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Impact Statement

This thesis explores new approaches to advancing Augmented Reality (AR) in

medical contexts, with a focus on Mixed Reality (MR) systems. By blending real

and virtual environments, MR holds significant potential in medicine, though chal-

lenges remain in clinical adoption. This thesis addresses some of these challenges

through methods that leverage 3D virtual object visualisations and egocentric mo-

tion data from Optical See-Through Head-Mounted Displays (OST-HMDs). It also

presents a scalable synthetic image generation method for training Deep Learning

(DL) models in 3D hand and tool pose estimation, with a specific focus on obstetric

sonography training.
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Academically, this work contributes to human factors in surgical AR, MR-

based medical education, and domain-specific generative AI. A collaboration with a

UCL clinician lays the groundwork for further research. Publicly available datasets

and source code support reproducibility, while the synthetic multimodal image gen-

eration method establishes a foundation for DL training in contexts with limited

annotated data. Additionally, it highlights the potential of Reinforcement Learn-

ing (RL)-based physics engines to generate realistic hand grasp motions, further

enhancing synthetic dataset realism.

Beyond academia, these methods could inform the development of commer-

cial MR-based medical training simulators integrating AI-driven decision support,

particularly benefiting midwifery and sonography programs in resource-constrained

settings. The synthetic data generation approach could also support scalable dataset

creation for AI model training in healthcare and other fields, where real data is

scarce.

Overall, this thesis bridges AR, AI, and medical education, establishing a basis

for future research and practical applications aimed at enhancing medical training

and clinical practice through advanced technology.



Abstract

Augmented Reality (AR), particularly in the form of Mixed Reality (MR), holds

strong potential to enhance clinical and surgical workflows. However, despite its

promise and increasing research interest, demonstrated clinical utility of MR is rare.

This thesis investigates specific factors that could contribute to more effective and

intuitive AR systems in the future, with the overall goal of supporting real-time

AR-assisted decision-making and procedural skill development.

First, a systematic literature review of 91 peer-reviewed publications on OST-

HMD-based surgical applications was conducted. The review revealed that key

technical limitations and human factors remain major barriers to widespread clinical

adoption and proposed strategic research directions for improved study design and

evaluation. Based on these findings, the focus turned to the underexplored area of

AR-assisted training in obstetric ultrasound (US). A novel MR training application

(CAL-Tutor) was developed to provide real-time 3D virtual overlay guidance for

US probe positioning toward standardised fetal target US planes. A pilot user study

demonstrated improved probe navigation and spatial understanding for novel users.

Findings from CAL-Tutor led to the development of a new method for ego-

centric, markerless 3D hand and tool pose estimation. This approach leveraged a

scalable synthetic data generation pipeline, combining a generative deep learning

model for grasp synthesis with plausible 3D computer graphics-based rendering.

The resulting multi-view, multi-modal dataset, HUP-3D, is the first of its kind in the

research community. It includes over 31,000 synthetic samples and achieved state-

of-the-art single-modality (RGB) accuracy (8.65 mm MPJPE) using the HOPE-Net

pose estimation model. A dataset extension (HUP-3D-v2) and initial multi-modal
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(RGB-D) evaluation finalise the main technical contributions of the thesis.

Overall, this thesis contributes to the design of reproducible, scalable and data-

driven MR applications for clinical education and interactive procedural training,

offering insights for future research at the intersection of MR, egocentric computer

vision, and generative deep learning. The findings aim to pave the way for broader

adoption of immersive AR- and AI-driven technologies in clinical education and

procedural guidance.
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Chapter 1

Introduction

Unlike Virtual Reality (VR), where the user is fully immersed in a computer-

generated world and can no longer see the real environment, Augmented Reality

(AR) allows the user to view the real world while simultaneously perceiving super-

imposed virtual objects. In this sense, AR has the potential to enhance the user’s

ability to perceive and interact with the real world [1]. AR is widely seen as a

potentially transformative technology in several domains, such as engineering, ur-

ban planning and healthcare [2]. The term AR was first introduced in 1992 in the

context of an Optical-See-Through Head-Mounted Display (OST-HMD) used for

aircraft manufacturing. However, the first conceptual prototype of an AR system

had already been built in 1968 in a pioneering work by Sutherland, who presented

the first Head Mounted Display (HMD) [3]. Even though the term “AR” had not

yet been introduced, Sutherland’s prototype can be considered an early example

of what is now referred to as an OST-HMD, a HMD that allows users to perceive

3D-rendered content while still seeing the real world. Today, other types of AR

are being used, such as Video See-Through Head-Mounted Display (VST-HMD),

allowing to see the real world only through a live camera feed, with overlaid AR

content. Or projector-based AR that uses projectors to overlay digital content onto

physical subjects or objects. AR is widely regarded as a key component of the

Fourth Industrial Revolution1 [4], next to advances in fields such as Artificial In-

telligence (AI), Machine Learning (ML) and cloud computing. However, despite

1Also known as ”Industry 4.0”. This term was first introduced in 2011, but gained significant
momentum in 2016 as related technologies began to be more widely adopted across industries.
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its transformative potential and growing interest in AR in various industries, its

integration into routine processes presents several challenges, including technical

limitations and user acceptance [5]. These challenges are particularly significant

in the medical field, where AR has the potential to revolutionise diagnostics [6],

surgery [7], and medical training [8], but faces hurdles in clinical adoption.

This thesis explores challenges and potential solutions in the area of medical

AR. More specifically, the initial phase investigates the potential of OST-HMDs, a

specific type of AR device, in surgical applications. OST-HMDs are a category of

wearable AR HMDs that preserve the user’s egocentric view of the world and do

not alter the user’s viewpoint or field of view while displaying overlaid 3D-rendered

content [9]. In addition, OST-HMDs allow users to see the real world directly, in

contrast to another type of HMD called VST-HMD, in which the user’s egocentric

field of view is perceived through cameras.

Some OST-HMD devices like the Microsoft HoloLens (Microsoft Corporation,

Redmond, USA) and its successor, the HoloLens 22, enable users to interact with

virtual objects, which in turn can also interact with physical objects, independently

of user manipulation. Such applications expand the classical concept of AR to a

technology called MR. A popular definition of MR can be found in [10], where a

Virtuality Continuum (VC) has been defined (Fig. 1.1). VC is defined as a spectrum

ranging from reality to VR, with AR and Augmented Virtuality (AV) in between.

According to [10], AV describes the part of the spectrum where real-world elements

are integrated into a predominantly virtual environment. Consequently, along the

VC, MR resides as a separate spectrum between AR and AV. In this sense, MR

can be defined as a technology that enables real and virtual elements to interact

and merge into one another. While these concepts illustrate the theoretical evolu-

tion from AR to MR, practical adoption of MR has proven more complex. Having

noted the controversy over the transformative potential of AR and its barriers to

widespread adoption, the recently announced discontinuation [11, 12] of Microsoft

HoloLens reflects this disparity.

2https://www.microsoft.com/en-us/hololens, accessed on 17 September 2024

https://www.microsoft.com/en-us/hololens
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Figure 1.1: The reality-virtuality continuum, which extends from reality to VR, from left
to right. Figure adapted from Milgram et al. [10].

Despite the conceptual distinction between the broader term AR and the more

specific term MR, this thesis will use them interchangeably during the implementa-

tion and experimental validation stages, beginning in Chapter 3, due to the increas-

ing popularity, technological advancements, and widespread adoption of MR-based

OST-HMD devices, such as the HoloLens 2, within the research community. A

more detailed presentation of the motivation behind this thesis is presented in sec-

tion 1.1. Section 1.3 presents the goals and corresponding contributions of this

thesis.

1.1 Motivation: Augmented Reality in Medicine
The history of medicine has shown that it takes time to establish a novel technol-

ogy aimed at replacing conventional procedures and thus improving patient care.

As a core medical field that impacts patient health and safety, surgery has always

been a vital medical field that has benefitted from such innovations. The transition

from open surgery to Minimally Invasive Surgery (MIS) marked a major break-

through across surgical specialties, significantly improving patient outcomes by

reducing blood loss, hospitalisation time [13], and the risk of surgical site infec-

tions [14, 15], while also lowering hospital costs [16]. Among the various surgical

techniques classified under MIS are laparoscopic surgery, endoscopic surgery, and

robotic-assisted surgery, each representing a significant milestone in the evolution

of modern surgery. While MIS is well established in modern surgical practice,

AR-assisted surgery – considered a complementary innovation aimed at enhancing

routine procedures – remains in its early stages of adoption despite having been

proposed several decades ago. Among the various applications of AR in surgery,

AR-assisted surgical guidance has emerged as one of the most prominent. The con-
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cept was initially introduced in the 1980s [17, 18], primarily focusing on overlaying

anatomical data to assist in surgical navigation.

Since those early implementations, subsequent research has explored addi-

tional potential benefits of AR, including improved visual perception, ergonomics,

hand-eye coordination, safety, reliability, and repeatability, ultimately aiming to

enhance surgical outcomes. However, despite over four decades of research, the

promise of AR has yet to be fully realised in routine clinical practice. In recent

years, likely driven by technological advancements such as the release of the first

Microsoft HoloLens OST-HMD in 2016, a significant increase in related research

publications [19] can be observed. However, despite promising preliminary results,

sufficient evidence supporting the widespread adoption of AR-assisted surgery in

routine clinical practice is still lacking [20, 21, 19, 22, 23]. With the current upward

trend in surgical AR research and the persistent challenges that hinder its clinical

adoption—such as those related to hardware, registration and perceptual accuracy,

and user acceptance, discussed further in Section 1.2.3—this thesis focuses on three

main areas of work, particularly in the context of medical OST-HMDs:

First, after analysing proposed solutions and limitations of surgical OST-

HMD-based AR, the focus shifts to AR for medical training. Obstetric sonography

emerges as a promising yet underexplored field in which HoloLens 2-based MR

could enhance clinician training. Second, this thesis addresses a key challenge in

conventional obstetric sonography training: a clinician’s ability to mentally map 2D

ultrasound images to the 3D anatomy of the fetus. An MR-based approach is intro-

duced to enhance this aspect of clinical training. Finally, this thesis delves deeper

into the technical aspects to meet a core requirement of the HoloLens 2 applica-

tion and explores egocentric computer vision-based tracking of a user’s hand and

US probe. Prior to outlining the goals and contributions of this thesis in Section

1.3, Section 1.2 presents a background on AR in medicine, covering its historical

development and key challenges.
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1.2 Background: Augmented Reality in Medicine

1.2.1 Definition and Motivation

Medical AR refers to the application of AR in a medical context, with the aim

of improving conventional workflows and ultimately providing additional bene-

fits to patients. Its underlying motivation stems from the need to visualise data

alongside real-world medical content—such as training devices, medical hardware,

and patients—within the same physical space [24], which facilitates more effec-

tive integration of visual information, and hence more effective medical work-

flows, ultimately benefiting patients. Three primary types of AR devices are be-

ing used in medicine (as already described in Chapter 1): OST-HMD, VST-HMD

and Projector-Based AR systems. Various application fields exist such as preop-

erative planning, intra-operative visual guidance, medical education and training,

rehabilitation, diagnostic imaging, oncology and telemedicine. Depending on the

application field different types of AR devices are being used. While for example

OST-HMDs and VST-HMDs are more common in preoperative planning, intra-

operative guidance, medical education and training, telemedicine and diagnostic

imaging, projector-based AR systems are rather used in rehabilitation [25, 26] and

oncology [27]. Chapter 2 discusses these types of AR devices and the aforemen-

tioned surgical application fields in more detail. Before delving into the history of

medical AR in the next Subsection 1.2.2, the reader is referred to an existing modern

definition of medical AR provided by Navab et al. [28]. It includes the definition

of a Medical AR Framework (Fig. 1.2), which describes an interconnected relation-

ship between its primary components and illustrates the information flow between

the physical world and the AR system.

1.2.2 Brief History

The first reported use of AR guidance in medicine dates back to 1982 in the context

of neurosurgical navigation [17]. In this computer-monitored stereotactic neuro-

surgery system, a surgical microscope was rigidly attached to a stereotactic frame,

allowing Computed Tomography (CT)-based tumor outlines to be overlaid directly
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Figure 1.2: The Medical Augmented Reality Framework by Navab et al. (2022) illustrates
the relationships between its four primary components: Digital World, AR
Display, AR User Interaction, and Evaluation. Figure reused from Navab et
al. [28].

into the microscope’s view (Fig. 1.3). Four years later, in 1986, [18] expanded this

method and projected CT images in a surgical microscope. A few years later, in the

1990s, early VST-HMD systems were introduced, approaching the first reported use

of HMD-assisted medical AR: In 1992, within the field of obstetric sonography, the

first system for medical imaging was introduced, overlaying real-time US images

directly onto a pregnant woman [29] (Fig. 1.4a and 1.4b). In 1994 [30] presented

one of the first reported instances of a system for real-time 3D US visualisation in

obstetric sonography. A volume-reconstructed fetus, generated from US slice ac-

quisitions, was overlaid onto its corresponding physical location within the mother’s

abdomen. In 1997 the first AR-assisted surgical navigation system for tumor resec-

tion in endoscopic ear, nose, face and throat (ENT) surgery was presented [31]. In

this method, AR guidance was achieved through rectangles overlaid onto the live

endoscopic video and pointing to the resection target.

OST-HMD systems were less common in medical AR applications than VST-

HMD systems in the 1990s. This can likely be attributed to the technological lim-
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Figure 1.3: Illustration of the surgical system developed by Kelly et al. (1982), considered
the first reported use of AR-assisted surgical guidance. Tumor outlines from
preoperative CT scans were displayed on a computer monitor to assist naviga-
tion with a surgical microscope that was rigidly attached to a stereotactic frame.
Figure reused from Kelly et al. [17].

itations of OST-HMD at that time, such as insufficient registration accuracy and a

limited field of view. One of the first attempts to superimpose a 3D-rendered knee-

joint visualisation on a leg model was demonstrated in [32]. In the 2000s, techno-

logical advancements continued with key contributions such as the development of

a head-mounted operating microscope for computer-aided surgery in 2000 [33, 34],

which can be categorised as OST-HMD (Fig. 1.5a and 1.5b). Based on preoperative

CT data and a preoperative planning software, non-real-time OpenGL3-rendered

navigation data, such as implants and a drill, was displayed to the user. In 2002

a pioneering VST-HMD-based US-guided needle biopsy application was proposed

[35]. In a randomised, controlled trial the proposed AR-assisted method was com-

pared against conventional US-guided needle biopsies. The distance of the biopsy

to the ideal target position was measured, and results showed that the AR-assisted

method led to smaller mean deviations from the target position.

3https://www.opengl.org/
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(a) (b)

Figure 1.4: The first reported use of HMD-assisted medical AR by Bajura et al. (1992),
within the field of obstetric sonography. (a) AR setup with US technician scan-
ning a pregnant woman, and a person wearing a VST-HMD to observe live 2D
US images slices in 3D. (b) A sample video frame from the VST-HMD user’s
left-eye perspective, showing a US slice registered to the US probe and super-
imposed onto the patient’s abdomen. Figures reused from Bajura et al. [29]

(a) (b)

Figure 1.5: An early design of an OST-HMD in medicine: The Varioscope AR. (a) The op-
tics illustrating the concept of image overlay in the Varioscope AR: A miniature
computer display projects an additional image into the focal plane of the Var-
ioscope’s objective lens. The combined image consisting of real world view
and computer-generated content can be viewed through the ocular. (b): The
Variscope AR prototype, consisting of a commercial Varioscope (Life Optics,
Vienna, Austria) (marked ”a”), and two miniature computer displays (marked
”b”). Figures reused from Birkfellner et al. [34].

In 2004 a projector-based AR system for intra-operative navigation in maxillo-

facial surgery was presented, called ARSys-Tricorder [36]. The aim of this system

was to meet the need for more precise, submillimeter-level superposition of preop-
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erative skull transplant design onto the patient during surgery. Pre-operative plan-

ning information such as osteotomy lines were projected onto a semitransparent

mirror that was positioned above the patient anatomy. However, an experimental

evaluation of this method was missing. For readers interested in a comprehensive

overview of medical AR advancements, including its historical development up to

the 2000s, a detailed literature review is available in [24].

Moving forward to the 2010s, advances in medical AR were partially attributed

to the release of popular OST-HMDs such as Google Glass (Google Inc., Mountain

View, CA) in 2014 and Microsoft HoloLens (Microsoft Corporation, Redmond,

USA) in 2016. Further details on relevant applications using Google Glass and

Microsoft HoloLens will be discussed in Chapter 2. Readers who wish to get a

more in-depth overview of MR and AR technology in medicine as of 2018 are

referred to [37].

1.2.3 Challenges and Limitations in Medical AR

Besides the potential advantages of medical AR, as presented in subsection 1.2.1,

there are several factors that prevent these new methods from replacing conventional

routine practices. One of the main limitations is the lack of standardised evaluation

methods for proposed AR-assisted medical solutions, which hinders their regulatory

approval and adoption [38]. Focusing specifically on OST-HMDs, these devices

face several technical limitations. One of the most significant limitations is the

inaccurate spatial registration of virtual overlays onto real-world structures. Espe-

cially in patient safety critical applications like AR-assisted surgical guidance [39],

where an accurate registration of virtual content with physical patient-anatomy or

surgical tools is critical and ensures that 3D virtual objects4 are constantly perceived

at their correct physical location. However, achieving and maintaining sufficiently

accurate 3D virtual object registration with OST-HMDs is technically challenging

due to the underlying requirement for precise device calibration. Even minor cali-

bration errors can result in substantial deviations, which are unacceptable in surgical

4While Microsoft refers to the 3D content rendered by OST-HMD devices such as the HoloLens
2 as “holograms”, this thesis uses the terms “3D virtual object”, “3D virtual content” and “3D virtual
overlay” to describe the accurate technical nature of the visualisation.
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guidance tasks [40].

Besides 3D virtual object registration accuracy, OST-HMDs also face

hardware-related limitations. For example, the first version of the Microsoft

HoloLens, a widely used OST-HMD released in 2016, attracted substantial re-

search attention but suffered from a restricted field of view, insufficient battery life

and a heavier weight [41]. There are also perceptual issues that limit the utility

of OST-HMDs. A study published in 2020 suggested that the first version of the

HoloLens is not suited for surgical guidance tasks [42] due to impaired perceptual

accuracy. This problem can be attributed to the fact that the focal length of the

HoloLens is approximately 2 meters. As a result, all virtual objects appear optically

focused at this distance, regardless of their intended depth. Consequently, during

manual tasks in which the hands are closer to the eyes than this focal length, the eyes

cannot simultaneously focus on both virtual and real content. Another problem, as

noted by [42], are the vergence-accommodation conflict (VAC) [43] in binocular

vision and the poor alignment of virtual content to the scene due to failed per-user

display calibration. The HoloLens 2 addressed some of the aforementioned issues

like wider field of view, lower weight, and reduced focal length at around 1.5m.

However, even at this reduced focal length a mismatched vergence accommodation

for virtual content in the peri-personal space can occur [44].

Such technical limitations of OST-HMDs directly impact user acceptance

when working with these devices in a medical context that requires precision and

concentration. For example, the VAC can lead to visual discomfort and fatigue

[45]. In this context, technical limitations are closely related to human factors

[46], which, in this thesis, refers to the individual perceptual and physical char-

acteristics of each user. These factors vary and must be considered when designing

OST-HMDs and their respective medical applications. In addition, human factor

limitations can also be independent of technological constraints and can simply be

attributed to a user’s individual ability or willingness to work with novel technolo-

gies. Although the definition of human factors is sometimes distinguished from per-

ceptual issues [46], this thesis considers perceptual issues as part of human factors.



1.2. Background: Augmented Reality in Medicine 29

In that sense, example human factors, as defined in Chapter 2, are impaired depth

perception, Individually different visual processing capabilities between dominant

and non-dominant eye, perception of spatial relationships between real and virtual

objects, confidence and frustration.

Taking into account the technological and human factor limitations of OST-

HMDs, it is important to note that medical applications requiring high perceptual

accuracy when overlaying virtual content onto real-world counterparts may face sig-

nificant challenges [42]. One such prevalent application in the research community

is OST-HMD-assisted surgical guidance. In particular, surgical specialties such as

neurosurgery and orthopedic surgery, where rigid bone structures can serve as fixed

reference points for 3D-rendered overlays, may significantly benefit from AR. Re-

cent studies show that OST-HMDs for intraoperative navigation show promising

results, but conclude that further work is required before widespread clinical adop-

tion can be achieved [47, 44, 48]. A recent qualitative study investigated whether the

superimposed display of virtual content is suitable for OST-HMD and VST-HMD

surgical navigation in the context of widespread clinical adoption [49]. The au-

thors concluded that such systems are not yet suitable for routine clinical use due to

underlying human factor issues. Despite advancements in commercial OST-HMD

technology, maintaining accurate spatial 3D virtual object registration remains a

significant challenge in clinical applications where precision is crucial, such as sur-

gical guidance [50, 40].

