can lead to overfitting and poor
generalisability in models. TN3K [147] is also widely used and has a larger number of
images and cases, but it lacks diagnostic information. Similarly, TN-SCUI2020 [148] has
been used in prior studies but is unfortunately not publicly available.

Table D.1: Overview of thyroid ultrasound datasets, showing the data types, number of
cases, data points, and annotated anatomical features. The anatomy column determines
the scope of annotated features: TG = thyroid gland, TN = thyroid nodule, TR = trachea,
CA = carotid artery, JV = jugular vein, M = muscle, O = oesophagus. Dataset annotations
still in progress†

Dataset Data type Cases Examples Anatomy

UltrasoundCases [149] Images 91 518 TG, TN
DDTI [146] Images 390 637 TN
TG3K [150] Video 16 16 TG
Li et al. dataset [151] Images 45,644 332,785 TN
TN-SCUI2020 [148] Images – 4554 TN
TN3K [147] Images 2421 3493 TN
Stanford Cine-clip [152] Video 167 192 TN
SegThy (1) [78] Video 28 504 TG, (TR, CA, JV)†
SegThy (2) [78] Video 186 1116 TG
ThyUS2Path [153] Images 842 8508 TN
TN5000 [140] Images – 5000 TN
LTUS (Ours) Images 40,882 1,650 TG, TN, TR, CA, JV, M, O†

Table D.2: Suitability of thyroid ultrasound datasets, showing the possible tasks Seg. =
Segmentaion, Det. = (Object) Detection, Cla. = Classificaiton. *Datasets are not easily
accessible or may be unavailable. ‡dataset is not yet publicly available, but it has a planned
public release date.

Dataset Seg. Det. Cla. Multicentre TI-RADS FNA Public

UltrasoundCases [149] – – X – – – X
DDTI [146] X – X – X X X*
TG3K [150] X – – – – – X
Li et al. dataset [151] – – X X – X –
TN-SCUI2020 [148] X – X X – X –
TN3K [147] X – – – – – X
Stanford Cine-clip [152] X – X – X X X
SegThy (1) [78] X – – – – – X
SegThy (2) [78] X – – X – – X*
ThyUS2Path [153] – – X – – X X
TN5000 [140] – X X – – X X
LTUS (Ours) X X X X X X X‡

More recent efforts have produced larger datasets. The TN5000 [140] dataset is one of
the largest publicly available thyroid datasets and includes bounding-box annotations for
nodules, with associated malignancy labels derived from FNA. However, it lacks segmen-

138



Appendix D. Thyroid ultrasound datasets

tation annotations and provides minimal contextual or metadata beyond binary nodule
classification. The number of included cases is also unclear. A large dataset reported by
Li et al. [151] is also frequently cited but is not publicly accessible for research purposes.

Several datasets include video data, such as TG3K [150], Stanford Cine-clip [152], and
SegThy [78], which may enable 3D segmentation and reconstruction. However, among these
datasets, only a small number of videos have been sparsely annotated (16 in TG3K, 28 in
SegThy (part 1), and 192 in Stanford CINE-clip), likely due to the heavy annotation burden
of video segmentation. On this theme, the SegThy (part 2) dataset may eventually contain
more annotated videos, but work on the dataset has been ongoing since 2022 [78]. Among
all publicly available datasets, only SegThy includes annotations of adjacent structures
such as the trachea, carotid artery, and jugular vein.
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The Leeds thyroid ultrasound dataset

To address the limitations of previous datasets, we introduce the LTUS dataset (Table E.1),
designed as a general-purpose foundation dataset for thyroid ultrasound research. The
dataset provides 40,882 images from 1,650 cases, across 5 centres, with accompanying
patient-level radiological findings, nodule gradings (British Thyroid Association (BTA)
and Thyroid Imaging Reporting and Data System (TI-RADS)), malignancy labels from
FNA, Core Needle Biopsy (FNA), or post-operative histopathology, and image metadata
(laterality, scanning angle, imaging parameters). This enables a variety of tasks, including
thyroid nodule detection, segmentation, and classification for FNA assessment; thyroid
segmentation for automated measurements, volumetry, and radioiodine therapy planning;
and treatment planning and guidance for minimally invasive therapies and HIFU.

Table E.1: Summary of the Leeds Thyroid Ultrasound dataset, including the dataset size,
image details, aggregated demographics, and a summary of image metadata.