Motivated by these limitations, this thesis explores the current state of OST-

HMD-assisted surgical AR through a systematic review, investigates the potential

of MR for medical training via the CAL-Tutor—an MR prototype for obstetric US

education—and proposes a novel markerless hand and tool pose estimation method

to support egocentric MR interaction. The generation of synthetic images for state-

of-the-art Deep Learning (DL)-based pose prediction models forms an essential

component of the latter approach, and the specific aims and contributions of this

work are outlined in Section 1.3.
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1.3 Research Objectives and Contributions
This thesis contributes to the evolving field of AR-enabled technologies for clinical

and educational use, aiming to advance both training methodologies and technical

capabilities in MR environments. This section lists the primary research goals and

summarises the corresponding technical contributions, which collectively address

persistent limitations identified in surgical AR and propose novel methods for MR-

driven medical training and interaction.

Goals. Building on the challenges outlined in Section 1.1, this thesis pursues the

following objectives:

1. Assess the current state of AR-assisted surgery: Conduct a systematic re-

view to identify opportunities and limitations in AR-assisted surgical systems

and propose strategic directions for future research.

2. Develop an MR training application for obstetric US: Design and imple-

ment a targeted training tool using egocentric interaction and 3D-rendered

guidance, translating insights from surgical AR into a medical education con-

text. Obstetric US was chosen as the medical application domain due to its

inherent perceptual and spatial challenges, making it a suitable context for

evaluating the proposed MR-assisted methods.

3. Advance egocentric hand and US probe tracking: Propose and validate a

markerless method for 3D hand-probe pose estimation in OST-HMD-based

systems, addressing challenges in marker-based egocentric probe tracking.

Contributions. Following the previously mentioned goals of the thesis, several con-

tributions were made that address persistent challenges in medical AR, particularly

in the context of OST-HMD-based systems. Consequently, new insights, tools, and

methods were delivered that aimed at improving both educational applications and

technical capabilities in MR environments.

1. Systematic literature review and research gap analysis: A comprehen-

sive systematic review of OST-HMD-based AR applications in surgery was
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conducted. The review identified recurring technological and human factor

limitations that hinder clinical adoption. Findings from this review informed

the scope of this thesis, directing focus toward medical training applications.

2. CAL-Tutor: An innovative MR training platform for obstetric US: As the

first technical contribution of this thesis, CAL-Tutor, a HoloLens 2-based MR

platform, was developed to address the underexplored area of AR-assisted

education in fetal US. A preliminary user study demonstrated the system’s

feasibility and highlighted potential for future research towards evaluation of

user motion data for AI-assisted skill assessment.

3. HUP-3D: A synthetic dataset with DL-based evaluation for markerless

3D hand-probe pose estimation To address limitations in marker-based US

probe tracking observed in CAL-Tutor, a novel markerless approach for joint

3D hand-tool pose estimation was developed. Central to this contribution

is a scalable pipeline for generating synthetic images, depicting hand-probe

grasps in an obstetric sonography setting, and intended for training state-of-

the-art DL-based 3D pose estimation models. The resulting multi-view and

multi-modal dataset, HUP-3D, achieved state-of-the-art DL-based 3D pose

prediction performance on a clinical dataset.

4. HUP-3D-v2: Extension of HUP-3D and multi-modal evaluation In a fi-

nal contribution, the HUP-3D dataset was extended to support a greater data

diversity and DL model training generalisability when trained on this data.

Grasp synthesis and multi-modal (RGB-D) evaluation highlighted key chal-

lenges, indicating areas for future improvement.

Collectively, these contributions support the broader goal of improving the us-

ability, reliability, and applicability of MR in medical education, while also drawing

from foundational challenges in AR-assisted surgery and addressing those that hin-

der its widespread adoption. To provide a clear roadmap for how these objectives

are addressed, the structure of the thesis reflects a progression from in-depth prob-

lem analysis and conceptual design to implementation and technical validation. The
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Figure 1.6: Roadmap of the thesis: From a systematic literature review of OST-HMD-
assisted surgery to markerless Hand and US probe pose estimation.

following Section 1.4 outlines the content and purpose of each chapter to guide the

reader through the remainder of the thesis.

1.4 Structure of the Thesis
The three main contributions of the thesis, as mentioned in the previous Section 1.3,

led to a chapter-based thesis structure that is illustrated in Figure 1.6. Chapters 2

through 5 present the core technical contributions of the thesis. Associated peer-

reviewed publications related to Chapters 2-4 are then listed in Section 1.5. While

this Introduction chapter provides a broad overview of the medical AR landscape,

specialised background on OST-HMDs applications in surgery, AR-assisted US

guidance, and egocentric pose estimation is detailed in Chapters 2, 3, and 4, re-

spectively. The subsequent chapters are structured as follows:

Chapter 2: Presents a systematic literature review of OST-HMD-assisted surgical

applications, covering 91 studies published between 2013—the year Google Glass

(Google, Inc.), then a widely known OST-HMD, was released—and 2020. Selected

publications from 2021 to 2024 are referenced to illustrate ongoing trends, but are

not included in the formal meta-analysis. Key technical and human factor limita-

tions were identified, motivating a shift in focus from surgical to educational MR

use cases. This shift was based on the premise that educational scenarios impose

less stringent accuracy demands. The resulting work led to the development of the

CAL-Tutor MR application for training in obstetric sonography, which is the focus

of the next chapter.

Chapter 3: Introduces CAL-Tutor, a novel HoloLens 2-based MR application
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for obstetric US training, developed in response to the limitations of OST-HMD-

assisted surgery identified in Chapter 2—particularly challenges related to overlay

and perceptual accuracy of 3D-rendered content. Obstetric US training was selected

as the target medical education context due to its inherent difficulty: trainees must

mentally map 2D US images to 3D fetal anatomy, a cognitively demanding task that

contributes to high inter-operator variability. To address such learning challenges,

CAL-Tutor provides 3D virtual overlay guidance to direct the US probe toward pre-

defined anatomical targets, thereby supporting the trainee’s spatial awareness and

potentially shortening the learning curve. A user study demonstrated system feasi-

bility and highlighted limitations of marker-based US probe tracking, leading to the

development of a markerless alternative.

Chapter 4: Proposes a novel approach for markerless 3D hand-tool pose estimation

using synthetic data, motivated by the limitations of the marker-based US probe

tracking method used in the CAL-Tutor MR application (Chapter 3). The chap-

ter introduces HUP-3D, a synthetic, multi-modal dataset of hand-US probe grasps

designed for training DL-based 3D pose estimation models. The dataset empha-

sises image diversity and includes RGB, depth, and segmentation mask frames,

along with ground truth pose data inherently generated during the rendering pro-

cess. Realistic hand grasp poses were generated using a pre-trained generative

Neural Network (NN), followed by manual selection to ensure anatomical plau-

sibility. A spherical camera sampling strategy was employed to capture synthetic

hand-probe grasps from multiple perspectives, including both egocentric and third-

person views. Evaluation using single-modality (RGB) input and state-of-the-art

HOPE-Net [51] model demonstrated competitive results.

Chapter 5: Extends HUP-3D by introducing a second US probe to the dataset

and performing a multi-modal (RGB-D) evaluation. Grasp synthesis using larger

handheld objects, dataset generalisability, and the identification of challenges for

future work are core elements of this chapter. Building upon the competitive per-

formance of the purely synthetic HUP-3D dataset on keypoint localisation tasks
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(Chapter 4), this chapter enhances image diversity and improves generalisability

through the addition of a second US probe model in HUP-3D-v2. To evaluate its

effectiveness, the same state-of-the-art model used previously was applied, and the

dataset’s multi-modal capabilities were tested by incorporating depth frames along-

side RGB inputs. While this extension demonstrated technical feasibility of multi-

modal, multi-probe configurations, initial pose prediction performance was lower

than single-probe, single-modality results—highlighting the need for further opti-

misation.

Chapter 6: Summarises the main contributions of the thesis, emphasising how the

developed systems—the CAL-Tutor MR application, the HUP-3D synthetic dataset

generation and validation, and its extension into HUP-3D-v2—collectively advance

AR-assisted training methods. It discusses the practical and technical limitations

encountered, proposes target future research directions, and reflects on the broader

implications for AR-assisted medical education and procedural guidance. The chap-

ter closes with concise remarks summarising the lessons learned and the thesis’s

contribution to the field.

1.5 List of Publications and Open-Source Contribu-

tions by the Author
This section lists the peer-reviewed publications and open-source resources that

support the thesis and promote reproducibility. The thesis is primarily based

on three first-authored publications, each aligned with a core chapter. A fourth

publication—a book chapter—is included as a complementary contribution. Addi-

tionally, one open-source code repository for the CAL-Tutor project and a HUP-3D

project website containing the HUP-3D and HUP-3D-v2 synthetic datasets—along

with multiple related repositories—are provided.

Edwards, P.; Chand, M.; Birlo, M.; and Stoyanov, D. (2020). The Challenge of

Augmented Reality in Surgery. In Atallah, S. (Ed.), Digital Surgery, pp. 121–135.

• Cited as [52]; supporting, non-core contribution.
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• Offers a critique of surgical AR research, incorporating insights from the sys-

tematic review presented in Chapter 2.

Birlo, M.; Edwards, P. J. E.; Clarkson, M.; and Stoyanov, D. (2022). Utility of opti-

cal see-through head mounted displays in augmented reality-assisted surgery: A

systematic review. Medical Image Analysis, 77, 102361.

• Cited as [53]; basis for Chapter 2.

• Systematic review of OST-HMD use in surgical AR from 2013–2020, with a

focus on human factors and limitations in clinical adoption.

Birlo, M.; Edwards, P. J. E.; Yoo, S.; Dromey, B.; Vasconcelos, F.; Clarkson, M. J.;

and Stoyanov, D. (2023). CAL-Tutor: A HoloLens 2 Application for Training in

Obstetric Sonography and User Motion Data Recording. J. Imaging, 9(1), 6.

• Cited as [54]; basis for Chapter 3.

• Describes a novel MR system for ultrasound training, integrating HoloLens 2

and a physical phantom, with recorded user motion data for future AI appli-

cations.

GitHub Repository: https://github.com/manuelbirlo/CAL-Tutor

Birlo, M.; Caramalau, R.; Edwards, P. J. E.; Dromey, B.; Clarkson, M. J.; and

Stoyanov, D. (2024). HUP-3D: A 3D Multi-View Synthetic Dataset for Assisted-

Egocentric Hand–Ultrasound Probe Pose Estimation. In Proceedings of MICCAI

2024, LNCS 15001, Springer, pp. 430–436.

• Cited as [55]; basis for Chapter 4.

• Presents a synthetic RGB-D dataset with egocentric/non-egocentric views for

hand and probe pose estimation, including evaluation with state-of-the-art

hand and tool pose estimation DL model HOPE-Net.

Dataset and Code: https://manuelbirlo.github.io/HUP-3D/

https://github.com/manuelbirlo/CAL-Tutor
https://manuelbirlo.github.io/HUP-3D/
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Summary
This introductory chapter established the framework for the thesis by introducing

medical AR, outlining its motivation, historical evolution, and key challenges—

particularly for OST-HMDs. It then stated the aims, main contributions, and thesis

structure, and listed the related publications. In brief, the thesis contributes: (i) a

systematic review of OST-HMD use in surgery, highlighting technical and human-

factor barriers; (ii) CAL-Tutor, a HoloLens 2-based MR training prototype for ob-

stetric US, with a user study demonstrating feasibility and highlighting limitations

of marker-based probe tracking; and (iii) HUP-3D/HUP-3D-v2, synthetic multi-

view datasets (RGB, depth, and segmentation maps) with evaluations for markerless

hand-probe pose estimation. With this foundation, Chapter 2 presents the system-

atic review.



Chapter 2

Assessing the Utility of OST-HMDs

in AR-Assisted Surgery:

A Systematic Review

2.1 Introduction

This chapter presents a systematic review of the current state of AR in surgical

applications, with particular emphasis on the use of OST-HMDs. The goal of

this review is to assess the landscape of AR-assisted surgery, identify common

limitations—both technical and human factor-related—and highlight key trends and

research gaps in the field. Most of the content in this chapter is based on the author’s

peer-reviewed publication in Medical Image Analysis [53], with minor adaptations

and reformatting for consistency within the thesis.

The chapter begins by establishing the motivation for conducting this review,

followed by a detailed description of the review methodology, inclusion criteria,

and analysis strategy. The results are then categorised and discussed across dimen-

sions such as device type, surgical specialty, application context, and evaluation

approach. Chapter 1 provided a broad overview of the evolution and current chal-

lenges in medical AR, with a particular focus on the growing research interest in

OST-HMD-based surgical systems. Despite an increasing number of publications,

the clinical adoption of these systems remains limited due to persistent technical
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and human factor challenges. To contextualize the relevance of this systematic re-

view, it is useful to examine how the release of commercial OST-HMDs has influ-

enced research activity in surgical AR. Devices such as Google Glass and Microsoft

HoloLens 1 and 2 have played a key role in driving a significant increase in related

publications over the past decade. Figure 2.1 illustrates the distribution of surgical

AR articles involving OST-HMDs published over the last 24 years.

As outlined earlier, this chapter builds on a systematic literature review con-

ducted by the author and co-authors [53], which covered publications up to the end

of 2020. Since the release of the first HoloLens in 2016, the device has become a

dominant platform in surgical AR research—an upward trend that continued with

the launch of HoloLens 2 in 2021 [41]. More recently, the introduction of the Ap-

ple Vision Pro in 2023—representing a VST-HMD rather than an OST-HMD—has

drawn attention as a potential alternative for surgical applications [56, 57, 58, 59].

However, given their distinct underlying technology and interaction paradigms,

VST-HMDs are beyond the scope of this review. The remainder of this chapter out-

lines the evolution and clinical application of OST-HMDs in surgery, followed by a

detailed analysis of core limitations such as spatial registration accuracy, perceptual

3D virtual object accuracy, and human factors of human computer interaction. The

goal is to identify unresolved challenges and research gaps that serve as a founda-

tion for the methodological and experimental contributions presented in Chapters 3

to 5.

As OST-HMDs have driven much of the recent growth in surgical AR research,

it is important to understand how they compare to other types of HMDs, partic-

ularly VST-HMDs. AR systems can be categorised by their underlying display

technology, which includes conventional monitors, projectors, and HMDs [24, 60].

Among these, HMDs are generally considered the most user-friendly for manual

tasks, as they allow for hands-free interaction from a self-centered perspective[42].

HMDs can be further classified into two main categories based on their augmenta-

tion method: VST-HMDs and OST-HMDs.

In Video See-Through (VST) systems, a video image feed is combined with
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Figure 2.1: Distribution of number of articles within the last 24 years that address surgi-
cal AR HMD-related topics: Google Scholar search results for surgery ”Head
Mounted Display” ”Augmented Reality” OR ”Mixed Reality” surgery ”Head
Mounted Display” ”Augmented Reality” OR ”Mixed Reality” ”optical see
through” OR ”Hololens” OR ”Magic Leap” OR ”Google Glass” in the last
20 years. Search performed on 24 March 2025. In the literature review paper
published by Birlo et al. [53], only publications up to 2020 were included. The
distribution of number of articles from 2021 to 2023 confirms the continuation
of a still ongoing upwards trend, with a plateau in 2024.

superimposed computer generated images, such as 3D reconstructed MRI scans of

organs. VST systems have been adopted in surgical applications via computer dis-

plays and HMDs, and offer potential advantages such as improved synchronisation

between video feed and overlay and video processing for image segmentation or

registration. In addition, the contrast between video feed and virtual overlay can be

easily controlled, allowing the virtual overlay to occlude the real scene, which is not

the case for optical see-through (OST) systems. On the other hand, VST systems

face disadvantages including limitations in terms of video bandwidth, the risk of

losing vision of the real scene in the case of system errors, and geometric aberra-

tions such as distorted spatial perception [61]. Though video and overlay may be

well synchronised, there is inevitably some delay between actual motion and per-

ception of the motion, both real and overlaid, which can slow down surgical motion

and may increase errors. [62] also noted that the absence of a direct view to the real

world makes surgeons nervous.

In OST-HMDs a transparent monitor displaying 3D-rendered content is lo-
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cated between the surgeon’s line of vision and the target anatomy. This ensures

an unhindered view of reality, i.e. natural stereo vision capabilities without lag or

loss of resolution associated with the real surgical scene. However, the drawbacks

include dynamic registration errors for the augmented view, latency when moving

static registration errors, complex calibration and unnatural perceptual issues. For

example, nearer virtual objects don’t occlude real objects in the background [63].

To contextualise the capabilities and limitations of currently used OST-HMDs,

it is helpful to consider their hardware evolution—from custom-build prototypes

tailored for surgical use cases to modern commercial devices originally design for

general MR applications. Commercial HMDs dominate recent AR research due

to their ergonomic design and hands-free, user-centered interaction, which are es-

sential for surgical tasks. Nevertheless, their origins outside of surgical use create

unique challenges—including registration accuracy, occlusion handling, and steril-

ity considerations—that must be carefully evaluated. The following section pro-

vides a brief background on key developments in OST-HMD hardware that have

shaped surgical AR, which dedicated subsections addressing both safety and clini-

cal efficacy, two crucial aspects of their adoption in medical practice.

2.2 Background on OST-HMDs in Surgical AR

Before 2013, OST-HMD-based research largely relied on custom build devices.

Creating such a custom device is a technically difficult challenge, miniaturised dis-

plays into a wearable headset with half-silvered mirrors enabling free view of the

real scene. It is hard to achieve an optical setup to display a bright image with good

contrast and resolution covering a wide field-of-view. Therefore, it is not surprising

that only two of the papers in this review use such custom devices.

Commercially driven benefits through the ability to place graphical informa-

tion directly overlaid on the wearer’s view of the real world has led to the devel-

opment of a number of commercial devices. Google Glass, released in 2013, is a

lightweight monocular AR device enabling display of information while allowing
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(a) (b)

Figure 2.2: Google Glass in a surgical education setup, used for intratoperative consultation
via telecommunication in otolaryngology surgery. (a) Overview of the Google
Glass device, illustrating its components, including the camera, microphone,
speaker, and prism display. Figure reused from Moshtaghi et al. [64]. (b)
Surgeon wearing the Google Glass along with separate magnification loupes
and a headlight. Figure adapted from Moshtaghi et al. [64].

users to continue daily tasks without needing to look away at an external screen or

use their hands. Fig. 2.2 shows the Google Glass in surgical education setup. The

Microsoft HoloLens, released in 2017, offers most of the benefits of the Google

Glass and is a larger HMD that incorporates stereo vision, low latency room map-

ping and head tracking as well as gesture-based interaction using only the wearer’s

hands. Fig. 2.3 illustrates the hardware components of the HoloLens and its use in

an intraoperative setup.

Numerous other devices have appeared offering different levels of comfort and

function (for a more detailed list of OST-HMD devices see section 2.5.3). Although

none of these devices were specifically designed for surgical tasks, the potential for

a convenient display of information to the surgeon has led to a significant increase

in research detailed in this review. In common with any medical intervention, the

fundamental questions concern safety and efficacy. These are discussed in Subsec-

tions 2.2.1 and 2.2.2.

2.2.1 Safety of OST-HMDs in Surgical AR

Safety is one of the most important considerations when evaluating the use of OST-

HMDs in surgery, as device-related or human–computer interaction issues can ul-
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(a) (b)

Figure 2.3: (a) Hardware components of the Microsoft HoloLens, including sensors, cam-
eras, and display system. Figure reused from Galati et al. [65]. (b) Application
of the HoloLens during visceral surgery, operated via hand gestures. Figure
adapted from Sauer et al. [66].

timately affect surgical outcomes and pose risks to patient safety. Perceptual ac-

curacy, human-factor considerations in human-computer-interaction (ergonomics

etc.) and system reliability are all important factors. In particular, inaccurate spatial

registration—discussed in detail in Section 2.5.6—can mislead visual interpretation

of 3D virtual content and compromise manual surgical precision. This subsection

briefly discusses two of the most critical safety-related challenges: perceptual accu-

racy and human factors.

Perceptual accuracy. The convenient overlay of surgical assistive information en-

tails certain risks. Where the aim is that the overlay directly guides surgery, percep-

tual accuracy is key. Some authors are critical of OST-HMD device accuracy. [42]

concluded from their quantitative study that the HoloLens should not be used for

high-precision manual tasks. [67] also conclude that OST-HMDs are unsuitable for

surgical guidance, suggesting that research should focus on addressing perceptual

issues that play a critical role in limiting user accuracy. [68] performed a systematic

review of augmented reality in open surgery and concluded that such perceptual is-

sues limit their usage to the augmentation of simple virtual elements such as models,

icons or text.

Human-factor challenges. Even precise overlay could distract from or hamper the

surgeon’s view of the patient, potentially slowing the response to critical situations
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such as bleeding. As a possible solution, [69] propose nearby presentation of cor-

rectly oriented but not registered models. Besides visual distraction, gesture interac-

tions with the AR view may prove difficult to combine with the manual surgical task

itself [70]. Cognitive overload can occur if too much extra information is presented

to the surgeon at the same time [71].