Category Summary

Dataset size 40,882 images, 1650 cases, 5 centres
Image format DICOM, PNG
Image size 720×960 (median), 576×768–970×1552 (range)
Modalities B-mode 79.8%, Doppler 20.2%
Manufacturers GE, Siemens, Phillips, ATL
Demographics Ages 18-89 (median 54), 76% women, 24% men.
Images per case 25 ± 10.6 (median ± SD)
Images by anatomy Thyroid (12,553); salivary glands (4158); lymph nodes (lvl I–V: 1.6–2.2k)
Scan plane Transverse 54.4%, Longitudinal 45.6%
Laterality Left 45.7%, Right 50.3%, Bilateral 4.0%
Imaging frequency 11.0 MHz (30.1%), 9.0 MHz (25.5%), 13.0 MHz (24.1%), others <10%

The dataset includes ultrasound images retrieved from examinations tagged Ultrasound
Neck (UNECK), Ultrasound thyroid (UTHYD) and Ultrasound thyroid and parathyroid
(UTHPY) between 01/01/2015 and 31/12/2019 within Leeds Teaching Hospital Trust
(LTHT), UK. To obtain the date, entries were first extracted from Computerised Radiol-
ogy Information System (CRIS) using the clinical record interactive search, which returned
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47,566 entries. These entries were merged by event identifier to combine multipart exam-
inations into a single entry, yielding 22,793 unique events. Paediatric patients (Age <18)
were excluded, further reducing the entries to 20,336, of which 16,246 unique patients were
present (4,090 entries referred to repeat or follow-up examinations).

The RADEX tool was then used to select the cohort, extracting anonymised labels from
free-text radiology reports for features such as the presence of isolated or multiple thyroid
nodules, diffuse thyroid disease, thyroid enlargement, and a history of thyroid surgery [154].
This information was tabularised, providing the context needed to inform downstream an-
notation and enable patient-level classification. These features were also used for stratified
sampling of the final dataset of 1,650 cases, with representative splits across diffuse and
focal pathologies, history of thyroid surgery, and nodules graded BTA U2-U5.

For each patient in the sampled cohort, all images in the study were then extracted and
de-identified, with pseudoidentifiers assigned to enable case-level aggregation. Alongside
the main image dataset, nodule gradings and, where present, sample results from FNA,
FNA, and post-surgical pathology are included to enable accurate determination of nodule
malignancy. The composition of cases in the final dataset is shown in Table E.2.

Table E.2: Characterisation of the Leeds Thyroid Ultrasound dataset, including the dis-
tribution of labels, nodule gradings, and sample types.

Category Value

Pathology distribution
(cases)

Healthy 281
Single nodule cases 600
Multiple nodules 554
Diffuse thyroid disease 751
Post-thyroidectomy 328
Abnormal lymph nodes 136

BTA

U2 32.7%
U3 32.6%
U4 27.4%
U5 7.3%

TI-RADS

TR1 23.6%
TR2 33.0%
TR3 12.8%
TR4 22.9%
TR5 7.7%

Malignancy
Cytology-confirmed (BTA U3-U5) 85%
Benign (%) 68.9%
Malignant (%) 31.1%

Sample types
FNA 542
CNB 161
Post-surgical pathology 415
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E.1 Thyroid nodule grading

Thyroid nodule grading is assigned based on ultrasound assessment and indicates the risk
of malignancy, informing the decision on whether to sample the nodule (FNA/FNA). In the
LTUS dataset, nodule grading labels were extracted from the radiology reports at the pa-
tient level. BTA U gradings were extracted directly using RADEX, as this is the grading
system used in the UK. In the BTA system, the grading is assigned based on the nod-
ule’s overall appearance, where U2 indicates benign features (such as cystic or spongiform
appearance) and no FNA cytology is needed, U3 represents an equivocal/indeterminant
nodule, U4 represents a suspicious nodule, and U5 represents a highly suspicious/malignant
nodule, with FNA recommended for U3-U5 nodules [155].

In addition to the BTA grading system, several other grading systems are used internation-
ally [156]. For example, the American College of Radiologists (ACR) TI-RADS system,
used in the United States (U.S.), aims to standardise thyroid ultrasound reporting through
a points-based approach, compared to the description-based BTA approach used in the UK.
To allow comparison between the two grading systems, the LTUS dataset retrospectively
assigned TI-RADS categories based on descriptive features of thyroid nodule composition,
echogenicity, shape, margins, and echogenic foci.