[72] analysed the effects of MR HMDs on cognitive and physiological func-

tions during intellectual and manual tasks that last for 90 minutes. Their exper-

iment consisted of 12 volunteers performing and manual tasks with and without

the HoloLens while their physical and mental conditions (cognitive, cardiovascu-

lar and neuromuscular) were measured. They conclude that using the HoloLens is

safe since it does not impact safety-critical human functionalities like balance and

cognitive and physical fatigue. However, despite the positive outcome of the study,

the authors also state that one of the prerequisites of a safe and effective usage of

HMDs is that users should be receptive to the device.

Addressed and unresolved challenges. While some hardware limitations of OST-

HMDs, such as narrow field of view and calibration accuracy, have been partially

addressed in newer models like the HoloLens 2 (Microsoft Corporation, Redmond,

USA), the aforementioned perceptual accuracy and human-factor challenges remain

a major barrier to clinical adoption. These issues—covering perception, cognitive

load, and device acceptance—continue to limit the commercial success of OST-

HMD-based AR in surgical applications [61, 67]. When considering the adoption

of OST-HMD-assisted methods into surgical routine, efficacy is another key con-

sideration, which is addressed in the next subsection.

2.2.2 Efficacy of OST-HMDs in Surgical AR

While safety remains a foundational requirement for OST-HMDs deployment in

surgery, efficacy is equally critical to justify clinical integration. These devices

offer the benefit of displaying graphical elements—such as images, icons, or text—

directly within the surgeon’s field of view. There is no need to look away from the

surgical scene or stop the operation to obtain potentially useful visual input. How-

ever, it is important to be aware of potential system-related drawbacks, especially
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during high-precision surgical tasks such as surgical guidance. When displaying

guidance information, accuracy becomes a measure of system performance and the

majority of the papers included in this review perform some accuracy or precision

experiments. As detailed in the previous Subsection 2.2.1, it is important to distin-

guish registration or tracking accuracy, which is often based on an external tracking

or guidance system, from perceptual accuracy achieved by the AR system. Hu-

man factor limitations might be equally important since they directly or indirectly

impact system performance. For example, a higher cognitive load might lead to a

decreasing task performance of increased risk of errors. Likewise, discomfort when

wearing an OST-HMD can cause unwanted physical long term effects that in turn

may impact the user’s ability to focus on the task at hand.

In general, efficacy of a proposed OST-HMD solution is measured via a variety

of metrics. Such evaluation metrics comprise quantitative metrics from studies, e.g.,

error rates or time reduction, usability assessments that bridge safety and efficacy,

study designs (simulations, cadaver studies, clinical trials, etc.) and OST-HMD

device comparisons (HoloLens 1 vs. 2, etc.). Appendix table A4—which lists the

used AR visualisation, conducted experiments and reported accuracy of all final

articles included in the meta-analysis of this literature review—includes some of

these evaluation metrics. One could argue that the ultimate test of efficacy would be

improved patient outcome, but the systems reviewed are not currently at the stage

of large-scale clinical trials that would be needed to demonstrate patient benefit.

In summary, both safety and efficacy considerations highlight the complexity of

integrating OST-HMDs into surgical workflows and the importance of critically

assessing the current body of research in this domain.

2.3 Methods

To address the challenges and gaps identified in the previous section, the following

outlines the methods used to conduct a systematic literature review on OST-HMD-

assisted surgical applications. Section 2.3.1 describes the literature search strategy

used to retrieve the initial set of articles screened for further relevance. To contextu-
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alise this review, additional thematic literature review articles are briefly introduced

in Subsection 2.3.1.1. Section 2.4 then details the Google Scholar analysis strategy

applied to identify relevant studies for inclusion in the meta-analysis. A structured

review protocol was followed, incorporating clearly defined inclusion and exclusion

criteria, and focusing on peer-reviewed publications related to OST-HMD applica-

tions in surgery. Following the systematic review process, a total of 91 articles were

identified as relevant and analysed in Section 2.5. These articles were categorised

according to various aspects, including surgical speciality, OST-HMD device type,

application context, and experimental validation. The section concludes with a de-

tailed discussion of human factors, highlighting their complementary role alongside

the technological aspects of proposed AR-assisted surgical systems. Additional ta-

bles providing detailed information on specific categorisations of the 91 included

articles are available in Appendix Chapter A.

2.3.1 Literature Search and Scope

This systematic review, originally published in [53], provides an overview of recent

advancements in OST-HMD-assisted surgery, outlining major contributions and in-

novations up to 2020. Consequently, publications between 2021 and 2024 are not

part of the meta-analysis of the literature analysis strategy (Section 2.4 and liter-

ature search 2.5). The analysis is conducted by inclusion of several components

of the selected literature, including OST-HMD device, surgical speciality, surgical

application context, surgical procedure, AR visualisations, conducted experiments

and accuracy results. A special focus is given to the identification of human factors

in each article.

A systematic review was performed according to the preferred reporting items

for systematic review and meta-analysis (PRISMA) guidelines [73]. The liter-

ature search was conducted on Google Scholar with the search terms [surgery

“Head Mounted Display” “Augmented Reality” OR “Mixed Reality” surgery “Head

Mounted Display” “Augmented Reality” OR “Mixed Reality” “optical see through”

OR “Hololens” OR “Magic Leap” OR “Google Glass”]. An initial Google Scholar

including all articles between 2013 and 2020 was conducted on February 21, 2020.



2.3. Methods 46

An updated Google Scholar search for 2020 only was subsequently performed on

January 27, 2021.

This review covers only original research papers; other literature review papers

are not considered. The original literature search (section 2.4) did return a number

of these, however, which deserve some attention, a few of which are mentioned

in the following Subsection 2.3.1.1. This section also covers a few more recent

relevant review papers that were not discovered during the original literature search

due to their more recent publication dates (2021-2024), but are worth mentioning

and are discussed under Complementary literature of Subsubsection 2.3.1.1. The

results of the literature search are presented in Section 2.5.

2.3.1.1 Contextual Review Literature

Although not part of the formal meta-analysis, other relevant literature review pa-

pers exist that deserve to be mentioned and reveal recurring barriers to the adoption

of AR-assisted surgical methods. A general review of all areas of AR, including

medical and surgical, is provided by [74], who examine the usability of AR over a

10 year period. [75] review medical applications of MR and provide a broad tax-

onomy. A comprehensive review of medical AR is provided by [76] who conclude

that there is no proof of clinical effectiveness as yet. [77] give a comprehensive re-

view using the Data–View–Visualization (DVV) taxonomy and provide suggestions

for areas that need attention, including specific overlays for important phases of the

operation as well as optimisation of interaction and system validation. A previous

publication, co-authored by the author of this thesis, identified several barriers to

the adoption of surgical AR [52]. Existing comprehensive reviews of related sur-

gical areas were found, including robotics [78] and laparoscopic surgery [79]. Or-

thopaedics is the dominant application area in this review and three other reviews

cover this specific field well [80, 81, 82].

Complementary literature. Several newer literature reviews (2021-2024) expand

on these general findings. [83] provided a review on extended reality (XR)-based

HMDs, including AR, MR, and VR, and noted a general benefit for medical ed-

ucation with a focus on teaching skills and knowledge. However, the review also
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criticized the lower range of diverse educational settings that were analysed by re-

searchers due to a concentration on small-scale studies in high-income countries,

suggesting a research expansion to low- and middle-income countries. [47] re-

viewed challenges of OST-HMDs in AR-assisted surgery and found that while there

are promising tendencies in terms of navigation accuracy and usability, technical

and human factor challenges, such as perception, ease of use, and interaction still

need to be further improved before widespread clinical acceptance and routine prac-

tice can be achieved. [84] investigated trends of HMD-based VR and AR systems

in medical education and found that while these technologies show a significant

potential to enhance clinical training by increasing student motivation and satis-

faction, further research is needed to establish standardised protocols and a more

diverse effectiveness validation. [85] focused their review on VR and AR in spine

surgery and concluded that while AR and VR show the potential to improve sur-

gical training, planning and intraoperative guidance, further research is needed to

effectively confirm clinical utility and overcome technical and ergonomic hurdles.

[56] compared the performance of using OST-HMDs instead of conventional mon-

itors during laparoscopic surgery in an experimental setting. They found that the

main obstacle preventing OST-HMDs from replacing conventional monitors is the

device’s weight, which causes physical discomfort when worn for extended periods.

However, they also showed that under certain experimental conditions, surgical task

performance and situation awareness were better than in the conventional monitor

setting. [86] reviewed the state-of-the-art of OST-HMD applications in context-

aware systems for open surgery. They found that the AR display of automatically

analysed, context-aware information improves users’ task completion and decision-

making capabilities. However, they also note that current OST-HMDs have lim-

itations, such as a restricted field of view, discomfort due to the device’s weight,

and an increased likelihood of disrupting the surgical workflow due to the need for

frequent re-calibration to maintain accurate alignment of 3D virtual content.

While these review papers were not included in the formal meta-analysis pre-

sented in Section 2.4, they offer consistent insights. Across both earlier and more
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Figure 2.4: Systematic review search strategy

recent reviews, there is broad agreement on the potential of AR in surgical appli-

cations, alongside recurring concerns about technological limitations, user accept-

ability, and the lack of clinical validation. Notably, although a few recent reviews

have begun to address OST-HMDs, comprehensive analyses focusing exclusively

on these devices remain limited—particularly in relation to human factors and clin-

ical adoption.

2.4 Literature Analysis Strategy
To narrow the article search scope by publication year and focus on recent research,

the number of publications resulting from Google Scholar search terms over the

last 20 years at the time of writing the literate review paper was analysed (Fig. 2.1,

Chapter 1). This shows a steady increase starting in 2013, coinciding with the

release of Google Glass. Due to this noticeable increase in relevant publications,
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Table 2.1: Inclusion criteria used during abstract and full-text screening phases, and data
extracted from included publications

Abstract Screening Criteria

1. Peer-reviewed original journal article
2. OST-HMD focused application with surgical context
3. Not an overview or systematic review publication

Full-Text Screening Criteria

1. Describes the usage of an OST-HMD
2. Clear focus on a surgical application
3. Investigates the potential utility of OST-HMDs in surgical settings
4. Not focused on optics or hardware design

Data Extracted from Included Publications

1. Clinical setting (surgical specialty, surgical application context, surgical
procedure)
2. The assessed OST-HMD device
3. Methods (AR visualisations, conducted experiments)
4. Key results (accuracy)
5. Human factors

the year 2013 was selected as the starting point for this literature review.

The review process is shown in Fig. 2.4 and includes the results from both the

original search (February 21, 2020, numbers in black colour) and the updated search

(January 21, 2021, numbers in red colour). The Google Scholar search initially

resulted in 998 (486) records. In a subsequent screening phase, title, abstract and

BibTex information were read to decide whether the record seems to be a relevant

publication. Records identified as duplicates, or containing substantially duplicated

content from the same authors, were excluded. A total of 15 (7) duplicates were

excluded. During the screening, the three inclusion criteria listed under Abstract

Screening Criteria in Table 2.1 were applied.

Records whose full text wasn’t available were excluded. 907 (441) records that

didn’t meet the inclusion criteria were excluded. Together with the 15 (7) excluded

duplicates, a total of 923 (448) records were excluded during the screening phase,

which led to 76 (38) remaining full text articles that were assessed for eligibility.

Full text articles had to meet the four inclusion criteria: The article listed under
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Full-Text Screening Criteria in Table 2.1. 13 (10) articles that didn’t meet these

inclusion criteria were excluded. The remaining 63 + 28 = 91 studies that met all

predefined inclusion criteria form the final set of papers examined in this review.

When reporting the results, the PRISMA guidelines were followed. Due to the

inherent characteristics of the studies (small case series, subjective qualitative as-

sessments, no controlled randomised trials) a meta-analysis could not be performed.

Therefore, publication bias could not be reduced and should be taken into account.

Data extracted from the included publications are listed under Data Extracted from

Included Publications in Table 2.1 and detailed in the following Section 2.5.

2.5 Analysis of the Literature Search

This section summarises the results of the included 91 articles identified through

the systematic literature review. The analysis is structured into several subsections,

each focusing on a specific aspect of the reviewed articles to provide a compre-

hensive overview. The following subsections analyse: (i) the annual distribution of

used OST-HMD devices (Subsection 2.5.3); (ii) the distribution of surgical spe-

cialities (Subsection 2.5.2); (iii) the distribution of surgical application contexts

(Subsection 2.5.4); (iv) types of AR visualisations used (Subsection 2.5.4.3); (v)

experimental evaluations of AR (Subsection 2.5.5); (vi) registration and tracking in

surgical AR (subsection 2.5.6); and (vii) human factors (Subsection 2.5.7).

A special emphasis is placed on human factors, which contributes to the nov-

elty of this literature review. Several human factors were identified and grouped

into three sub categories: information perception, cognitive processing and control

action. Additional analysis details regarding specific aspects of the reviewed litera-

ture can be found in Appendix Chapter A: An overview of the OST-HMD devices

used, surgical application contexts, and surgical procedure is provided in appendix

Table A2. Appendix Table A4 contains details about AR visualisations, conducted

experiments and accuracy results.
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Figure 2.5: Systematic review results overview: Annual Distribution of selected 91 studies
from 2013-2020

2.5.1 Annual Distribution of Selected Articles

The first aspect examined was the temporal distribution of the articles that met

the inclusion criteria for this literature review. This trend corresponds with the

broader increase in publications shown in Fig. 2.1 (Chapter 1), which reflects gen-

eral research activity on surgical HMDs. However, the distribution presented here

(Fig. 2.5) is restricted to the 91 articles included in the systematic review and thus

represents a refined selection of relevant literature. As shown, there were no in-

cluded articles in 2013; beginning in 2014, the number of relevant publications

rose and generally continued to increase, culminating in the highest annual count in

2020. This trend likely correlates with the commercial release of major OST-HMDs

such as Google Glass and Microsoft HoloLens, indicating that hardware availability

plays a key role in enabling OST-HMDs-related surgical research.

The trend observed in the selected 91 articles closely mirrors the overall in-

crease in published articles related to surgical OST-HMDs, as shown in Figure 2.1

(Section 2.1). Notably, the broader data presented in Figure 2.1 shows a rise in pub-

lication from 2013 onwards, with a plateau in 2024. This alignment supports the

representativeness of the selected articles within the context of the wider research

landscape. Furthermore, despite the literature review by Birlo et al. [53] only cov-

ering publications up to 2020, the data in Figure 2.1 confirms a continuing upward
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trend through 2023. This suggests a sustained and growing research interest in the

field. It is therefore reasonable to assume that the number of identified papers would

have continued to increase beyond 2020 if the literature review had included papers

between 2021 and 2024. The following subsections analyse how the 91 selected

articles are distributed across different categories, such as surgical specialty, device

type, and application context.

2.5.2 Surgical Speciality

This review found that OST-HMDs have been applied in a variety of surgical spe-

cialities. Fig. 2.6 shows a graphical illustration of all articles grouped into their sur-

gical speciality and placed on the respective body region, depicted on a schematic

image of the human body. Fig. 2.7 shows the proportion of publications for each

surgical speciality. Orthopaedic surgery dominates (28.6%, n = 26), perhaps since

proximity to bone requires only rigid registration and somewhat lower accuracy

is required compared to applications such as neurosurgery. General surgery, neu-

rosurgery, applications without a concrete surgical speciality and vascular surgery

follow with more than five articles each. Dental surgery is represented with five

articles, followed by heart surgery and Otolaryngology (n = 4 each). Other surgical

specialities include reconstructive surgery, urology and maxillofacial surgery (n = 3

each). A few attempts have been made to explore potential benefits of OST-HMDs

in robot-assisted surgery and paediatric surgery (n = 2 each). Interventional on-

cology, laparoscopic surgery, visceral surgery and anaesthesiology are represented

with one article. Specific articles per surgical speciality are detailed in table 2.2.

While orthopaedics still dominates, other applications, including general, vascular

and neurosurgery, are increasingly represented in the latter half of the survey period

as interest in AR applications spreads to other surgical fields.

2.5.3 Device Type

Fig. 2.8 depicts the annual distribution by OST-HMD between 2014-2000. Google

Glass, the device with the second highest number of articles (n = 8), dominates

the distribution in 2014, but interest decreases from 2015 to 2017, perhaps due to
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Table 2.2: Distribution of the included articles per surgical speciality

Surgical speciality Articles

Orthopaedic Surgery [87] [88] [89] [90] [91] [92] [93] [94] [95] [96] [97] [98] [99] [100] [101]
[102] [103] [104] [105] [106] [107] [108] [109] [110] [111] [112]

General Surgery [113] [114] [115] [116] [117] [118] [119] [120] [81] [65] [121]
Neurosurgery [122] [123] [124] [125] [126] [127] [128] [129] [130]
Vascular Surgery [131] [132] [133] [134] [135] [136] [137]
General surgical applications [138] [139] [140] [62] [141] [142] [143] [144]
Dental Surgery [71] [145] [146] [147] [148]
Heart Surgery [149] [150] [151] [152]
Otolaryngology - head and neck surgery [153] [154] [155] [156]
Reconstructive Surgery [157] [158] [159]
Maxillofacial Surgery [160] [161] [162]
Urological surgery [163] [164] [165]
Robot-assisted surgery [166] [167]
Paediatric surgery [168] [169]
Visceral Surgery [66]
Interventional Oncology [170]
Laparoscopic Surgery [171]
Anaesthesiology [172]

diminishing support from Google. The Microsoft HoloLens was released in 2016

and has dominated the field of OST-HMD assisted surgery since then, with a steady

increase in papers from 2017 and accounting for the majority of articles (n = 66).

Following HoloLens and Google Glass, the Moverio BT-200, which was released

in 2014, has the third highest number of articles (n = 4) and was used once in 2016,

2017, 2019 and 2020. Its successor, the Moverio BT-300, was released in late 2016

and has only one application in 2020. The Magic Leap One, released in 2018 and

attracting huge initial investment, has not established itself in OST-HMD assisted

surgery, generating only one article in 2019. Other devices include the NVIS nVisor

ST (n = 2), Vuzix M300, Brother AirScouter WD-100, Aryzon headset, Metavision

Meta 2 and PicoLinker (n = 1 each).

To summarise, by the time this literature review was conducted, the HoloLens

clearly dominated the field, although there was growing interest in other devices

such as the Moverio BT. The field was still rapidly evolving, driven in part by

the release of major OST-HMDs, including the HoloLens 2 in 2019. HoloLens

2-related surgical applications began gaining popularity in 2021. In 2020, only a

few HoloLens 2-related articles were published, primarily within medical but not

directly surgical contexts [41]. In 2023 the Apple Vision Pro (Apple Inc., Cuper-

tino, CA, USA) was released, a VST-HMD that is gaining attention in the research
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Figure 2.6: Graphical illustration of included articles grouped by surgical speciality and
placed at respective human body regions

community [173, 57, 59, 58]. However, since it is a VST-HMD and not a OST-

HMD, it will not be considered in this chapter.

2.5.4 Surgical Application Context

Surgical application contexts define how OST-HMD assistance is intended to im-

prove surgical practice. Fig. 2.9 shows the distribution of all identified contexts.

Surgical guidance is by far the most popular (n=58), followed by preoperative sur-

gical planning (n=12) and surgical training (n = 11) then Teleconsultation and tele-
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Figure 2.7: Pie chart showing the distribution of the included 91 papers across surgical
specialities

Figure 2.8: Annual Distribution of articles by OST-HMD device from 2014-2020

mentoring (n = 5 each). Four articles were included in which the surgeon views a

3D patient anatomy 3D virtual object to aid clinical decision making, rather than

for intraoperative guidance. This category is referred to as intraoperative surgical

anatomy assessment.

The remaining applications that have been identified are intraoperative review

of preoperative 2D imaging and/or patient records, intraoperative documentation,
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Figure 2.9: Distribution of articles by surgical application context

patient monitoring and preparation of robot-assisted MIS (n = 2 each). Several of

the surgical application contexts and corresponding articles are further elaborated

in the following subsubsections. Surgical guidance is the most popular surgical

application context for exploring OST-HMD-assisted methods, and its distribution

accross the selected literature is therefore described in a dedicated subsubsection.

The distribution of the remaining surgical application contexts—including preoper-

ative surgical planning, surgical training, and teleconsultation—is presented in the

subsequent subsubsection.

2.5.4.1 Surgical Guidance

Surgical guidance, also known as image-guided surgery, is defined by Cleary and

Peters [174] as a medical procedure in which a surgeon uses computer-based virtual

pre- or intraoperative image overlays to visualise and target patient anatomy. The

authors also state that an image-guided intervention includes registration and track-

ing methods. However, an OST-HMD-based solution can also be considered a form

of image guidance if it employs registered 3D virtual image overlays—regardless of

tracking—as long as these overlays assist the clinician in visualising and targeting

the surgical site. Since this broad definition encompasses over half of the included



2.5. Analysis of the Literature Search 57

Figure 2.10: Surgical guidance applications: Distribution of the subset of final 91 articles
(n = 59) by applications of surgical guidance, grouped into the four categories
1. navigation of a linear path, 2. navigation of surgical tools or equipment, 3.
navigation of an imaging device, 4. general guidance to help spatial awareness
not associated with a specific task

(a) (b) (c)

Figure 2.11: Guided screw insertion and needle insertion examples. (a) A surgeon uses
a custom-made navigation device in an experimental setup (b). Augmented
drill entry points (shown in blue) are used to start the navigation. During
the guided drill procedure, the 3D angle between current and targeted screw
trajectory and their deviation angle are displayed. (source: [102] Fig. 5b
and 5d). (c) MR needle insertion navigation system for low dose-rate (LDR)
brachytherapy (source: [133]) Fig. 1.

papers, OST-HMD-assisted surgical guidance was further divided into distinct ap-

plication categories, the distribution of which is presented in Fig. 2.10.

General image overlay for navigation systems (n = 10) overlay a registered

3D anatomy model in order to provide surgical guidance, including applications

in neuronavigation [124, 125], orthopaedic procedures [100], algorithm-focused
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registration approaches [114, 101, 139] and maxillo-facial tumor resection [161].

Needle insertion (n = 8) has emerged as an application since 2018, mostly using

the HoloLens, and was investigated in percutaneous spine procedures [96], needle

biopsy [113], thoracoabdominal brachytherapy [133, 119] and needle-based spinal

interventions [127]. [133] presented a mixed reality based needle insertion naviga-

tion system for low-dose-rate brachytherapy that was tested in animal (Fig. 2.11

(c)) and phantom experiments. Reported benefits of this needle insertion approach

include clinically acceptable needle insertion accuracy and a reduction of the num-

ber of required CT scans. Tool placement examples (n = 7) include investigated

attentiveness to the surgical field during navigation [91], a first assistant’s task per-

formance during robot-assisted laparoscopic surgery based tool manipulation [166],

bone localisation [95], an optical navigation concept [138], liver tumor puncture

[117], craniotomy assistance [126] and percutaneous orthopaedic treatments [104].

OST-HMD assisted screw insertion (n = 7) has been explored with different 3D

virtual visualisations. [122] presented an application for pedicle screw placement

in spine instrumentation that streamed 2D neuronavigation images onto a Google

Glass. Surgeons reported an overall positive AR-experience. [102] developed a

HoloLens pedicle screw placement approach for spinal fusion surgery that uses

virtual 3D angles between current and targeted screw trajectory, using deviation

in angle to guide the surgeon (Fig. 2.11 (a) and (b)). The reported results of a

lumbar spine phantom experiment indicate a promising screw insertion accuracy

with the caveat that surrounding tissue was not taken into account. Other articles

describing pedicle screw insertion include [122] and [99]. Percutaneous implan-

tation of sacroiliac joint screws is presented in [89] and [90]. Catheter insertion

(n=4) also has to deal with the manipulation of flexible structures and has been ap-

plied to US-guided central venous catheterisation [131], radiaton-free endovascular

stenting of aortic aneurysm [132] and transcatheter procedures for structural heart

disease [152]. K-wire insertion in orthopaedic procedures (n = 4) was addressed

by experiments investigating fluoroscopy controlled wire insertion into femur [92],

percutaneous orthopaedic surgical procedures [97] and C-arm fluoroscopy guid-
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(a) (b)

Figure 2.12: (a) Robotic instrument placement and endoscopy guidance: Navigation aids
for the first assistant: Real-time renderings of a robotic endoscope and robotic
instruments that are superimposed on their physical counterparts. In addition,
endoscopy guidance is realised via an endoscopy visualisation being regis-
tered with a viewing frustrum (source: Fig. 4 (f) of [166]) (b) Robot place-
ment: Reflective-AR Display aided alignment between a real robot arm and
its virtual counterpart and subsequent robot placement to its intended position
in preparation for robotic surgery (source. Fig. 4 of [167])

ance [103]. The exploration of potential benefits of 3D virtual camera views for

endoscopy guidance (n = 4) has been conducted in first assistant support in robot-

assisted laparoscopic surgery [166] (Fig. 2.12 (a)), percutaneous endoscopic lumbar

discectomy [129] and ureteroscopy [120]. Drill trajectory guidance (n = 3) explores

potential advantages of 3D virtual guidance information such as drill angle and de-

viation between actual and planned drill path and has been used in dental implant

surgery [71] and endodontic treatments [146]. Surgical saw navigation using 3D

virtual cutting guides (n = 2) was presented in mandibular resection [160] and free

fibula flap harvest [105].

In addition to surgeons themselves, other clinical staff in the operating the-

atre can benefit from OST-HMD assitance. In minimally invasive robotic surgery

it is usually the first assistant’s responsibility to set up the robot arms prior to in-

traoperative robot control conducted by a surgeon. We identified 2 articles that

present HoloLens applications aiming to support the first assistant during robot-

assisted surgery: 1.) [166] robotic instrument placement in laparoscopic surgery

from (Fig. 2.12 (a)) and 2.) full robot arm placement in minimally invasive gastrec-

tomy (abdominal surgery) from [167] (Fig. 2.12 (b)). The remaining applications of

surgical guidance cover topics such as stent-graft placement in endovascular aortic
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(a) (b)

Figure 2.13: (a) Dissection Guidance example in reconstructive surgery: HoloLens based
identification of vascular pedunculated flaps: a Computed Tomography An-
giography (CTA)-based 3D model of a female patient’s leg consisting of seg-
mented skin, bone, bone, vessels and vascular perforators lower leg is super-
imposed on the patient anatomy. The surgeon confirms perforator location
with audible Doppler ultrasonography (source: Fig. 3 of [158]) (b) Surgical
Anatomy Assessment example in plastic surgery: AR views of the Moverio
BT-200 smart glasses showing a patient with osteoma and 3D virtual facial
anatomy (face surface and facial bones including the osteoma) superimposed
onto a patient’s face (source: Fig. 8 of [157])

repair [134], imaging probe navigation for tooth decay management [147], C-arm

positioning guidance in percutaneous orthopaedic procedures [94], identification of

spinal anatomy underneath the skin [101] and dissection guidance for vascular pe-

dunculated flaps of the lower extremities presented by [158] (Fig. 2.13 (a)). A

HoloLens based MR approach was decised in which the surgeon has to manually

register a CTA-based 3D model of a patient’s leg to the respective patient anatomy

using HoloLens hand gesture and voice command interaction. After a surgical pa-

tient case study, surgeons confirmed that this MR solution is more reliable and

less time consuming than audible Doppler US which is the conventional non-AR

method.

With the main research focus being image-guidance, it is essential to consider

both safety and accuracy in the design and deployment of such systems. Overre-

liance on the perceived precision of visual guidance, especially when not properly

validated or calibrated, can introduce critical risks during surgical procedures. Ad-

ditionally, excessive 3D virtual elements or poorly integrated information may con-
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(a) (b)

Figure 2.14: Surgical training example application: US Education. (a) Multiple users can
see 3D virtual anatomical cross sections mapped on a patient simulator and
the US scan plane. (b) 3D virtual subcostal four-chamber view coming out of
the simulator probe. Source: Fig. 3 and 7 of [115]

tribute to visual clutter, potentially leading to cognitive overload for the surgeon.

This increases the likelihood of errors and may also reduce trust in the system over

time. Therefore, a careful balance between presenting essential information and

maintaining visual clarity is required when designing such systems.

2.5.4.2 Other Surgical Application Contexts

Preoperative planning applications from [150] and [149] addressed human-

computer interaction issues of conventional approaches in preoperative diagnosis of

coronary heart disease that lead to inaccurate diagnosis results. To overcome these

limitations, the authors proposed a hand gesture-based interactive 3D virtual diag-

nosis system aimed at providing natural and intuitive interaction. [123] used virtual

3D vascular structures to improve the extraction and communication of complex

Magnetic Resonance Imaging (MRI) image data in the context of aneurysm rupture

prediction. [118] addressed planning of liver resection surgery and found that 3D

virtual liver anatomy visualisations improve the user’s spatial understanding. Other

articles that were categorised as preoperative surgical planning investigate potential

planning improvements for repair of complex congenital heart disease [151] and

preoperative anatomy assessment for nephron-sparing surgery [168]. Benefits of

OST-HMD AR during surgical training have been explored for preoperative di-

agnosis and planning of coronary heart disease [149], intraoperative surgical tool

guidance during hip arthroplasty simulation [98], neurosurgical burr hole localisa-

tion [128] and transesophageal echocardiography examination from [115] shown in
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Fig. 2.14.

(a) (b)

Figure 2.15: Telementoring applications. (a) Overview of a Google Glass systeming using
a composite surgical field Source: Fig. 3 of [88]. (b) First-person view of
HoloLens-based 3D virtual instructions consisting of 3D models and 3D lines
Source: Fig. 2 of [116].

(a) (b)

Figure 2.16: Surgical anatomy assessment and teleconsultation applications in visceral
surgery: (a) Intraoperative visualisation of a preoperative model of the vas-
cular anatomy of the cranio-ventral liver and tumor to be dissected. (b) In-
traoperative tele-consulting: real-time video communication with a remote
surgeon (Source: Figure 3 (C and F) of [66])

Telementoring also belongs to the broader scope of surgical training, but in-

volves a surgical trainee being mentored by an expert surgeon during a surgical pro-

cedure rather than training outside the operating room. [88] used a Google Glass

based mentoring system for shoulder arthroplasty (Fig. 2.15 (a)). The student sur-

geon and teacher surgeon can both see a composite surgical field in which hands and

surgical tools of both surgeons can be seen at the same time. [116] used a HoloLens

mentoring system in which an expert surgeon can place virtual 3D annotations (sur-

gical tools and incision guidance lines) which are seen by the student surgeon in real

time (Fig. 2.15 (b)). The authors reported improved information exchange between

student and mentor, reduced number of focus shifts and reduced placement error. A
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similar mentoring is presented in [135], where trainees performed leg fasciotomies

and reported an improved surgical confidence.

In contrast to telementoring, where the dialogue is continuous, teleconsultation

(n = 5) focuses on a consultation based on-demand communication between col-

leagues. [66] explored potential benefits of using the HoloLens to establish a web-

service based real-time video and audio communication with a remote colleague

during visceral-surgical interventions (Fig. 2.16). In addition, the remote surgeon

could mark anatomical structures within the surgical site using a tablet computer.

[163] used a Google Glass for hands-free teleconsultation during different urolog-

ical surgical procedures. Other examples use the Google Glass for consultation

during reconstructive limb salvage [87] and orthopaedic procedures [93].

Applications where virtual 3D anatomy is displayed an intraoperative setup

without trying to guide the surgical procedure are categorised as surgical anatomy

assessment. This involves intraoperative assessment of preoperatively aquired pa-

tient anatomy that aids clinical decision making without trying to guide the proce-

dure itself. [66] used a HoloLens based 3D visualisation of a liver cranio-ventral

incl. tumor (Fig. 2.16 (a)) to improve a surgeon’s spatial understanding of the tar-

get anatomy during dissection of the liver parenchyma in complex visceral-surgical

interventions. [157] used Moverio BT-200 smart glasses and registered virtual 3D

face and facial bones surfaces (Fig. 2.13 (b)) to aid clinical decision making for

more objective assessment of the improvement of a patient’s body surface contour

in plastic surgery. A further category of display shows preoperatively acquired 2D

patient imaging data and medical records in the surgeon’s field of view using AR

rather than a separate monitor. [163] asked surgeons to rate their perceived useful-

ness of displaying patients’ medical records and CT scans on a Google Glass during

urological surgical procedures. They found that reviewing patient images was rated

less useful, whereas reviewing medical records received a high rating. [175] used

a Google Glass to view and manipulate X-ray and MRI images.
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2.5.4.3 AR Visualisations

Conventional computer-assisted surgery uses different types of visualisations to aid

preoperative planning or intraoperative procedures and a similar range of visuali-

sations have been adopted for AR-assisted applications (see table A4). Fig. 2.17

shows the distribution of articles by type of AR visualisation. The majority of ar-

ticles use preoperative models (n = 66), usually consisting of 3D reconstructed pa-

tient anatomy generated from CT or MRI imaging content, sometimes in conjunc-

tion with preoperative planning components. [102] used 3D virtual preoperatively

planned screw trajectories and drill entry points to aid pedicle screw placement in

spinal fusion surgery. [158] investigated the usefulness of CT-reconstructed 3D

patient leg models including bony, vascular, skin and soft tissue structures, vascu-

lar perforators and a surrounding bounding box that facilitated manual registration.

Non-anatomical content, such as 3D virtual user interaction menus or graphical an-

notations, are also considered as a preoperative model in this review. [135], for

example, used graphical annotations of incision lines and a model of surgical tools

in a telementoring system. [98] implemented a virtual menu with toggle buttons for

a hybrid simulator for orthopaedic open surgery training.

Applications where 3D visualisations are generated intraoperatively in order

to take updated live information into account, usually for surgical guidance, we re-

fer to as intraoperative model visualisation (n = 13). [71] used live drill trajectory

guidance information such as position and depth of dental drill and injury avoidance

warnings in dental implant surgery. [113] investigated utility aspects of intraoper-

atively generated needle visualisations such as needle position, orientation, shape

and a tangential ray during needle biopsy. Live intraoperative images (n = 12) can

be displayed in a surgeon’s field of view using AR in order to have crucial patient

data available without the need to look at a separate monitor. [96] displayed ra-

diographic images to aid percutaneous vertebroplasty, kyphoplasty and discectomy

procedures. [166] used an endoscopy visualisation in the form of a 3D plane with

video streaming content that aimed to increase the first assistant’s task performance

in robot-assisted laparoscopic surgery. [103] explored potential benefits of 3D vir-
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Figure 2.17: Distribution of included articles by type of AR visualisation

tual C-arm interventional X-ray images registered to the C-arm view frustrum for

guided k-wire placement in fracture care surgery. The standard method of view-

ing preoperative images on a separate monitor away from the surgical site is often

cited as a reason for pursuing AR guidance. 3D virtual visualisation of preoper-

ative images (n = 5) was proposed to allow visualisation on or near the surgical

site. [146] incorporated 2D radiographic images with guidance information in their

HoloLens-based endodontic treatment approach. [134] used 2D images with vol-

ume rendering, arterial diameters and planning notes to support endovascular aortic

repair.

The remaining categories of AR visualisations identified in this review have

only been covered by a few applications. Intraoperative live video streaming (n =

5) is mostly used in telementoring applications. [88] used a hybrid image approach

in which the mentee’s surgical field is combined with the hands of the remote ex-

pert surgeon. [164] presented an application in which an interactive video display

is visible to the mentee that shows a cursor moved by the supervising physician.

Intraoperative numerical data (n = 3) is usually displayed as a 2D plane contain-
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ing numerical data that aid clinical decision making or surgical guidance. [160]

displayed a cutting guide deviation coordinate system supporting a surgeon during

mandibular resection. [172] implemented a patient monitoring application compris-

ing a 2D virtual screen rendered in AR that shows patient heart rate, blood pressure,

blood oxygen saturation and alarm notifications. Another AR visualisation cate-

gory uses a 2D plane with video communication software (n = 2) and has been

applied in reconstructive limb salvage procedures [87] and orthopaedic procedures

[93]. Preoperatively recorded video (n = 2) was explored by [164] as a video guide

during surgical training. [87] used 3D virtual visualisation of documents (n = 1),

with articles from a senior author being displayed in the surgical field of view.

2.5.5 Validation and Evaluation of AR Systems

All papers included in this review perform some kind of experiments to verify us-

ability and the associated potential utility of their proposed OST-HMD assisted

surgery solution. This section analyses the experiments conducted in each paper

and categorises them as either quantitative or qualitative evaluations. An overview

can be found in Appendix Chapter A, specifically in Appendix Table A4, within the

Experiments column. The following paragraph Evaluation methods, briefly outlines

the distinction between qualitative and quantitative evaluation approaches. The sub-

sequent paragraph, Experimental setting, analyses the types of experimental envi-

ronments employed accross the 91 studies included in this review.

Evaluation methods. Evaluations may consist of quantitative experiments that col-

lect measurable data, such as registration accuracy, or qualitative experiments that

gather descriptive information such as surgeons’ non-measurable observations or

opinions. Most of the articles in this review contain some form of quantitative

experiments (n = 88), while qualitative experiments have much fewer associated ar-

ticles (n = 11). Quantitative experiments include assessments of registration accu-

racy [89, 98, 99]), calibration accuracy [97, 103, 166]), and intraoperative guidance

verification, such as tool positioning [91] or guide wire placement [102]. Experi-

ments in which a user has to give specific survey-based feedback are also classed

as quantitative. The survey is predetermined and can be evaluated numerically.
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Figure 2.18: Experimental setting, from phantom to animal to clinical studies. Phantom
studies dominate and though a number of clinical case studies have been re-
ported (19), we are some way from proving clinical effectiveness of OST-
HMDs at present.

Qualitative experiments are usually based on questionnaires in which participants

detail specific observations that cannot be evaluated numerically. For example, [96],

designed an experiment where participants completed a questionnaire following an

image-guided spine surgery procedure, describing benefits, limitations and personal

preferences. Both quantitative and qualitative methods are valuable and serve com-

plementary roles in evaluating AR systems in surgical contexts.

Experimental setting. Phantom experiments dominate the list of papers (n = 43).

Phantoms may be stylistic or try to mimic anatomically correct structures and are

either self-made, 3D printed or acquired from specialised companies. Researchers

can test their developed methods on phantoms without involving real human or

animal anatomy. [89] used a 3D-printed cranio-maxillofacial model to verify the

registration accuracy of their presented surgical navigation system, and a 3D pelvis

model to test their navigation system. [96] incorporated a lumbar spine phantom

into the validation of their presented application for image guided percutaneous
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spine procedures. A guidance approach for pedicle screw placement, developed by

[99], was tested using a phantom consisting of L1-L3 vertebrae in opaque silicone

that mimics tissue properties.

System setup experiments (n = 21) don’t use realistic target anatomy structures

but verify the system’s intrinsic characteristics by conducting accuracy experiments

in specific areas, such as system registration and calibration. [97], for example,

test the calibration step of their presented OST-assited fluoroscopic x-ray guidance

system that uses a multimodal fiducial. The calibration experiment consists only

of a HoloLens, a C-arm and a multimodality marker. [103] conducted a similar

experiment incorporating a hand-eye calibration experiment including a HoloLens,

a C-arm and an optical tracker in their system that provides spatially aware surgical

data visualisation. In order to verify the calibration accuracy of their proposed

online calibration method for the HoloLens, [62] used a calibration box with visual

markers and a computer vision-based tracking device. Patient case studies (n = 19)

present surgical procedures that were tested on one or more patients. [122] validated

their OST-assisted spine instrumentation approach in which neuronavigation images

were streamed onto a Google Glass on 10 patients. [157] tested their intraoperative

body surface improvement approach on 8 patients, each with a different diagnosis.

These clinical evaluations are very useful, but further studies will be required to

establish clinical effectiveness and to demonstrate improved patient outcome.

The remaining five types of experiments that have been identified in this review

have a comparatively small number of associated articles. Simulator experiments

(n = 8) take advantage of available simulation hardware allowing researchers or

surgeons to mimic specific surgical procedures. [115] used a physical simulator

model (Fig. 2.14, section 2.5.4.2) that allows users wearing a HoloLens to simulate

a transesophageal echocardiography (TEE) examination. Animal experiments (n =

5) involve living animals that are anaesthetised and enable surgeons to test surgi-

cal applications under realistic conditions that consider physiological aspects such

as respiratory motion. [133] and [119] tested their surgical navigation system for

LDR brachytherapy on a live porcine model (Fig. 2.11 (c), section 2.5.4). [117]
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performed a similar in vivo test of their respiratory liver tumor puncture navigation

system that takes respiratory liver motion into account. An animal cadaver exper-

iment (n = 1) was also performed by [71], who used a pig cadaver to test their

application for intraoperative guidance in dental implant surgery. Experiments on

human cadavers (n = 4) have the inherent advantage of allowing surgeons to test

novel surgical procedures on real anatomic structures without posing any risk to

patients. [90], for example, used six frozen cadavers with intact pelvises to inves-

tigate a novel method for insertion of percutaneous sacroiliac screws. Lastly, [93]

proposed a simulated clinical environment (n = 1), aimed at testing clinical infras-

tructure elements and workflows rather than surgical procedures. A Google Glass

based wearable personal assistant that allows surgeons to use a videconferencing

application, visualise patient records and enables touchless interaction with preop-

erative X-ray and MRI images displayed on a separate screen without the need to

use mouse or keyboard. The application was tested across various clinical setups,

including a simulation doll, human actors, as well as real surgeons and nurses.

Despite the diversity of experimental settings—ranging from phantom-based

setups and patient-case studies to simulated clinical environments—a clear gap re-

mains in demonstrating consistent clinical utility, as shown by the varied experi-

mental approaches and outcomes presented in Appendix Table A4. While many

studies report promising results in terms of feasibility and usability, few provide ro-

bust clinical evidence or statistically significant improvements in surgical outcomes.

In addition, the lack of standardises evaluation protocols makes it difficult to com-

pare systems or draw generalisable conclusions. This inconsistency underscores the

need for more rigoros, standardised, and clinical validation studies to support the

integration of OST-HMDs into routine surgical practise.

2.5.6 Registration and Tracking in Surgical AR

Whenever 3D virtual anatomy visualisations need to be overlaid onto a patient’s

corresponding anatomy, the question of registration accuracy arises. Registration

refers to the establishment of a spatial alignment between the coordinate system of

the patient space and the digital image space [176]. In the context of AR-guided
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surgery it can be defined as achieving correspondence between superimposed vi-

sualisation and patient anatomy. Devices such as the HoloLens define their own

coordinate system for the room and the user’s head is tracked within this space.