The search strategy and ACR TI-RADS points are shown in Table E.2, where the sum of
points from all categories determines the ACR TI-RADS level: 0 points = TR1 (Benign,
No FNA), 1-2 points = TR2 (Benign, No FNA), 3 points = TR3 (Mildly Suspicious, FNA
if ≥2.5 cm), 4-6 points = TR4 (Moderately Suspicious, FNA if ≥1.5 cm), and ≥7 points -
TR5 (Highly Suspiciousm FNA if ≥1.0 cm [157].

The relation between paired BTA and TI-RADS gradings is shown in boxplots (Figure E.1.
As expected, the median TI-RADS grading increases with increasing BTA category, indi-
cating general agreement in overall risk stratification. However, the interquartile ranges
and range bars indicate large variability, suggesting that each BTA grading is associated
with a range of TI-RADS gradings.

E.2 Cytology/pathology

Cytology and pathology reports were also examined for all patients with one or more thy-
roid nodules. Manual chart review was conducted by two resident doctors, who identified
relevant reports for all thyroid nodules sampled within ±1 year of the imaging study. The
sample type, laterality, diagnosis, and, in the case of cancers, the Tumour Nodes Metastasis
(TNM) staging was recorded. All follow-up samples within the date range were included,
since multiple samples were often taken. For example, if there were multiple suspicious
nodules and prior samples were inadequate for diagnosis, or if a nodule was sampled using
FNA, the malignancy was later confirmed on resection. Up to 7 samples were recorded,
with a median of 2 samples for BTA U2-U5 thyroid nodules.
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Table E.3: Sonographic features used for calculating TIRADS and the RADEX search
terms used. Each feature has a corresponding number of points that contribute to the
overall grading.

Sonographic features RADEX search terms Points

Composition
Cystic nodule∼∼2cystic 0
Spongiform nodule∼∼2spongiform | micro?cyst* 0

Mixed solid-cystic

nodule∼∼2mix* | (nodule∼∼2cyst & nodule∼∼2solid) |
solid component∼∼2nodule | cystic component∼∼2nodule |
partly solid∼∼2nodule | part solid∼∼2nodule |
part* cystic∼∼2nodule

1

Solid nodule∼∼2solid EXCEPT ’Mixed solid-cystic’ 2

Echogenicity
Anechoic nodule∼∼2anechoic 0
Hyperechoic or
isoechoic nodule∼∼2iso?echoic | nodule∼∼2hyper?echoic 1

Hypoechoic nodule∼∼2hypo?echoic | echo?poor∼∼2nodule 2

Very hypoechoic
very∼∼2hypo?echoic | marked*∼∼2hypo?echoic |
predominant*∼∼2hypo?echoic | extremely∼∼2hypo?echoic |
hypo?echoic∼∼2muscle | marked*∼∼2echo?poor

3

Shape
Wider than tall wider∼∼2tall | oblate 0
Taller than wide taller∼∼2wide | prolate 3

Margin
Smooth smooth∼∼2nodule | well?defined∼∼2nodule 0
Ill-defined ill?defined | poorly?defined 0
Lobulated or
irregular

lobulated | protru* | irreg* | jagged | sharp∼∼2margin? |
spiculated 2

Extra-thyroidal
extension

extra?thyroid* | extra?capsular | exten*∼∼2beyond |
exten*∼∼2outside | exten*∼∼3capsule | infil* | inva* 3

Echogenic Foci
None or comet-tail
artefacts no∼2foci | no foci | comet* | nodule ring?down | colloid* 0

Macrocalcification macro?calcification?∼∼2nodule? | large∼∼2calcification? |
coarse∼∼2calcification? 1

Peripheral (rim)
calcifications

peripheral∼∼2calcification? | egg?shell |
edge∼∼2calcification? | rim∼∼2calcification? 2

Punctate echogenic
foci punctate | echo?gen* foc* | echo?gen* fleck? 3
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Figure E.1: Boxplot for BTA and ACR TI-RADS thyroid nodule gradings.

Of the three sample types, post-resection histopathology is the gold standard for determin-
ing malignancy, followed by FNA, then FNA in terms of sensitivity [158, 159]. This priority
was therefore used to assign malignancy labels where multiple samples were present for
the same nodule. This enables accurate determination of diagnostic labels for most thy-
roid nodules in the dataset (Figure E.2). As expected, U2 nodules had significantly fewer
samples than U3-U5 and a low number of malignant nodules overall. U3-U5 nodules had
an increasing percentage of malignant samples. This is expected as the BTA U systems
have been shown to be highly sensitive in selecting malignant nodules for sampling [160].