The registration process places the preoperative model in HoloLens coordinates.

If an external tracking system is used a further alignment between the devices is

required. Tracking and registration each have potential errors and should be consid-

ered separately. In most cases a rigid coordinate system transformation involving

translation and rotation is optimised given some corresponding features [177]. The

required accuracy of the established registration depends on the application. For

OST-HMD AR-guided procedures deviations between visualisation and true target

anatomy may lead to surgical errors resulting from misinterpreted spatial relation-

ships. For OST-HMD AR, overall accuracy also depends on the user’s perceptual

accuracy.

Appendix Table A4 in Appendix Chapter A lists the main reported accuracy re-

sults of all included articles and the associated type of conducted experiment or ex-

periments. Because of wide variation in experimental setup and different accuracy

metrics used in the literature, direct comparison of articles based on the reported ac-

curacy is difficult. Some articles report specific registration accuracy experiments

[89, 99, 117, 125, 127], while others report the accuracy of specific experimental

guidance task results that result from a preceding registration [90, 91, 113, 92]. A

number of papers consider manual alignment of the virtual model by the surgeon

for registration. When matching corresponding features the most common methods

are point-based landmark registration and surface registration [176].

2.5.6.1 Manual Alignment

[158] propose manual registration for extremity reconstruction using the HoloLens.

Manual registration aligns the model directly with the HoloLens coordinate system,

so no further tracking calculation is required. Since the alignment is done by the

user and to their satisfaction, no correction for individual 3D perception is needed.

[167] propose manual registration for virtual-to-real alignment of a robotic arm that

uses two reflective AR displays (Fig. 2.12 (b)). The reflective AR displays act as
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3D virtual mirrors using 3D overlays that allow the first assistant to see the virtual

robot arm from multiple perspectives and therefore act as a registration aid. Ex-

periments showed that using the reflective AR displays improved the accuracy from

30.2±23.9 mm to 16.5±11.0 mm. [125] compared three manual registration meth-

ods for neuronavigation using the HoloLens: tap to place, 3-point correspondence

matching and keyboard control. The authors also presented a novel statistics based

method allowing researchers to quantify registration accuracy for AR-assisted neu-

ronavigation approaches. The keyboard method was found to be the most accurate

(for detailed accuracy results see Appendix Table A4 in Appendix Chapter A).

(a) (b)

(c)

Figure 2.19: Accuracy verification experiment examples using optical trackers: (a) Accu-
racy verification block including a metal base with taper holes (for distance
and angular error measuring) and 3D-printed cranio-maxillofacial model. (b)
A user is conducting the accuracy verification experiment using the accuracy
verification block, a tracked calibration tool and tracked OST-HMD (source:
[89]Fig. 7 and 8(c)). Registration accuracy validation using a 3D-printed
skull with 10 landmarks (red dots) and a k-wire with attached optical marker
(source: [117] Fig. 6)

[124] presented a neuronavigation approach which is based on manual registra-
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tion using fiducial markers. Users can manually register a 3D virtual visualisation

of a 3D reconstructed CT scan human skull model to its physical counterpart via

the help of virtual axes (Fig. 2.21 (a)). Registration accuracy was measured by both

localisation accuracy (Fig. 2.21 (b)) and perceived drift of the 3D virtual overlay

(Fig. 2.21 (c)). The mean perceived drift of the 3D virtual overlay during manual

registration was 4.39 ± 1.29 mm. Maintaining 3D virtual object registration via

continuous tracking of a marker resulted in a lower perceived 3D virtual object drift

of 1.4 ± 0.67 mm.

The manual methods may not consistently achieve the level of accuracy re-

quired for high-precision surgical tasks such as dissection guidance, particularly in

anatomically complex structures. In many clinical scenarios, submillimeter preci-

sion is essential to avoid critical structures, and manual alignment methods—while

practical—may not achieve such required precision due to human variability and

limitations in depth perception. Nonetheless, their ability to support orientation and

spatial understanding remains valuable.

2.5.6.2 Point-Based Registration

Point-based registration matches corresponding pairs of fiducial points from one

coordinate system to another. External fiducial markers may be attached to spe-

cific patient anatomy, such as bony structures in orthopaedic surgery or the skull in

neurosurgery. Alternatively existing anatomical landmarks may be used. The same

virtual fiducial points are usually marked using an external tracking device and can

also be displayed on the 3D virtual anatomy model. A common accuracy measure

for point-based methods is the fiducial registration error (FRE), which is the resid-

ual error of the mismatch between pairs of corresponding points after alignment. A

better metric with more clinical relevance is the target registration error (TRE) at the

surgical target [178]. [89] perform point-based registration as an initial alignment

before surface-based refinement (section 2.5.6.3) and conducted an accuracy exper-

iment using a verification block (Fig. 2.19 (a)) using an optical tracking system

with reflective markers 2.19 (b)). The authors reported mean distance and angular

errors of 0.809±0.05 mm and 1.038◦±0.05◦ respectively. Addressing the problem
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of incorrect needle placement and associated failed tumor ablation, [117] proposed

a manual registration method using a HoloLens with an optical tracker to super-

impose 3D liver models on patients for liver tumor puncture navigation. Optical

markers rigidly attached to the HoloLens, anatomical marks on the patient and a

k-wire with attached reflective spheres serving as an optical marker are used for

an initial manual registration step. The tracked k-wire is then used for automatic

temporal registration during the procedure. The authors performed a registration

accuracy validation experiment using a 3D-printed skull with 10 landmarks (Fig.

2.19 (c)) and reported an average target registration error of 2.24 mm. Another

point-based registration approach for catheter navigation was presented by [132]

and tested on a human body phantom (Fig. 2.20 (a)): A CT-reconstructed 3D body

surface mesh including marching cubes segmentation of a vessel tree was regis-

tered to a body phantom using landmarks, with a reported accuracy of 4.34±0.709

mm (FRE). This result highlights the difficulty of achieving accurate fiducial-based

point-to-point correspondence in phantom-based studies.

(a) (b)

Figure 2.20: (a) Point-based registration: Human body surface mesh including vessel
tree registered to a phantom by landmarks, where surface registration to the
HoloLens surface failed (source: [132] Fig. 1). (b) Surface registration result:
Dummy Head with superimposed 3D CT scan reconstruction of head and in-
tracranial vasculature. HoloLens camera detection of the QR code provides
tracking (source: [114], part of Fig. 9b)

2.5.6.3 Surface Registration

Point-based registration is an alignment process that matches anatomical or fiducial

landmarks. Surface registration offers the possibility of alignment without specific

fiducial markers. Using a laser range scanner or a tracked probe, a point cloud is
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(a) (b) (c)

Figure 2.21: Registration accuracy verification using a sheet of millimeter paper: (a) Man-
ual and point-based registration: Virtual axes allow the user to translate and
rotate a human skull model in order to align it with a phantom. Fiducial mark-
ers serving as registration aids are present on both the virtual model and the
phantom. (b) Localisation accuracy measurement is performed by placing the
tip of a stylus into the center of a 3D virtual fiducial marker. (c) By calcu-
lating the difference in similar points the perceived 3D virtual object drift is
measured. (source: [124] Fig. 4a, 4b and 5a).

collected from the surface of the patient’s target anatomy (e.g. the head) [176].

Another surface or point cloud is derived from the image space and an algorithm is

then used to match both point clouds. Most surface registration methods require a

coarse manual or point-based registration step to place the image-based point cloud

must be placed close to the target registration pose before the algorithm proceeds.

Iterative closest point (ICP) is a popular realisation of a surface based registration

and has been applied in several of our selected articles.

The HoloLens internal tracking method produces a generated surface mesh

and [132] investigated whether this could be used for surface registration. A CT

scan derived body surface was matched to the HoloLens surface mesh. But the

HoloLens mesh resolution was found to be too coarse. In addition, [124] also re-

ported that the HoloLens’ built-in spatial mesh and simultaneous localisation and

mapping (SLAM) system is unsuitable for registration and subsequent tracking due

to the low vertex density and surface bias of the generated mesh and uncertainty in

the SLAM realisation. [114] presented an improved version of the ICP algorithm

for medical image alignment that aims to provide a global optimum via a stochastic

perturbation. A dummy head alignment test revealed an average target registration

error of < 3 mm. Fig. 2.20 (b) shows an example registration result.
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2.5.6.4 Other Registration Methods

Other types of registration have also been explored. [152] applied a Fourier trans-

formation based registration method in their intraoperative guidance approach for

structural heart disease for transcatheter procedures. The authors used a 3D recon-

structed spine image and a segmented spine from an intraoperative fluoroscopy to

calculate a Fourier-based scale and rotational shift which was then used to register

the fluoroscopic image to the respective 3D model of the spine. The Fourier based

registration achieved an accuracy of 0.42±0.02mm. A HoloLens specific marker-

less automatic registration method for maxillofacial surgery is presented by [161].

Their algorithm accesses the HoloLens’ built-in RGB camera and extracts facial

landmarks from the camera’s video stream. Via known virtual-to-real world trans-

formations of the landmarks and spatial mapping information from the HoloLens’

Spatial Mapping API, the algorithm then computes the registration. The achieved

average positioning error of the x, y, z axes was 3.3± 2.3 mm y: -4.5± 2.9 mm

and z: -9.3±6.1 mm respectively. While still at a relatively early stage, such meth-

ods suggest a shift toward more automated and context-aware registration systems

that may better meet clinical accuracy requirements. However, as only two such

specialised registration approaches were presented in this subsubsection, this con-

clusion cannot be generalised.

2.5.6.5 Tracking

Having established a registration, any subsequent motion of either the patient or the

surgeon must be tracked to maintain the alignment. Tracking is a crucial compo-

nent of applications such as OST-HMD-assisted surgical guidance, which require

a constant alignment of 3D virtual objects with their physical counterpart. A sum-

mary of tracking methods used in the 91 included articles of this review is given

in table 2.3. Consequently, the following paragraphs outline markerless tracking,

marker tracking with OST-HMD device cameras, and external tracking devices.

Markerless tracking. The HoloLens inherently tracks the surgeon’s head and pro-

viding the patient position is fixed within the operating room, this in itself may

be a sufficient method. Eleven papers rely solely on HoloLens tracking and are
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Table 2.3: Papers by tracking method

Tracking method totals Tracking marker totals

External tracker 19
NDI Polaris 11 Reflective spheres 14
NDI EM/Aurora 4 EM 4
OptiTrack 1
PST Base 1
VICON 1
Custom webcam tracker 1 Coloured catheter segments 1

Tracking with OST-HMD camera 20 Optical Markers 18
HoloLens 17 AprilTag 1
Other 3 Aruco 1

ARToolkit 3
Custom 4
Vuforia 9

Markerless tracking 11

associated with the manual registration process described in section 2.5.6.1. The

advantage of this method is that no external measurement device is required and no

markers need to be physically attached to the patient (hence the name “markerless

tracking”). This can be a significant advantage in terms of sterility, convenience and

operative workflow integration. However, accuracy depends on the user and may

not be sufficient for some surgical tasks. [158] and [155] use manual alignment to

the anatomy, while [156] register to fiducial markers for guidance of targets in the

skull base.

Marker tracking with OST-HMD device cameras. OST-HMD devices such as

the HoloLens incorporate cameras into their tracking process. These cameras can

be used to track surface features or markers placed in the surgical field, account-

ing for 20 of the reviewed papers. It is common for these markers to be small

planar identifiable markers modelled on QR codes. Several quite similar free li-

braries are available for this purpose, including Aruco, ARToolkit and AprilTags.

[97] use ARToolkit markers that are also visible in X-ray to align to fluoroscopic

views for orthopaedics. [102] use the stereo HoloLens camera sensors in research

mode to track planar sterile markers for pedicle screw navigation. Some authors

use their own custom markers, such as the cube and hexagonal markers used by

[133] in their system for brachytherapy. The commercial Vuforia package can also

be used to track any planar printed image and accounts for half of the marker-based
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tracking through the OST-HMD (9 papers). An advantage is that the position of

the OST-HMD camera is relative to the surgeon, eliminating the need for an extra

registration and implicitly directs the camera toward the surgical field. While this

can be effective, the resolution and field of view of the cameras may not be best

designed for tracking within the surgical target area.

External tracking devices. There are several commercially available devices that

are able to track markers within the operating room. From table 2.3 it is clear that

Northern Digital Inc. (NDI) dominate this field, with the Polaris optical tracker

accounting for 11 papers and their electromagnetic tracker, Aurora, a further four

papers. [117] use the Polaris for liver biopsy in the presence of breathing, whereas

[132] use EM tracking for endovascular interventions. Other system are optical and

account for one paper each (OptiTrack, PST Base and VICON). Except for one

custom tracker based on a webcam for catheter tracking [130], all optical systems

use passive reflective spherical markers. It may be invasive to attach such markers

rigidly to the patient, but such methods form part of several commercial image guid-

ance systems and this is probably the most accurate way to achieve and maintain

alignment.

In summary, a range of tracking methods—both internal and external—have

been applied to maintain the spatial alignment of virtual and physical objects during

surgical workflows. While these technologies are critical to enabling accurate and

stable AR overlays, their effectiveness in real-world surgical environments is not

determined by technical precision alone. The practical success of OST-HMD-based

systems also depends on how intuitively they can be used, how seamlessly they fit

into existing surgical workflows, and how surgeons perceive and respond to them

during procedures. These considerations belong to the category of human factors,

which are essential to understanding and improving the overall usability and clinical

acceptance of such systems.

2.5.7 Human Factors

OST-HMDs are wearable technological devices that enable the user to visualise

and/or interact with 3D virtual objects placed within their normal view of the world.
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These unfamiliar devices present a novel form of Human–Computer Interaction

(HCI) and their acceptability by surgeons will depend on HCI factors. Techno-

logical aspects, such as the size of the augmented field of view or system lag during

streaming of video content, can affect user acceptance. But beyond these are human

factors that may vary from user to user but are crucial to the utility of a technolog-

ical interaction device. They encompass perceptual, cognitive and sensory-motor

aspects of human behavior that drive the design of HCI interfaces to optimise oper-

ator performance [179].

However, attempts to identify consistent generic human factors that capture

basic human behavior and cognition that apply to the design of optical HCI systems

has been problematic and HCI design guidelines incorporating consistent human

factors have not yet been established. When addressing the negative side effects of

HCI aspects only, human factors are sometimes considered as human limitations.

Highlighting the aspect of human error, [180] addressed aspects of human factors

and ergonomics in the operating room in general with a focus on MIS and found

that most medical errors are a result of suboptimal system design causing predica-

ble human mistakes. They also state that despite efforts made by human factors and

ergonomics professionals to improve safety in the operating room for over a cen-

tury, increasingly complex surgical procedures and advances in technology mean

that consideration of human interaction will be required to help users cope with

increasing information content. We believe that similar safety aspects of human

factors also apply in OST-HMD assisted surgical applications.

2.5.7.1 Human Factors in AR

In more general non-surgical AR applications, human factors have played an im-

portant role and have been explored in the context of HCI. [181] evaluated human

factors in AR in 2005 and found that apart from technological limitations, human

factors are a major hurdle when it comes to translation of AR applications from

laboratory prototypes into commercial products. To determine the effectiveness of

AR systems requires usability verification, which led them to the following two

research questions:
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1. How to determine the AR user’s key perceptual needs and the best methods

of meeting them via an AR interface?

2. Which cognitive tasks can be solved better with AR methods than with con-

ventional methods?

They attempt to address these two questions by conducting limited but well-

designed tests aimed at providing insights into HCI design aspects that contribute

to utility in perceptual and cognitive tasks. These consist of low-level perceptual

tests of specific designed visualisations on the one hand and task-based tests that

focus only on the well-designed part of the user interface. In [182], Livingston

points out that designing cognitive tasks for usability evaluation seems to be easier

than designing low-level perceptual tasks, since cognitive tasks naturally arise from

the given AR application, whereas it is rather challenging to design general low-

level perceptual tasks that have wider applicability. He also states that the design

of a perceptual task determines how generalisable the evaluation results are beyond

the specific experimental scenario and indicates that a solution may be to design

general perceptual tasks that verify the usability of hardware. Finding general per-

ceptual tasks is not always easy when hardware limitations interfere with the task

design. If the effect of a hardware related feature influences a user’s cognition in ad-

dition to their perception, the dependence on the perceptual task will also increase.

An example for such an effect is system latency in a tracking device.

2.5.7.2 HCI Design Considerations in OST-HMD-Assisted Surgery

Although human factors in the context of HCI design considerations in OST-HMD

assisted surgery are likely to be very important to the success of any system, there

are a few examples of such research in the literature. In addition to the need for

careful experimental design that allows a generalised result, there are also technical

aspects that can be addressed to minimise unwanted human behavior when using

OST-HMDs. Such technical aspects were explored by [183], who evaluated human

factors in variants of the Single point active alignment method (SPAAM) for OST-

HMD calibration that require human-computer interaction. They aimed to answer



2.5. Analysis of the Literature Search 80

the question why calibration of OST-HMDs is challenging for users; and found that

human factors have a major impact on calibration error and therefore lead to signif-

icantly different accuracy results for different users. They proposed the following

guidelines for the design of OST-HMD calibration procedures:

1. Calibration should not rely on head movements only

2. The user’s head should be kept stabilised by minimizing extrinsic body move-

ments

3. Careful consideration of the data collection sequence for the left and right eye

so that calibration error does not bias towards a dominant eye

[62] also described the importance of human factors in the context of OST-HMD

calibration. They proposed an online calibration method for the HoloLens and con-

cluded that the accuracy of their calibration method is difficult to measure objec-

tively since human factors impact the overall HCI experience as well as influencing

the calibration accuracy. The relationship between conscious and unconscious cog-

nitive processes should be considered as well when considering the importance of

human factors in HCI. [175] addressed the necessity to consider an egocentric in-

teraction when designing wearable HCI systems and replaced the terms input and

output with action and perception. According to the authors, an improved under-

standing of a human’s perception, cognition and actions are necessary prerequisite

when it comes to the design of a HCI system that offers better cognitive support.

2.5.7.3 Human Factors Identification

Numerous human factors were identified across the 91 included articles. Although

the majority of these articles did not explicitly use the term human factors, all

user-related aspects described by the authors that could impact the acceptance, util-

ity, and performance of surgery—with or without the proposed OST-HMD solu-

tion—were considered. After grouping the user-related aspects into general terms,

a total of 34 human factors were identified, as described in Table 2.4. The hu-

man factors are grouped into two categories: (i) those associated with conventional
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Table 2.4: Identified Human Factors, grouped into the categories 1.) Information Percep-
tion, 2.) Cognitive Processing and 3.) Control Actions

Abbreviation Human Factor

Information Perception
SPATIAL PERC Spatial perception/awareness
INC Inconvenience
DPPC Missing/impaired depth perception
EYE Individually different visual processing capabilities between dominant and non-dominant eye
COMF Perceived comfort level when wearing OST-HMD
PER REAL AUG Perception of spatial relationships between real and virtual objects
IMMR Personal degree of perceived immersion

Cognitive Processing
ATTN SHIFT Attention switch between surgical site and separate computer monitor
MM Error-prone and cognitively demanding mental mapping of 2D image data to 3D world
SLC Steep learning curve
EXP OUTCOME Influence of clinician’s experience on surgical outcome
DIST Distraction
INTPN 2D DETAIL Risk of incorrect interpretation of 2D image details
INTRA OP NAV Impaired intraoperative navigation abilities due to absence of visual aids
COMM 3D Personal 3D anatomical imagination capabilities affect communication between experts
CONF Confidence
FRUS Frustration
SUBJ MEAS OUTCOME Subjective measurement of surgical outcome
EASE HCI Perceived degree of ease and intuitiveness of HCI
CLIN EXP 2D Dependence on clinical experience for interpretation of 2D image data
EMP EST 2D Inaccurate empirical estimation of target locations in 2D anatomy images
ANAT PLN Impaired anatomical understanding during preoperative planning due to 2D imaging data
CONC LS Loss of concentration
MIP Limited mental information processing abilities
STRESS Experience of stress
ENG MOT Engagement and motivation
PREF HOL Preferred degree of superimposition of 3D objects onto the surgical field (precise vs shifted super-

imposition)
USEF Perceived usefulness of OST-HMD
ANX Anxiety

Control Actions
VIS OPT Selection of preferred mode of visualisation
SURG Increased risk of surgical error
HEC Unfamiliar/cognitively demanding hand-eye coordination
TOOL ADJUST Error-prone manual tool adjustment
FAT Visual Fatigue

surgery that are addressed by OST-HMD-based AR solutions; and (ii) persistent hu-

man factors that remain unresolved or are inherent to the use of OST-HMD sytems

themselves. These factors were further categorised into three phases of user interac-

tion, as defined by the US Food and Drug Administration in the context of a medical

device user interface in an operational setting [184]:

1. Information Perception (IP), where the information from the device is re-

ceived by the user

2. Cognitive Processing (CP), where the information is understood and inter-

preted
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Figure 2.22: Distribution of human factors of conventional non-AR surgical approaches
alleviated by the use of OST-HMD AR, grouped into the four categories 1.
Information Perception (IP), 2. Cognitive Processing (CP), 3. Control Actions
(CA)

3. Control Actions (CA), where this interpretation leads to actions

As a further reference, the reader is directed to Appendix Table A3 in Chapter A,

which lists all addressed and persistent human factors identified in the 91 included

articles.

2.5.7.4 Human Factors in Conventional Surgery Addressed by OST-

HMD-Based AR

Fig. 2.22 shows the distribution of all human factors—out of the identified 34

ones—that are described as limitations of conventional, non-AR surgical methods

and which the authors aimed to address with their proposed OST-HMD solution.

These are grouped into the categories IP, CP and CA, according to the three phases

of user interaction described in Subsubsection 2.5.7.2. The following paragraphs

outline some of the most prominent human factors identified in the 91 included
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articles included in this review.

Information perception-related human factors of conventional surgery:

Spatial perception/awareness (SPATIAL PERC): A fundamental limitation of

conventional image guidance methods is that crucial patient anatomy can only be

perceived in 2D. This restriction hinders the surgeon’s ability to develop a personal

sense of spatial perception and awareness. I’ve identified this as a key human factor

in (n = 20) articles, making it the dominating human factor of conventional surgery

in the IP category. Impaired spatial awareness has the unwanted side effect of an

increased likelihood of surgical errors due to misinterpretation of anatomical spatial

relationships. [166] aim to increase a first assistant’s spatial awareness during robot-

assisted laparoscopic surgery by providing a HoloLens solution. In this proposed

system, a 3D virtual endoscopy visualisation is registered within the personal view-

ing frustrum. [103] addressed the problem of missing spatial context when looking

at C-arm X-ray anatomy images on an external 2D monitor. Their proposed solu-

tion consists of a spatially aware HoloLens visualisation in which X-ray images are

displayed in the correct spatial position of the patient’s anatomy with a surgeon’s

view frustrum.

Cognitive processing-related human factors of conventional surgery:

Attention switch between surgical site and separate computer monitor (ATTN

SHIFT): The human factor with the highest number of articles (n = 41) in the CP

category (and the dominating factor accross all three categories IP, CP and CA) is

the attention switch between the surgical site and a separate computer monitor. In

computer-assisted surgery a surgeon has to look away from the surgical site in order

to see patient anatomy or surgical navigation information, and even switch between

the surgical site and the screen multiple times during an operation. This inability

to see both the surgical site and important patient anatomy or guidance informa-

tion at the same time causes unwanted human behavior such as inconvenience and

may also impact the continuity of the surgery [89]. Especially during image-based

surgical navigation, the surgeon must constantly shift attention while manipulating
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surgical navigation tools, leading to unwanted side effect such as unfamiliar hand-

eye coordination, distraction and loss of concentration [90].

Mental Mapping of 2D image data to the 3D World (MM): An inherent problem

of conventional computer-assisted surgery is that patient imaging data and surgi-

cal navigation information is displayed in 2D. This results in the surgeon having to

mentally map (or project) 2D image data onto the 3D world in order to translate

the information seen on the 2D screen to the patient or surgical navigation tool.

I identified mental mapping of 2D image data to the 3D world in (n = 24) arti-

cles. For example, [97], addressed the problem of mental mapping in the context of

intraoperative guidance in percutaneous orthopaedic surgical procedures. In these

procedures, the surgeon has to place tools or implants precisely under C-arm based

fluoroscopic imaging. The mental projection is counterintuitive and error-prone as

a result of high mental workload and mental projective simplification.

Steep learning curve (SLC): Some conventional surgical procedures, especially

those related to image guidance, require surgeons to overcome a Steep Learning

Curve (n = 20) due to the inherent complexity of the method. [113] address this

problem in needle guidance procedures which require considerable learning effort.

Physicians have to recover 3D information from 2D images, while the needle may

cause artifacts in the images which hinder correct identification of needle tip and

target. In addition, complex hand-eye coordination is required to register the 2D

images seen on a separate monitor to the patient anatomy [113]. Their proposed

OST-HMD AR system aims to reduce this learning curve.

Control action-related human factors of conventional surgery:

Increased risk of surgical error (SURG): Several researchers addressed the risk of

surgical error (n = 23) which appears to be a common problem in some conven-

tional image-guided procedures. [95] highlights the fact that conventional surgical

navigation systems cannot observe the surgical scene and the external navigation

computer monitor at the same time as being a potential problem that OST-HMD

based solutions aim to solve. In another example, [146] aim to prevent or reduce

errors in root canal treatments such as accidental perforation during access cavity



2.5. Analysis of the Literature Search 85

creation.

Unfamiliar hand-eye coordination (HEC): The fact that a surgeon has to look away

from the surgical site to a separate screen (see section 2.5.7.4) while simultaneously

manoeuvring surgical tools in image guided navigation causes unfamiliar hand-eye

coordination because the surgeon cannot see his hands while looking on the separate

screen [90]. Unfamiliar hand-eye coordination is tackled in (n = 18) articles. [166],

for example, addressed a first assistant’s impaired hand-eye coordination during

blind placement of robotic and hand-held instruments in conventional robot-assisted

laparoscopic surgery by registering the 3D virtual endoscopy visualisation with the

visualised endoscope view frustrum (see Fig. 2.12 (a) of section 2.5.4). Another

example is given by [96] who mention that a fundamental problem of conventional

image guided percutaneous spine lies in an indirect guidance visualisation because

radiography monitors showing fluoroscopic images are not aligned with the surgical

site, which in turn hinders hand-eye coordination.

2.5.7.5 Persistent Human Factors of Proposed OST-HMD Solutions

Since OST-HMDs expose the user to new and possibly unfamiliar visual percep-

tions, interpretations and interaction options, these devices also introduce new hu-

man factors that should be taken into account when designing effective HCI. These

are referred to as persistent human factors, as they continue to pose potential chal-

lenges even when using the proposed OST-HMD-based solution. Table 2.23 shows

the distribution of persistent human factors, some of which we discuss in the fol-

lowing sections. Analogous to section 2.5.7.4, the human factors are grouped into

the categories IP, CP and CA and the most popular are detailed.

Information perception-related human factors of AR-assisted surgery:

Perceived comfort level when wearing OST-HMD (COMF): As with all HCI de-

vices, including computers or laptops, personal comfort is one of the most im-

portant factors influencing user acceptance. Discomfort will inevitably prevent a

device from becoming a routine instrument that users enjoy working with. Per-

ceived comfort level when wearing OST-HMD was mentioned in (n = 15) articles,

and is therefore one of the human factors that dominate the IP category. [160]
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Figure 2.23: Distribution of persistent human factors of the proposed AR surgical ap-
proaches, grouped into the four categories 1. Information Perception (IP),
2. Cognitive Processing (CP), 3. Control Actions (CA)

presented a Movierio BT-200 Smart Glasses-based intraoperative navigation sys-

tem that supports mandibular resection and conducted a phantom experiment in

which osteotomies were performed. Surgeons reported good long-term wear work

ergonomics. [135] created a HoloLens telementoring system that allows surgeons

to perform mentored leg fasciotomies. Participants reported that the weight of the

HoloLens has a negative impact on their posture and comfort.

Spatial perception/awareness (SPATIAL PERC): Spatial perception and spatial

awareness was already described in section 2.5.7.4 as a combined human factor

of conventional non-AR methods, where 3D patient anatomy had to be inferred

from 2D data. However, individual spatial processing capabilities area also factors

of 3D virtual visualisations and should also be taken into account for OST-HMD

solutions, as reported in (n = 14) articles. Given that AR exposes users to new

perceptual stimuli that are usually not part of their normal experience, it is likely

that users process this new visual information differently, which in turn impacts the



2.5. Analysis of the Literature Search 87

quality of the HCI during OST-HMD assisted surgical procedures. [98] presented

a HoloLens-based hybrid simulator for orthopaedic open surgery that allows users

to visualise 3D anatomy prior to performing a virtual viewfinder-assisted surgical

incision. Study participants who conducted a simulator experiment were engineers

and clinicians. Results from a 5-point Likert questionnaire indicate that both user

groups found it rather easy to perceive spatial relationships between real and virtual

content; however, engineers tend to rate the ease of spatial relationship perception

slightly higher than clinicians. Although this difference is not statistically relevant,

it might be related to engineers being more familiar with 3D modelling and spatial

visualisation tasks. [154] investigated in how far ear anatomy learning can be im-

proved compared to conventional didactic lectures and computer modules. Study

participants performed a spatial exploration of 3D virtual ear models displayed on

a HoloLens and rated the OST-HMD higher than didactic lectures and computer

modules in terms of 1.) overall learning effectiveness, 2.) the learning platform’s

ability to convey anatomic spatial relationships and 3.) learner engagement and

motivation.

Missing/impaired depth perception (DPPC): Individual depth perception capabili-

ties influence the ability to understand three-dimensional relationships between 3D

virtual objects, as well as between real and virtual objects. This may reduce the

utility of systems that require perceptual precision. Several articles indicate that

missing or impaired depth perception is one of the limitations of the proposed OST-

HMD approach (n = 7). [97] developed a fluoroscopic X-ray guidance system for

percutaneous orthopedic surgery that is based on a co-calibration of a C arm with

a HoloLens and aims to facilitate the perception of spatial relationships between

patient anatomy and surgical tools. A phantom-based K-wire insertion experiment

revealed that the HoloLen’s build-in characteristic of rendering all 3D virtual con-

tent at a focal distance of around 2m impacts the user’s depth perception and hence

leads to an impaired interaction between real and virtual objects.

Cognitive processing-related human factors of AR-assisted surgery:
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Perceived degree of ease and intuitiveness of HCI (EASE HCI): A fundamental

aspect that plays a pivotal role in the acceptance of a proposed OST-HMD solution

is the perceived degree of ease and intuitiveness of HCI, which was the human fac-

tor with the most associated articles (n = 20) in the CP category. [96] presented a

HoloLens based application for image guided percutaneous spine procedures that

was tested in a phantom experiment in which percutaneous vertebroplasty, kypho-

plasty and discectomy interventions were performed. Participants could select their

preferred 3D virtual visualisation mode and questionnaire results revealed that ini-

tially the most popular mode was the option that was closest to a conventional 2D

monitor and hence the most intuitive one. However, after the user became familiar

with the OST-HMD environment, the preferred mode of visualisation changed to

one that offers more benefits of the new mixed reality environment. [93] designed a

Google Glass-based personal assistant for surgeons. Study-participants were asked

to complete a post-experiment questionnaire, which revealed that some users prefer

hand gesture interaction over voice interaction because voice interfered with their

patient communication.

Perceived usefulness of OST-HMD (USEF): Since OST-HMDs are not yet well

established in operating theaters and routine surgical procedures, clinicians can al-

ways compare OST-HMD solutions with conventional methods and thus decide for

themselves whether the new AR approach is useful or not. It is therefore not surpris-

ing that perceived usefulness is a human factor mentioned in several articles (n = 7).

[163] conducted a feasibility study of Google Glass-assisted urological procedures,

in which surgeons could access 3D virtual preoperative CT scans. A patient case

study with a five-point Likert scale evaluation involving 7 surgeons over 10 proce-

dures totalling 31 procedures revealed that the system’s overall usefulness was rated

as very high or high by 74% of the surgeons.

Control action-related human factors of AR-assisted surgery:

Selection of preferred mode of visualisation (VIS OPT): Sometimes users are

given the possibility to optimize their HCI experience by selecting one of several

visualisation modes. The Selection of preferred mode of visualisation (VIS OPT)
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takes into account the personal optimisation of the HCI (n = 6) and is the human

factor with the largest associated number of articles (n = 6) in the CA category. An

example is described in [166]: a first assistant has the option between two modes of

endoscopy visualisation during robotic surgery: 1.) A 3D virtual monitor capturing

the endoscopy camera stream or 2.) an endoscopy visualisation that is registered

with the viewing frustrum (Fig. 2.12 (a)).

2.6 Discussion

This review summarises the currently proposed applications of OST-HMDs in

surgery. Orthopaedic surgery applications are the most common (30.16%) and

mainly involve intraoperative guidance applications, perhaps because it involves

rigid bony structures and is a field where conventional guidance systems to achieve

good implant alignment have become commonplace. Image guidance, where a pre-

operative segmented imaging model is aligned to the operative view, is the dominat-

ing application across several surgical specialities. When providing such guidance

and navigation, safety and accuracy becomes crucial. The achieved accuracy re-

sults are summarized in Section 2.5.6, highlighting considerable variation across

studies. This variation is attributed to differences in experimental design and the

use of diverse accuracy measures. Registration can be achieved manually or by

identification of point or surface features using an external tracking device. There

is no general solution to the problem of registration as yet.

The most common visualisation is of preoperative models. When these are

generated from a preoperative scan this requires a segmentation process that must

be incorporated into the surgical planning workflow. Medical image segmentation

is a huge research area in its own right, with great progress being made. While this

represents a vital component of image guidance, it falls outside the scope of this

review on OST-HMD-based AR systems.

Beyond surgical guidance, this review also analyses other surgical application

contexts where the accuracy of superimposed 3D virtual content in less critical,

such as in preoperative planning and surgical training. Due to the variety of surgical



2.6. Discussion 90

contexts, different AR visualisations have been used, such as preoperative mod-

els, intraoperative images and intraoperative streaming of video, which all serve

different purposes and are rated differently by users in terms of their usefulness.

Phantom experiments dominate among the types of experiments used, underlining

the fact that many such systems are some way from clinical use.

Aside from technological limitations, human factors have a major influence on

the establishment of OST-HMD assisted applications in the operating room. Atten-

tion shift between the surgical site and an external computer monitor is the dominat-

ing human factor researchers aim to solve with OST-HMD solutions. These devices

lead to other human factor issues, however, such as impaired hand-eye coordina-

tion and increased cognitive load that may increase rather than decrease the risk of

surgical errors.

2.6.1 Classification of Human Factors

The human factors presented in this review reflect an effort to identify individual

HCI-related characteristics of users in the context of OST-HMD-assisted surgery,

providing an overview of perceptual and glshci-related human characteristics that

may influence the utility of a proposed novel AR-assisted system. Given that OST-

HMD based surgical applications have not yet replaced respective conventional state

of the art methods, there is a need to raise awareness of all aspects that may influ-

ence the end user’s acceptance of new technology in the operating room. Despite

addressing several human factors, OST-HMD-based solutions also expose the user

to new human factors that may hinder an acceptance of this novel technology in the

operating room.

The dominating persistent human factor is the perceived degree of ease and in-

tuitiveness of HCI. These new HCI possibilities may reveal individual performance

differences and user preferences even more than conventional computer assisted

surgical methods. Overall, it appears that the combination of OST-HMD device,

surgical speciality, surgical application context, surgical procedure, proposed AR

visualisation and conducted experiments triggers different individual human HCI

responses that lead to variation in individual perceived utility. Some attempts have



2.6. Discussion 91

been made to provide standardised analysis in image guidance applications. [185]

proposed a novel multi-indicator evaluation model for mixed reality surgical nav-

igation systems. This model evaluates user perception in terms of safety, comfort

and efficiency, combining both subjective and objective evaluation criteria. [186]

identified the need for HMD-based, scientifically grounded methods that identify

HCI-related interaction modalities that can be optimised to improve user perfor-

mance and cognitive load. These interaction modalities comprise information pre-

sentation, user input and system feedback. Additionally, the authors suggest that an

ideal HCI system should be able to adapt these interaction modalities in real-time

and in response to the given task as well as environmental and user psychophysio-

logical states.

A taxonomy for MR visualisation in image guided surgery has been proposed

by [187]. The aim is to introduce a new common framework that facilitates the

establishment of validation criteria and lead to more MR systems being used in

daily surgical practise. The paper is well cited and the comprehensive literature

review of AR in laparoscopic surgery from [79] categorises articles according to

their taxonomy. But the translation into commercial applications that are used on

a daily basis in operating rooms has not materialised as yet. A similar taxonomy

tailored to OST-HMD AR would be desirable but is hard to achieve given the widely

varying needs of the implementations presented in this review.

2.6.2 Potential Machine Learning Applications

Given the increasing trend of ML applications for medical image processing, such

methods are likely to be applied to OST-HMD solutions. However, none of the

selected 91 articles included in this review reported the use of ML methods in con-

junction with OST-HMD systems. This highlights a potential current research gap

and presents an opportunity for future investigation. OST-HMD systems inherently

operate in a three-dimensional, spatially aware environment and generate a wealth

of multimodal data. This includes video, hand gesture-based interaction, gaze track-

ing, voice commands, and real-time 3D surface meshes. These data streams offer

significant potential as training input for ML algorithms, particularly related to the
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understanding of user behavior and respective adaptive, predictive guidance.

While none of the articles included in this literature review applied ML meth-

ods in conjunction with OST-HMD systems, related studies in surgical and non-

surgical MR—outside the scope of this review—have begun to explore such ap-

proaches. [188] presented an interactive training and operation ecosystem for MR-

related surgical tasks that includes data collection for potential ML algorithms.

Their system records data from multiple users, such as gaze tracking to indicate

which locations in 3D space a surgeon is paying attention to. ML algorithms could

then use this data to identify novice surgeons and activate guidance support. An-

other example aiming to expand the user’s hands-free interaction possibilities when

wearing a HMD was proposed by [189]. Using a self-made HMD with eye-tracking

cameras, the authors proposed a deep convolutional NN to classify gaze trajectories

and gaze trajectory gestures. The classified gestures in turn can then trigger differ-

ent HCI operations.

The HoloLens 2, equipped with eye- and hand-tracking capabilities, opens up

new opportunities for such applications. However, to fully leverage these capabil-

ities in surgical contexts, foundational work is required—particularly the develop-

ment of standardised, high-quality datasets containing user interaction data. These

datasets could enable the training of ML models for a wider range of purposes, in-

cluding real-time registration refinement, intraoperative decision support, and per-

sonalised surgical guidance.

2.7 Summary and Conclusions

The field of OST-HMD assisted surgery has shown a significant recent upward trend

in the number of publications as well as the diversity of surgical applications that

could benefit from this technology. The release of the Microsoft HoloLens has no-

tably accelerated research into MR surgical applications since 2017 (see Appendix

Chapter A, table A2). However, comparatively few systems have been used clin-

ically to date and demonstration of utility is rare. Technological limitations, such

as challenges in 3D virtual object registration and perceptual accuracy, remain sig-
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nificant barriers to routine adoption of MR in surgery. This review also identified

several human factor limitations that play a crucial role in user acceptance of such

novel technology.

In particular, the way visual information is integrated into the surgical view can

impact attention and decision-making. One study by [69], using a screen-based sim-

ulation system, compared direct AR with nearby, unregistered guidance. Overlaid

AR was found to cause inattention blindness, where the augmented view distracts

from important events in the real view. This problem arises even when registration

is perfect. One option is that guidance information could be presented near to, but

not overlaid directly on the surgical view. Such a side-by-side visualisation would

allow correctly oriented, but not fully registered model data to be readily available

without obscuring or confusing the real view.

Beyond intraoperative guidance, the potential of OST-HMD systems extends

into surgical education and training. The ability to view 3D anatomy and pathol-

ogy in situ may improve spatial understanding in novice surgeons and reduce the

learning curve. [190] demonstrated improved learning with AR under high fidelity

conditions. There is a case for similar experiments to be conducted using OST-

HMD-based AR to provide evidence of proven benefit to learning with these de-

vices. A promising research direction involves applying a human factors approach

that begins by identifying specific steps or decisions within a procedure that impact

patient outcome. Visualisations can then be tailored to support those tasks, which

performance evaluated under controlled, lab-based conditions. This targeted strat-

egy could both improve procedural training and clarify the optimal roles of AR in

surgery. As exposure to AR technologies increase, so too may user acceptance, es-

pecially if systems are developed with both technical constraints and human factors

in mind. Together, these considerations are likely to lead future research toward

effective clinical implementations that realise the full potential of surgical AR.

To address the limitations identified in the reviewed literature—while contin-

uing to explore the potential of emerging AR technologies—this thesis shifts focus

toward the development of an AR-assisted medical training system. By avoiding
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safety-critical constraints such as technical 3D virtual object registration and per-

ceptual precision, the work aims to investigate the educational value of MR in a

controlled and lower-risk setting. The following Chapter 3 introduces a system de-

signed to support training in obstetric sonography, highlighting the potential of MR

to enhance spatial understanding and procedural learning in medical education.



Chapter 3

CAL-Tutor: Investigating the Utility

of a Mixed Reality Platform for

Training in Obstetric Sonography

3.1 Introduction
Addressing a relatively underexplored area in AR-assisted medical education, this

chapter presents the design and evaluation of a novel MR training system devel-

oped to support clinical education in obstetric US. The CAL-Tutor system aims

to enhance the spatial understanding required for interpreting 2D US images by

providing interactive 3D virtual guidance in a simulated environment using a real

conventional US scanner and phantom patient anatomy. The chapter outlines the

educational challenges in obstetric sonography, introduces the CAL-Tutor platform,

and describes the hardware and software implementation. It also reports on a pre-

liminary user study involving novice participants, with a focus on usability, user

experience, and recorded interaction data. Much of the content is based on a peer-

reviewed publication by the author in the Journal of Imaging [54], and the full

software implementation is openly available via GitHub1.