Across repeat samples, a large number of diagnostic and non-diagnostic results were recorded
(Figure E.3). In line with guidance, sample 1 was almost always FNA [161], with cytology
’Thy’ categories recorded. These categorise the nodule sampled cells as non-diagnostic
(Thy1), non-diagnostic cystic (Thy1c), benign (Thy2), benign cystic (Thy2c), atypical
but indeterminate (Thy3a), indeterminate follicular (Thy3f), suspicious of cancer (Thy4),
and malignant (Thy5) [161, 162]. However, a large number of results were non-diagnostic
(Thy1) or indeterminate (Thy3a/Thy3f), requiring repeat sampling. Sample 2-6 included
examples of benign and malignant disease from histopathology results from FNA or post-
resection tissue. Benign diseases included Multinodular Goitre (MNG), colloid nodules,
hyperplastic nodules, follicular adenomas, and hurthle cell adenomas. Malignant diag-
noses included papillary carcinomas, follicular variant papillary thyroid carcinomas, fol-
licular carcinomas, metastatic disease, non-invasive follicular thyroid neoplasms (NIFTP),
hurthle cell carcinomas, and medullary carcinomas. Secondary findings of microcarcinoma
were also present in several samples.

For histopathology results, TNM provides a framework for describing disease extent in
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Figure E.2: Total number of nodules and sample-confirmed nodules grouped by BTA grade
in the LTUS dataset.

Figure E.3: Value counts for cytology and pathology labels for thyroid nodules in the
LTUS dataset. Results are grouped by sample number, with increasing numbers indicating
chronological follow-up or repeat samples.
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thyroid cancer, based on primary tumour size and extent (pT), regional lymph node in-
volvement (pN), and distant metastasis (M) [163]. TNM staging was also recorded, adding
clinical value by contextualising disease severity and prognosis and enabling analysis of
specific tumour stages. The frequency of TNM stagings included in the dataset is shown
in Figure E.4.

Figure E.4: TNM staging for malignant thyroid tumours in the LTUS dataset.

E.3 Imaging metadata

In addition to radiological findings and diagnostic information, the dataset includes imaging
metadata to facilitate stratification by imaging settings. This is important for assessing
generalisability across different imaging systems and settings, and for simplifying data-
loading pipelines by providing information such as image dimensions upfront.

Optical Character Recognition (OCR) was used to extract the radiologist context label
from the image (i.e. Thyroid Left LS), as well as US settings from the parameter box
burned into the image itself. For each of the 23 unique image shapes in the dataset (rep-
resenting images obtained from various US machines), bounding boxes were drawn around
the context label and US settings. Binary thresholding was then used to separate the text
from the background, thereby improving OCR accuracy in areas where text overlapped the
B-mode image. Pytesseract with page segmentation mode (PSM) 6 was used to convert
the text in the images to a machine-readable string, assuming a single, uniform block of
English text [164].

The text was then cleaned to remove non-alphanumeric characters (except spaces, newlines,
the per cent sign, forward slash, and periods) and extra whitespace. Additional post-
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processing rules were then applied to standardise the text and exclude differences arising
from minor OCR errors. Finally, a function split the context label into references of
laterality (left, right, midline), transducer orientation (transverse, longitudinal), and image
anatomy (thyroid, salivary glands, lymph node levels), the counts for which are shown in
Figure E.5. A separate function extracted key-value pairs from the US settings, returning
the setting name and corresponding value as a dictionary. This allowed the extraction of
information such as the imaging frequency, gain, dynamic range, grey map, resolution, noise
suppression, framerate, and speckle reduction. For example, the most common imaging
frequencies were 11.0 MHz, 9.0 MHz, 13.0 MHz, and 15.0 MHz, which together made up
86% of the data.

Figure E.5: Metadata labels for the LTUS dataset, showing the image orientation, lateral-
ity, and anatomy from OCR.

E.4 Inter-annotator study

To assess the cost and predicted uncertainty of annotation, an interannotator study was
conducted with 7 annotators of varying experience levels. Two consultant-level experts,
with >10 years of experience in head and neck ultrasound (IDs 1 and 2), two medium-
experience resident-level clinicians with ∼2 years of experience in ultrasound (IDs 3 and 4),
and three non-clinical researchers with mixed-level experience in ultrasound research (IDs
5, 6, and 7). This enabled an assessment of the level of experience required to precisely
annotate thyroid ultrasound images, a largely unexplored topic in the literature.
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Fifty images were sampled from the full dataset for the interannotator study. These images
were selected as samples to represent the main pathological variations: ten with normal
anatomy, ten with a single thyroid nodule, ten with multiple thyroid nodules, ten with
a history of thyroid surgery, and ten with diffuse thyroid disease. Images were randomly
selected based on the patient-level annotations and hosted for annotation using the tool
LabelStudio. Patient-level classification labels were available to guide annotation, but only
a single image per patient was annotated.