Obstetric US plays a crucial role in prenatal care, enabling clinicians to assess

fetal development and maternal anatomy in real time without posing harm to the

1https://github.com/manuelbirlo/CAL-Tutor, accessed 12 September 2024.

https://github.com/manuelbirlo/CAL-Tutor


3.1. Introduction 96

mother or foetus. However, learning to interpret 2D US images presents inherent

challenges, particularly for novice practitioners. This section introduces the princi-

ples of conventional obstetric sonography, outlines key educational challenges, and

explores the potential of MR to enhance US training. It concludes with the rationale

for developing the CAL-Tutor system as a novel MR-based educational tool.

3.1.1 Importance of Obstetric Ultrasound

US is an imaging technology that plays an essential role in obstetrics, as it allows

clinicians to obtain images of foetus and maternal anatomy[191], which are used

to diagnose medical conditions such as fetal abnormalities and guide prenatal in-

terventions [192]. To obtain US images, clinical practitioners must place an US

transducer on the maternal anatomy. The transducer is a handheld device that emits

sound waves that bounce off anatomy and generate echoes, which are received by

the transducer 2. These received echoes are then processed by computer software to

generate a visual representation of the anatomy, known as a sonogram. Clinicians

who perform US examinations are referred to as sonographers. Conventional trans-

ducers are connected to a larger US system equipped with a monitor and user inter-

action options, allowing clinicians to process and analyse the visualised anatomy.

US devices that are widely used in clinical practice include the Voluson™3 product

family.

To diagnose fetal conditions, sonographers follow standardised techniques for

measuring key biometric parameters, including head circumference (HC), abdomi-

nal circumference (AC), and femur length (FL) [193, 194]. Obtaining these biomet-

ric measurements requires acquiring specific US images by placing the US probe

at the correct anatomical location on the mother’s abdomen. These specific views

are commonly referred to as US standard planes [195] or standard US planes [193].

In the remainder of this thesis, they are referred to simply as standard planes. An

illustration of the three standard planes is depicted in Fig. 3.1.

2https://www.cancer.gov/publications/dictionaries/cancer-terms/
def/ultrasound-transducer, Accessed on 27 February, 2025.

3https://gehealthcare-ultrasound.com/en/voluson-family/, accessed
February 27, 2025.

https://www.cancer.gov/publications/dictionaries/cancer-terms/def/ultrasound-transducer
https://www.cancer.gov/publications/dictionaries/cancer-terms/def/ultrasound-transducer
https://gehealthcare-ultrasound.com/en/voluson-family/
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Figure 3.1: Standard ultrasound planes, used for standardisation of fetal biometry estima-
tion. Figure reproduced from Dromey et al. [193]. From left to right: head
circumference (HC), abdominal circumference (AC), and femur length (FL)

3.1.2 Educational Challenges in Obstetric Ultrasound

Obstetric US is a highly operator-dependent modality, and achieving consis-

tent training that leads to reliable diagnostic performance remains a major chal-

lenge [196]. Sonographers must develop a strong appreciation of the US appearance

of fetal anatomy in order to mentally construct a three-dimensional (3D) model of

the foetus’ position and structure. Since conventional US systems use a separate

monitor to visualise patient anatomy, the clinician must look away from the patient

while holding the transducer. Consequently, they cannot simultaneously observe

the imaging results and identify the target anatomy. This is particularly problem-

atic for novice clinicians, who must adjust their hand movements during scanning

while monitoring the real-time sonogram on a separate display. This dual-tasking

imposes increased cognitive load, which can ultimately reduce sonography perfor-

mance [197] and pose potential risks to patient safety.

Another major difficulty is the ability to mentally map 2D US cross-sectional

images onto 3D anatomical structures. While cross-sectional imaging modalities

such as CT, MRI, and US provide essential diagnostic views [198], the images

are inherently two-dimensional representations of intersecting planes through three-

dimensional anatomy. Interpreting these requires extensive training in spatial rea-

soning and mental reconstruction of 3D structures [199]. In the context of fetal

biometry, accurate acquisition of standard image planes—such as HC, AC, and

FL—is critical for assessing fetal development [200]. Yet, consistency in these mea-

surements is not guaranteed, especially among less experienced trainees, for whom
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navigating to the correct anatomical plane presents a significant challenge [201].

Despite current attempts to standardise fetal US biometry measurements through

the acquisition of standard planes, persistent inter-operator variability in obtaining

these measurements increases the risk of bias and errors in diagnostic data evalua-

tion. Therefore, additional methods to improve standardisation are required [202].

3.1.3 Motivation for Using MR

The need for improved standardisation of fetal US biometry measurements moti-

vates the exploration of MR technologies, which have already shown promise in

interventional US. OST-HMD-based approaches have demonstrated transformative

potential in US-guided procedures such as needle biopsies [113, 203, 204], regional

anesthesia [205], and catheter placements [197], where precise spatial control is

critical. The core motivation for using AR in these procedures is the ability to

overlay live 3D virtual sonograms in their anatomically correct physical location–

co-registered with the sound wave-emitting part of the transducer, which is part of

the handheld US probe [206]. This eliminates the need to look away at an ex-

ternal monitor, enabling continuous visual focus on the patient. For example, a

study [207] demonstrated that spatially co-locating cross-sectional images US at

their correct physical position, such as on the transducer, enhances the 3D mental

reconstruction of the scanned structure. This approach was found to be more effec-

tive compared to scenarios where the operator had to observe the US images on an

external monitor.

More generally, OST-HMDs-assisted US aims to enhance conventional US

workflows by improving visualisation, spatial orientation, procedural guidance, and

training. While interventional applications remain the most prevalent use cases,

their demonstrated benefits in supporting spatial reasoning suggest strong poten-

tial for use in obstetric US training. In particular, novice sonographers—-who face

challenges in spatial understanding and plane acquisition-—may benefit from AR-

based approaches that reduce cognitive load and provide hands-on spatial guid-

ance [208, 209]. Therefore, the idea to leverage MR for improving the standardi-

sation of biometry measurements in obstetric US training is a natural extension of
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its demonstrated benefits in other US-based contexts. This emerging evidence base

motivates the development of targeted MR training systems that address the unique

spatial and cognitive demands in obstetric sonography.

3.1.4 Motivation for the CAL-Tutor System

To address the aforementioned challenges in obstetric US training and to leverage

the potential benefits of MR, this thesis presents a HoloLens 2-based MR applica-

tion named CAL-Tutor. The core idea is twofold: first, to reduce a trainee’s cogni-

tive load and spatial misinterpretation by improving mental mapping from 2D US

slices to 3D fetal anatomy through the use of 3D virtual visualisation; and second, to

reduce variability in standard plane acquisition by providing real-time AR guidance

during US probe navigation. More specifically, the CAL-Tutor system, which uses

anatomically realistic 3D models of an US-compatible training phantom, assists the

trainee by providing two key 3D virtual visualisations: (i) A combined view of the

phantom model–based fetal anatomy – including the mother’s abdomen – and the

corresponding US slice, displayed in their correct physical location; (ii) Real-time

MR guidance during US probe navigation toward the three standard planes — head

circumference (HC), abdominal circumference (AC), and femur length (FL). In or-

der to remain as close to conventional training in obstetric sonography, CAL-Tutor

uses a conventional US scanner and commercially available phantom of mother’s

abdomen and foetus.

An overview of the system setup is provided in Figure 3.2. The user wears a

HoloLens 2 and navigates the US probe toward a predefined 3D virtual target US

plane (not visible in the figure). To track the location of the probe, a paper cube

with printed ArUco markers is attached to the probe using a wooden stick. The

cube is then tracked via software that uses the HoloLens’ RGB camera to determine

its 3D position. A detailed overview of CAL-Tutor’s implementation—including

the AR visualisations used to guide the user toward three distinct virtual standard

US planes—is described in Section 3.3.
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Figure 3.3: Potential areas to consider for innovation in future US training. Figure adapted
from Wittek et al. [191].

(a) (b)

Figure 3.2: CAL-Tutor system design, showing (a) the setup of the US system, ArUco cube
tracker and phantom; and (b) System in use: Navigating the tracked US probe
to the 3D virtual standard plane while wearing the HoloLens 2

3.2 Background and State of the Art
To provide a broader understanding of how CAL-Tutor fits within the existing land-

scape of US-related medical AR, this section reviews background work and related

state-of-the-art methods. At the time of the CAL-Tutor publication [54], on which

this chapter is based, AR-based obstetric US training had received relatively limited

attention in the literature [210]. Consequently, this section first summarises work

available at the time, followed by more recent developments presented under the

heading Recent Advances in AR-Assisted US Training.

Before delving into more technically oriented methods, it is worth noticing

that researchers in obstetric and prenatal medicine also emphasise the need for in-
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novative approaches to US training, with the ultimate goal of improving diagnostic

skills and patient safety. Wittek et al. [191] identified four key areas for innovation

in modern obstetric US training: (i) the definition of standards; (ii) improved as-

sessment and certification formats to ensure consistent, high-quality training across

clinicians; (iii) the integration of AI into US training to enhance quality and effi-

ciency; and (iv) the use of technology-based training resources, including e-learning

platforms, high-fidelity simulators, VR, AR, and hybrid learning platforms, to pro-

vide flexible, accessible, and cost-effective education. CAL-Tutor addresses sev-

eral of the key areas for innovation in future US education identified by Wittek

et al. [191]. First and foremost, it can be considered a hybrid learning platform

that combines AR technology with conventional US training equipment, including

a Voluson scanner and a physical phantom representing a mother’s abdomen and

foetus. Additionally, CAL-Tutor records user motion data, enabling the potential

future development of AI-assisted feedback and guidance. Finally, the structured

use of AR-based training protocols may contribute to improved standardisation in

US education.

Given the importance of US probe tracking in CAL-Tutor’s implementation,

the next section (Section 3.2.1) reviews relevant tracking methods used in medi-

cal AR. This is followed by an overview of prior work in AR-assisted US train-

ing across obstetric and related clinical domains in Section 3.2.2. To conclude,

Section 3.2.3 reviews existing DL-based standard plane navigation methods, which

are more prominently represented in the research community than AR-assisted ap-

proaches.

3.2.1 Tracking Methods in Medical AR

Accurate tracking of the US probe is essential in MR applications for sonography,

as it enables the correct positioning of 3D virtual sonograms at their spatially ac-

curate physical location on the US probe. In medical AR systems, tracking can

be achieved using physical markers, such as retro-reflective spheres [211], or fidu-

cial markers like ArUco [212]. Retro-reflective spheres are tracked using infrared

cameras, whereas ArUco markers are detected with conventional RGB cameras.
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Electromagnetic sensors can also be used, either alone or in hybrid approaches, to

address marker-related occlusion issues [213].

However, each method comes with specific limitations. Retro-reflective and

ArUco markers require a direct line of sight between the marker and the tracking

camera. In the context of US, the distinct shape of the probe and typical grasping

positions often hinder this direct line of sight, leading to interruptions in tracking

accuracy. Electromagnetic sensors, while immune to visual occlusion, are suscep-

tible to electromagnetic interference [214, 215] and suffer from limited operational

range [216], which can reduce usability. Fiducial markers like ArUco are a cost-

effective solution compared to infrared or RGB-based tracking systems, but they

require a fixed known location relative to the probe. This necessitates precise pre-

calibration [217, 218] to ensure accurate 3D virtual overlays of sonograms relative

to the wave-emitting part of the probe or to align 3D virtual probe models. Addi-

tional limitations of ArUco tracking include pose estimation noise [219], which can

be caused by motion blur or non-uniform lighting [220]. Furthermore, the underly-

ing image processing algorithms may be affected by computational load and system

latency, particularly on standalone OST-HMDs such as the HoloLens 2 [47].

These challenges become even more pronounced in procedures like needle

biopsies or fetal US scans, where the probe is constantly in motion. A robust track-

ing system must therefore account for continuous movement, while dynamically

updating the 3D virtual overlay in real time [221]. However, these computational

requirements place additional demands on the limited processing power of mobile

AR devices and may lead to side effects such as nausea and eye strain [47]. While

some of these issues have been mitigated in experimental hybrid tracking systems,

their reliance on complex hardware setups and calibration limits their usability in

practical training scenarios. As a result, these limitations have led to a growing

interest in markerless tracking approaches. These considerations are particularly

relevant to the system presented in this chapter, and their impact on design choices

is discussed in Section 3.5, with further investigation of markerless tracking ap-

proaches in Chapter 4.
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3.2.2 AR-Assisted US Training

The visualisation of the US plane in its physical location was one of the earliest

recognised applications of AR, with the navigation of breast needle biopsy having

been proposed as far back as 1996 [222]. These concepts have continued and been

updated, with preliminary phantom experiments showing the potentially improved

performance of biopsy needle placement [217]. Needle placement still dominates

the literature in AR US guidance and training. In common with many AR systems

for surgical guidance, such solutions have been proposed for some years, but remain

as either lab-based experiments or small clinical studies. The lack of translation to

the clinic may be due to a number of factors, including registration accuracy and

as well as human factors and perceptual issues such as inattention blindness, where

the augmented view obscures the visualisation of the real scene [53].

Magee et al. developed an AR-based training system for needle guidance us-

ing synthetic US imagery on a mannequin torso phantom coupled with a mock US

probe [223]. A significant user study of 34 consultant interventional radiologists

and 26 specialist registrars gave a favourable opinion in general, but noted that the

haptic feedback was not realistic. Focusing on a low-cost US training platform,

Shao et al. developed a body pose estimation-based platform for at-home skill de-

velopment that only requires a printed ArUco marker attached to a simulated probe

and a computer with a webcam [224]. They provided a simple system that can

be conveniently used by trainees without the need for a real ultrasound machine.

A user study demonstrated the utility of this concept, but revealed that the use of

pre-recorded US data prevents students from learning US image optimisation. The

absence of a real US probe also limits the realism of the training experience. In

an attempt to offer physicians a more accessible US training solution, Costa et al.

addressed the problem that conventional simulators require special hardware and

developed a HoloLens application that tracks a QR code attached to a Clarius4

wireless US probe [225]. Tracked US probe movements are then fed into simu-

lation software that runs on an external computer, which returns an aligned US slice

4https://clarius.com/, accessed on 27 December 2022.

https://clarius.com/
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to the HoloLens at the location of the tracked QR code. A laboratory assessment of

accuracy and precision showed good results, but there was no user study included.

Simulation systems offer the possibility to practice clinical skills in a con-

trolled environment. VR training for obstetric US shows some promise and has

been proposed for rehearsal before clinical training [226]. AR can also provide

US simulation using video see-through devices [227]. The closest system to CAL-

Tutor is the Vimedix TEE/TTE simulator (CAE Healthcare, Montreal)5, accessed

on 27 December 2022.) which offers idealised, simulated US slices visualised on

3D models from CT. The system was well received in an initial clinical evalua-

tion [115]. While simulation has shown promise, it has not yet been adopted as

a standard part of the obstetric clinical curriculum [210]. The CAL-Tutor system

differs from the above training systems by using a real US scanner on a phantom

coupled with AR visualisation. It is assumed that this combination of familiar, con-

ventional hardware and novel AR technology can enhance the learning experience

beyond that of idealised virtual simulation: the trainee learns the dexterity of real

US, applying the right pressure while using AR to help with spatial awareness and

navigation to the desired planes.

Recent advances in AR-assisted US training. In a randomised study, Farshad-

Amacker et al. compared the learning outcomes of medical students when perform-

ing US-guided biopsis with and without HoloLens 2-based MR assistance [228].

Although the puncture time not differ significantly between the standard US and

MR-US approach, the majority of participants found the HoloLens 2 method to be

a more enjoyable learning experience. Focusing on obstetric pulsed-wave Doppler

US to monitor blood flow in pregnancies, Nylund et al. proposed an MR approach to

support blood flow measurement [229]. In a usability testing experiment, users with

medical and IT background interacted with the proposed MR system that involves

3D-printed and visually tracked models of an abdomen and US probe. Participants

found the combination of physical objects, such as 3D-printed objects, and MR vi-

sualisation beneficial for improved learning outcomes, but also noted that tracking

5https://www.caehealthcare.com/ultrasound-simulation/vimedix/

https://www.caehealthcare.com/ultrasound-simulation/vimedix/
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Figure 3.4: Overview of an MR-based obstetric pulsed-wave Doppler US training system
by Nylund et al. (2024), utilising the Microsoft HoloLens 2 and 3D-printed
models of an US probe and maternal abdomen. A tracked probe, along with
3D virtual visualisations of the foetus, spectrogram, and guidance information,
assists trainees in simulating the measurement of fetal blood flow in the umbil-
ical cord. Figure reused from Nylund et al. [229]

could be improved. Fig. 3.4 shows an overview of the proposed training system.

Shabir et al. developed a MR tele-US system that enables an expert sonographer

to guide a less experienced US operator in a remote location via a HoloLens 2 and

audiovisual cues [230]. A user study confirmed that providing audiovisual cues

via the proposed MR setup is sufficient for the less experienced operator to place a

physical US probe at the correct target anatomy.

3.2.3 DL-Based Standard Plane Navigation Methods

Unlike CAL-Tutor, where US standard plane navigation is performed manually with

MR assistance to enhance learning efficiency for novice sonographers, recent re-

search has focused on DL-based methods for automating standard plane identifica-

tion in clinical US use. These approaches aim to reduce inter-operator variability

and improve workflow efficiency, particularly for less experienced users. Although

such methods are not implemented in CAL-Tutor, they are relevant to this work as

they offer complementary strategies that can serve as a basis for future extensions
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of MR-based training systems. This section briefly highlights selected examples of

DL-based standard plane navigation.

Several systems integrate multimodal input data to improve standard plane

guidance. Droste et al. used a conventional US system and attached an Inertial

Measurement Unit (IMU) to the US probe to record freehand probe motion data.

Their proposed DL network US-GuideNet consists of a Convolutional Neural Net-

work (CNN)-Recurrent Neural Network (RNN) architecture. The CNN processes

the US video signals, and the extracted image features are concatenated with the

probe IMU data and fed into a RNN to predict a movement guidance signal. The

network was trained with data from expert sonographers and processes both the

US video signal and the simultaneously recorded motion data to predict guidance

signals intended to assist the user in navigating the probe toward standard planes

(Figure 3.5). Men et al. proposed a multi-modal US scanning guidance concept

called Multimodal-GuideNet [231], which captures the dependency between an US

video signal, the user’s eye gaze and probe motion. By predicting the user’s next

optimal gaze position and probe movement, Multimodal-GuideNet guides users to-

wards three biometry standard planes, the trans-ventricular plane (TVP), abdomi-

nal circumference plane (ACP) and femur standard plane (FSP). Experiments per-

formed on obstetric scanning examinations showed that Multimodal-GuideNet out-

performed single-modal deep learning models in both probe motion guidance and

eye gaze movement prediction.

Other researchers have focused on learning visual features from US video

streams alone. Cai et al. used a convolutional long short-term memory neural net-

work to capture spatio-temporal visual attention information in US videos [233].

The learned visual attention maps are then used to guide standard plane detection

for the HC, AC and FL standard planes. Wang et al. focused on the HC and AC

standard planes only and developed a VGG166 [234] network-based video frame

classification approach that helps operators navigate to these two standard planes

6A Convolutional Neural Network proposed by the Visual Geometry Group, Oxford University.
It is now considered as outdated but is still sometimes used by researchers as a baseline model
compared to newer architectures
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Figure 3.5: Overview of the proposed system by Droste et al. (2022) that uses a conven-
tional US scanner and an IMU motion sensor attached to the US probe. A
DL-network that processes US video signals and probe motion data captured
via the IMU sensor, and predicts guidance signals for freehand probe motion.
Figure reused from Droste et al. [232].

[235]. In a second step, using additional US probe motion data, they implemented

an operator skill classification network. Di Vece et al., using a regression CNN,

focused on the automated estimation of six-dimensional poses of US images that

are in proximity of the standard transventricular (TV) plane, which is located in the

fetal brain region [236]. The proposed network was trained on synthetic US images

aquired from phantom-based US 3D volumens and fine-tuned on real US scans. Ex-

perimental results demonstrated good prediction performance on phantom data, but

lower accuracy on real data, likely due to the domain shift between phantom and

real US data. In addition, the use of a normalised brain US volume and the focus

on US images around the TV standard plane only reduces the generalisability of the

method.

Finally, robotic guidance systems have also been explored. Aiming to reduce

the workload of sonographers and shorten US examination times, Li et al. focused

on automated US scanning processes—including navigation to standard planes—

performed by robotic arms using deep Reinforcement Learning (RL) [237]. A vir-

tual RL agent, represented by a virtual US probe, operates in a 3D reconstructed

US volume that depicts a virtual patient. An earlier and similar US-guided and RL-

based robot navigation method, also recognised by Li et al. in [237], was presented
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by Hase et al. in [238]. However, this approach focused on a specific anatomical

structure in the lower back (the sacrum) rather than on multiple standard planes. Ex-

perimental spine imaging tasks based on previous robot arm-based acquisitions of

human patient US scan volumes show promising results, but rigid robotic arms may

not lead to effective standard plane acquisitions that comply with human operator

standards.