Seven classes were selected for annotation: thyroid gland, thyroid nodule, internal jugu-
lar vein, common carotid artery, trachea, oesophagus, and major superficial neck muscles
(strap muscles and sternocleidomastoid). All seven annotators were given the same in-
structions on using the annotation tool and the same general guidelines for annotation:

• Multiple objects: Annotate all visible instances of each class (e.g., multiple nodules
or muscles in the same image).

• Overlapping objects: Objects may overlap (e.g., thyroid and thyroid nodules). To
create overlapping labels, hold Ctrl/Cmd while annotating.

• Missing classes: Not all classes will be present in every image. Only annotate
objects that are visible.

• Partially visible or obscured objects: Annotate only the visible portion of the
object. Do not estimate or extend boundaries beyond what is visible. If an object
extends beyond the image border, trace the boundary up to the image edge where it
exits the frame.

• Unclear boundaries: When boundaries are indistinct, annotate as accurately as
possible using best judgment. Place points along the most probable object boundary,
even if edges are poorly defined.

• Annotation quality: Aim for smooth, natural contours. Avoid sharp or jagged
polygons; use sufficient points to closely follow the object boundary while maintaining
smooth edges.

• Review before submission: Check for missed objects, accidental label overlap
errors, incomplete polygons, or stray points prior to submission.

In addition, all annotators had access to training materials produced by a clinical expert
that showed how to annotate the relevant anatomical features, with examples illustrating
the annotations. All annotators independently labelled all 50 images, and the complete
annotations were compared using the class-wise DSC to assess inter-annotator agreement.
Metadata also included the lead time for each annotation and the number of control points
used per image, offering insight into the annotation process. Example images (randomly
selected) from the inter-annotator study are shown in Figure E.6.

Comparing these annotations using paired DSC provides a robust, intuitive assessment of
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Figure E.6: Example segmented images from the inter-annotator study. Annotators 1
and 2 had high-level experience in thyroid ultrasound imaging; annotators 3 and 4 had
mid-level experience; and annotators 5, 6, and 7 had lower-level experience.
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the average pixel-wise agreement between the annotators for each class (and an overall
average). (Figure E.7). In the thyroid and muscle classes, the paired DSC was gener-
ally high across all annotator pairs, with DSC values >0.7 indicating a good agreement.
This suggests that all annotators in the study were able to annotate the thyroid and
muscles with a high degree of agreement, especially the expert annotators (1 and 2), the
medium-experience annotator 3, and the less-experienced annotator 7. In contrast, thy-
roid nodules were more difficult to annotate, as reflected in a lower average inter-annotator
DSC. Agreement between the expert annotators was reasonable (DSC = 0.7), but gener-
ally poorer among the less experienced annotators, with moderate-to-poor agreement at
medium and lower experience levels, as well as between these groups and the experienced
annotators. The macro-average across all 7 classes showed reasonable paired agreement
between annotators with the same experience levels, as well as overall. This suggests that
while inexperienced annotators may be able to label some classes (such as the thyroid and
muscles), other classes must be annotated, or at least reviewed, by experienced annotators.

Across the 7 annotators, the median number of control points used to annotate objects
was 126 per image, with a maximum of 364. Each control point was manually placed
(and sometimes adjusted). The mean lead time, measured as the cumulative time spent
annotating each image, was 3.5 min/image (excluding outliers > 20 min), indicating that
annotating 50 images took just under 3 hours. This highlights the annotation burden as-
sociated with dense segmentation, which becomes a problem at scale: 40,000 images would
require >2,300 hours, which is infeasible for a small group of annotators, especially since
expert input is needed. Upscaling to a larger pool of annotators could ease this burden,
with crowdsourced annotation presenting a possible option for large-scale annotation, but
robust data quality checking with input from experts would be needed. Alternatively,
pre-annotation with trained DL models, or interactive annotation with Segment Anything
Models (SAM) such as medical SAM [165] or SAMUS [166], may reduce the time required
to annotate each image.
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Appendix E. The Leeds thyroid ultrasound dataset

Figure E.7: Matrices showing paired DSC for inter-annotator study. The inter-annotator
DSC is calculated per class and reported for thyroid, thyroid nodules, and muscle, as well
as the macro-average across all 7 classes.
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