These DL approaches may provide an automated standard plane identification,

which is currently performed manually in CAL-Tutor. In its current form, CAL-

Tutor relies on medical experts to manually define and position virtual standard

planes on the fetal anatomy. While this ensures anatomical accuracy and pedagogi-

cal control, it also limits the system’s scalability and automation potential. Integrat-

ing DL-based standard plane detection methods could reduce expert dependency,

enable real-time adaptive feedback during training, and support a more autonomous

learning environment. As such, these methods present a valuable foundation for

future enhancements of MR-based US education systems—though these extensions

lie beyond the scope of this thesis.

3.3 Proposed Method

This section provides a detailed overview of the technical implementation of CAL-

Tutor. It begins with the software and hardware components used in the system,

followed by the design of the MR concept, the user workflow, and the data record-

ing mechanisms. The section concludes with a description of the user study con-

ducted to evaluate the utility of CAL-Tutor. The system was developed using a

combination of hardware and software components, as summarised in Tables 3.1

and 3.2. All hardware used consisted of commercially available products: a Mi-

crosoft HoloLens 2 OST-HMD; a GE Voluson E10 US scanner, employed for con-

ventional US training and practice; a SPACE FAN-ST phantom, a widely used

modality for obstetric US training; and an NDI Aurora electromagnetic tracking

system, used as a secondary modality for recording US probe motion for compar-

ison purposes only. Similarly, the software used to implement the MR application



3.3. Proposed Method 109

deployed on the HoloLens 2 included only commercially available tools. Three-

dimensional models of the foetus and the Voluson US probe were imported into

the Unity game engine, and custom scripts written in C# were developed to enable

interaction with 3D virtual objects and manage the overall application workflow.

Table 3.1: Hardware used in the implementation of the CAL-Tutor system

Hardware Description

Microsoft HoloLens 2 OST-HMD (Microsoft, Redmond, Washington, USA)
for spatial rendering of 3D virtual content and hand
gesture-based user interaction.

GE Voluson E10 Clinical US scanner (GE Healthcare, Chicago, USA)
used for standard plane training.

SPACE FAN-ST
Phantom

Comercially available phantom (Kyoto Kagaku Co.,
Ltd, Kyoto, Japan) representing second-trimester fetal
and maternal anatomy, used for training purposes.

NDI Aurora Electromagnetic tracking system (NDI, Waterloo,
Ontario, Canada) used for recording external probe
motion data.

Table 3.2: Software used in the implementation of the CAL-Tutor system

Software Version Description

Unity Game Engine v2020.3.14 Development platform for building the
mixed reality application.

Mixed Reality Toolkit
(MRTK)

v2.7.2.0 Toolkit for UI and interaction design in
MR environments.

HoloLensARToolKit v0.3 Unity-based marker tracking tool using
the HoloLens 2 front-facing camera and
ArUco markers [166].

The system uses two 3D virtual models derived from laser scan data: the US

probe of the Voluson E10 system, and a segmented MRI model of the foetus and

surrounding uterus from the SPACE FAN-ST phantom. The foetus of the SPACE

FAN US phantom contains a skeletal structure, brain, four-chamber view of the

heart, lungs, spleen, kidneys, aorta, UV, UA, and external genitalia. The MRI vir-

tual model does not contain all this anatomical detail7, but the overall anatomy of

7Since the virtual model of the phantom was reconstructed from segmented MRI data, its spatial
resolution is lower than that of a model generated from a high-resolution physical laser scan.
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the SPACE FAN foetus phantom is modeled in correct spatial alignment to the sur-

face. A number of markers (Vitamin E capsules) are used for registration, which is

currently manually achieved by the user. The HoloLens visualisation exhibits some

instability as the user moves around, which has been noted by other authors [42].

This is probably due to the sparse scene reconstruction in the on-board SLAM al-

gorithm of the HoloLens 2, possibly further affected by contrast-reducing lighting

conditions (e.g., low ambient light and strong reflections) and by the sparsity of

distinct visual features in the scene. Manual alignment by the user from their given

perspective, while prone to human error, may reduce inaccuracies due to percep-

tion and head tracking. Our approach allows the trainee to train using a clinical

US system, rather than a simulator device with synthetic images, as seen in many

high-fidelity simulators. The standard planes (HC, AC, FL) are marked by a trainer

in advance using the clinical US system. Figure 3.2a shows the system consisting

of a Voluson US scanner, a SPACE FAN baby and mother’s abdomen phantom, and

an ArUco marker cube that is rigidly attached to the Voluson US probe by means of

a wooden stick.

3.3.1 Design of the MR Concept

The central design consideration for the creation of an MR US training approach

was an easy-to-use workflow that does not require advanced computer science

knowledge. Therefore, all user interaction options are gathered on one 3D virtual

menu that shows all available options (without hidden sub-menus) and follows the

user’s eye gaze but can also be pinned to remain at a fixed 3D position. However,

since most of the menu buttons are for experts only, a separate toggle switch buttons

disables most of these buttons so that trainees are not distracted by buttons they do

not need. Figure 3.6a,b show the expert and user menu. The virtual baby model—

CAL Tutor’s central component, and shown in Figure 3.6c—is a 3D MRI-derived,

segmented model of a foetus within the uterus, aquired from a SPACE FAN-ST

training phantom. The 3D virtual model of the US probe, shown in Figure 3.6d,

was reconstructed from a laser scan of a real Voluson E10 probe. A virtual cube

is rigidly attached to the probe’s handle at a fixed offset to indicate the position of
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the physical ArUco marker used for probe tracking. The virtual probe includes a

dummy US plane at the transducer face, that displays a static sample US image.

Live streaming of real US data is not supported in CAL-Tutor. The dummy US

plane is used to instantiate copies at anatomical landmarks–defining the three stan-

dard planes for later navigation–and to aid alignment with standard planes on the

baby model during navigation. Figure 3.7a illustrates the three standard US planes,

placed at their respective anatomical locations of the foetus (head, abdomen, and

femur) via a Unity scene. Figure 3.7b shows the basic unity components as dis-

played in the Unity game view. After the 3D reconstructive post-processing of MRI

scans, the 3D objects of the baby and obstetric phantom as well as a laser model

of the Voluson probe were imported into the Unity scene as .obj files. The ob-

jects were scaled to match the size of their physical counterparts. The US probe

has an associated plane that represents the US beam produced by the probe. A 3D

virtual cube with coordinate axes is rigidly attached to the probe model in a fixed

distance, which is used to facilitate a user’s visual confirmation of virtual to real-

world alignment when the tracking of the probe is enabled. Figure 3.7b also shows

the navigation components that guide the user to the target standard plane: Four

pink guidance arrows originating from the corners of the US plane that is rigidly

attached to the Voluson model point to the matching corners of the standard plane,

and thereby serve as an additional visual guidance component that aims to facilitate

the visual navigation to the standard planes. In addition to the guidance arrows,

the relative distance between two US planes is displayed via position and rotation

x,y,z coordinates. The elapsed time, which starts counting after the trainee presses

the navigation start button on the 3D virtual menu, serves as an additional aid to

make trainees aware of the time it takes them to reach the standard planes during a

training session.

US probe tracking. The tracking of the Voluson US probe has been realised via a

Unity asset named HoloLensARToolkit [166], which is a Universal Windows Plat-

form (UWP) adaption of the well-known ARToolKit open source computer tracking

library for AR applications. HoloLensARToolkit accesses the HoloLens’s built-in
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webcam and tracks printed ArUco [239] markers. The cube00-05-a4 marker, which

is part of the toolkit’s GitHub project, was used in this work. A printed paper ver-

sion of the marker cube was attached to the US probe using a wooden stick, as

shown in Figure 3.2b. A 3D virtual counterpart of the ArUco marker cube the in-

cluding x, y, z, the coordinate axes and same relative dimensions is intended to help

users visually confirm that the probe is being correctly tracked.

3D virtual guidance during standard plane navigation. Trainees are given sev-

eral pieces of 3D virtual guidance information designed to help them navigate the

US probe to one of the three standard planes, as shown in Figure 3.7b. This guid-

ance information appears after the trainee has started the navigation phase via a 3D

virtual button click and comprises the following components:

1. Instruction card: The card is a 2D plane with an example image of the

standard plane and text explaining how to find the standard plane. The plane

can be scaled and positioned anywhere in the scene via the MRTK’s hand

gesture-based object interaction.

2. Guidance arrows: Four pink arrows emanating from the edges of the US

plane attached to the 3D virtual Voluson probe point to the four edges of the

standard plane positioned at the respective baby location. The guide arrows

are intended to enable the user to navigate to the standard planes more effi-

ciently.

3. Numeric offset between the source and target US plane: The relative dis-

tance between the US plane attached to the probe and the standard plane is

displayed in the upper right corner of the user’s field of view via six num-

bers: position offset x, y, z and rotation offset x, y, z. These numbers are

intended to help trainees verify that the standard plane was positioned in a

precise manner.

4. Directional indicator: The indicator is a standard MRTK asset consisting of

a chevron symbol pointing to the standard plane, helping trainees maintain a

broader sense of direction when needed.
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(a)

(b) (c)

(d)

Figure 3.6: Core components of CAL-Tutor’s Unity scene: (a) full 3D virtual menu for
experts; (b) reduced 3D virtual menu for trainees; (c) Fetal model within the
uterus, MRI-reconstructed from a ”SPACE FAN-ST” foetus US examination
phantom (top: internal view; bottom: external view through the uterine wall);
(d) 3D model of the Voluson US probe including a dummy US plane at the
transducer face and a cube indicating the position of the physical ArUco marker
used for probe tracking.
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(a)

(b)

Figure 3.7: Unity concepts of US probe navigation: (a) Standard planes (head, abdomen,
femur) positioned at their anatomical locations on the baby model; (b) Probe
navigation to the head standard plane with aids: instruction card, pink guidance
arrows, numerical offset between the probe’s US plane and the standard plane,
and elapsed time)

3.3.2 User Workflow

The CAL-Tutor application follows a structured, three-step workflow designed to

facilitate efficient and pedagogically effective training in obsteric US. This work-
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flow separates the tasks of expert users and novice trainees to ensure both proper

application setup and educational value. Assigning initial configuration steps—such

as baby model registration and standard plane placement—to experienced users

helps ensure anatomical accuracy and reduces the risk of misalignment or misin-

terpretation. At the same time, reserving hands-on navigation tasks for trainees

enables focused skill development without burdening novices with complex setup

procedures. First, a medical expert aligns the virtual baby model with the physical

phantom. Second, the expert defines three key standard US planes required for fe-

tal biometry. Finally, a novice user is tasked with navigating a physical US probe

to match these target planes using the guidance provided through the HoloLens 2.

Each of these steps is detailed in the following subsubsections, accompanied by vi-

sual illustrations of the process. A short video demonstrating the three workflow

steps of CAL-Tutor can be seen here: https://www.youtube.com/watch?

v=g0X4uLhCjoI.

3.3.2.1 Manual Registration of the Baby Model

In the first phase of the application, a medical expert (the trainer) is expected to

manually align the 3D virtual baby model to its physical counterpart via hand ges-

ture interaction (Figure 3.8a). The 3D virtual baby model has been scaled to the

actual size of the physical phantom and cannot be rescaled; only translation and

rotation is allowed to manually align the model. Manual alignment of 3D virtual

objects using hand gestures requires some prior familiarity of hand interaction with

the HoloLens 2 and should therefore only be performed by users familiar with this

device. While high registration accuracy is not expected from manual alignment of

3D virtual objects, the resulting overlay should be sufficiently accurate to provide

the trainee with effective spatial orientation during the training session. As soon as

the baby model was manually aligned, the experts confirmed its definitive location

via a click on the 3D virtual button which freezes the model so that it cannot be

moved anymore.

Optional semi-automated registration. After the publication of the CAL-Tutor

system [54], a semi-automated phantom 3D virtual object registration approach

https://www.youtube.com/watch?v=g0X4uLhCjoI
https://www.youtube.com/watch?v=g0X4uLhCjoI
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(a) (b)

(c)

Figure 3.8: Illustration of the CAL-Tutor’s user workflow phases, shown from the
HoloLens 2 perspective: (a) The initial manual registration of the baby model
(by the expert); (b) the manual placement of the 3D virtual standard planes at
their respective baby locations (by the expert); and (c) trainee navigation to the
standard planes.

was considered using an ArUco marker attached to the SPACE FAN phantom.

The marker was tracked using the HoloLensARToolkit software. Since continuous

tracking requires a permanent line of sight between the HoloLens’ RGB camera

and the marker, tracking is interrupted if the marker goes out of view. If the 3D vir-

tual object has drifted in the meantime, it returns to the correct tracked position as

soon as the marker is visible again. To achieve precise alignment of the 3D virtual

baby model with its physical counterpart, a subsequent manual adjustment using

hand gestures was still required. This ensured a consistent spatial relationship be-
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tween the marker location and the 3D virtual model during usage. Although this

semi-automated approach performed reasonably well, it is not part of CAL-Tutor’s

publicly available GitHub repository (referenced in Chapter 1, Section 1.5) and may

be considered for inclusion in future iterations.

3.3.2.2 Standard Plane Definition

After the baby model was manually aligned, the expert was given two options to

place the three standard planes HC, AC and FL to their respective anatomical loca-

tions of the baby model. The first option is to use the tracked ultrasound probe and

place it at the respective standard plane locations with respect to the baby phantom,

and place each plane individually by clicking on a 3D virtual button that creates

the standard plane by taking a snapshot of the US video that is streamed onto the

US plane relative to the probe. Figure 3.9a shows the concept of placing stan-

dard planes via a Unity scene: the US slice that denotes the head standard plane is

placed at the respective anatomical head location and labeled accordingly, while the

Voluson probe model is positioned in such a way that the next standard plane (the

abdomen) can be placed. In Figure 3.8b, the manual placement of the head standard

plane is shown from the HoloLens 2 perspective.

The second standard plane definition option is to use already existing standard

planes positioned in their respective locations in relation to the baby model and

whose x, y, z position and rotation coordinates can be loaded via a .csv file. The

expert can manually position these planes via hand interaction and save the new

coordinates to the .csv file. In addition, the locations of the virtual cube and US

probe can be manually adjusted as well as saved in the .csv file. In Figure 3.9c, a

Unity scene is shown that illustrates the concept: the three standard planes as well as

the cube and probe have their MRTK-based BoundsControl and ObjectManipulator

C# scripts enabled and can be manipulated. In Figure 3.9b, the manual placement

of existing standard planes is shown in a laboratory setup: An expert scans the

obstetrics phantom using a Volusion US scanner in order to find the exact locations

of the standard planes, and then adjusts the 3D virtual standard planes accordingly

via manual interaction.
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(a) (b)

(c)

Figure 3.9: 3D virtual object alignment options: two options of a standard manual plane
definition: (a) placement of new standard planes via the US probe; (b,c) adjust-
ment of already existing standard planes whose coordinates have been loaded
via a .csv file—(b) Unity concept and (c) HoloLens 2 RGB capture of the in-situ
view (image upscaled for print). In this image, the background 3D virtual menu
text is unreadable at this distance due to the limited resolution of the HoloLens
2 front-facing RGB camera. However, when viewed through the headset, the
text is readable because 3D virtual objects are rendered directly to the displays
at their native resolution and optical focus, not captured by the RGB camera.

The 3D virtual model of the US probe has an attached plane that approximates

the shape and location of the US beam that is being emitted by the real probe.

The virtual plane does not show the live US stream. This visualisation will not

be available in clinical practice and we believe that a view of the US plane cut



3.3. Proposed Method 119

through the baby anatomy, where the user relates this to the ultrasound image on

the scanner screen, provides effective training. After the expert reaches the location

of the standard plane, the plane is pinned via a 3D virtual button click, which creates

a clone of the virtual plane. In addition, the cloned US plane contains a pink bar

that marks the probe-sided edge of the plane and helps trainees identify from which

side they must approach the plane. A text label (‘Head’, ‘Abdomen’, ‘Femur’)

helps identify the pinned plane. Once the standard planes have been placed, an

unwanted shift of the virtual overlay may occur if the HoloLens performs a new

spatial mapping of the scene—for example, when the device is removed and worn

again. In such a case, both the baby model and the standard planes could be shifted,

so that a new placement of both the baby model and the planes may be necessary.

In order to facilitate a new manual alignment of the 3D virtual content, experts have

the option to lock the spatial relationship between the baby model and the pinned

standard planes via a 3D virtual button click. This way, only a second manual

alignment of the baby model is required; the standard planes will remain at the

same location relative to the baby anatomy.

3.3.2.3 Trainee Navigation to Standard Plane

In the third and last phase of the CAL-Tutor application, a trainee navigates the

tracked US probe to the location of the previously pinned standard planes (Fig-

ure 3.8c). Since most of the buttons of the 3D virtual menu are only intended

to be used by experts and would therefore distract trainees, a separate toggle

switch button allows users to switch to an easier menu with fewer buttons (Fig-

ure 3.6a,b). Each navigation phase begins when the trainee selects the Navigate

to <target anatomy> button—for example, Navigate to head. AR

guidance information appears in the scene—consisting of an instruction card, guid-

ance arrows, a numeric offset between the source and target US planes, and a di-

rectional indicator—that helps trainees find the standard planes (see Section 3.3.1).

During this probe navigation phase, trainees may still look at the physical US screen

of the Voluson US system in order to visually confirm that the standard plane was

reached. When a trainee is confident that the standard plane has been reached, they
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confirm this step via a 3D virtual button click, and move on to the next standard

plane.

The intention is to allow trainees to use the 3D virtual guidance information

as an optional assistive tool designed to enhance their spatial understanding of fetal

and maternal anatomy, while still relying on conventional US hardware for primary

imaging. It is expected that some users will rely more heavily on the MR guidance,

while others may continue to depend primarily on the conventional US screen. Such

a difference in individual reliance on assistive MR technology may also be related to

a trainee’s prior experience with conventional sonography. Understanding a user’s

body motion during navigation of the US probe to target planes may offer valu-

able insights into the utility of OST-HMDs and 3D virtual guidance. Such analysis

could inform future research aimed at enhancing personalised learning experiences

in medical training.

3.3.3 User Data Recording

The HoloLens 2 provides a rich source of information that can be used to capture

meaningful user motion data. These data can be further analysed to gain insights

into user behaviour. Such motion analysis could help distinguish expert from novice

interaction patterns, which may inform the development of personalised 3D virtual

guidance in future MR-assisted training systems. One potential direction for future

research is to leverage this motion data to train DL networks capable of predict-

ing user behaviour and delivering adaptive MR guidance based on individual skill

levels. To encourage further work in this direction and demonstrate initial feasi-

bility, the CAL-Tutor application records user motion data during standard plane

navigation sequences and stores these data in a separate .csv file, which can be

downloaded via the HoloLens 2 device portal. The system records the US probe’s

position and rotation; the hand’s palm and wrist position and orientation; the head’s

position and orientation; and eye gaze data indicating which 3D virtual object the

trainee is looking at.

In addition to the HoloLens and ARToolkit data, which are accessible via the

HoloLens 2 device portal, an external camera records the overall scene, and the US
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video feed from the Voluson US scanner is also recorded. Furthermore, an NDI

Aurora electromagnetic tracker (NDI, Waterloo, Canada) was attached to the US

probe to record probe motion data for comparative purposes. To enable recording

of when the user is looking at the physical US screen, a 3D virtual frame can be

added to the scene and manually aligned with the screen, allowing gaze data to be

linked to screen attention.

Table 3.3 lists all data recorded during system use. The ARToolkit software

integrated into CAL-Tutor’s Unity project captures the position and orientation of

the US probe. For comparison, the same data are also recorded using the NDI

Aurora electromagnetic tracker. Eye gaze, hand, and head tracking data are col-

lected through the MRTK’s internal libraries. An external camera records the over-

all scene, capturing user interaction with both the HoloLens 2 and the Voluson scan-

ner. In addition, the Voluson’s US video feed is recorded.

Table 3.3: Data recorded by the CAL-Tutor application. The column headers denote the
data source. The data listed under NDI Aurora, Voluson US Scanner and Ex-
ternal camera are not available via the HoloLens device portal and need to be
captured separately.

ARToolkit HoloLens 2 Voluson US Scanner

ProbePositionx, y, z EyeGaze Target Positionx, y, z US video
ProbeRotationx, y, z EyeGaze Target Name

HandPalmPositionx, y, z External camera
NDI Aurora HandWristPositionx, y, z External camera
ProbePositionx, y, z HeadPositionx, y, z video of the
ProbeRotationx, y, z HeadRotationx, y, z overall scene

3.3.4 User Study

In order to investigate the potential benefits of MR guidance during US probe nav-

igation, a small questionnaire-based user study8 with six engineering students was

conducted to evaluate the users’ personal impression of the CAL-Tutor system’s

usability. None of the study participants had prior clinical education in obstetric

8The study was conducted in accordance with the Declaration of Helsinki and
was approved by the UCLIC Research Ethics Committee at UCL (Approval ID:
UCLIC/1819/006/BlandfordProgrammeEthics).
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sonography. While prior experience with the HoloLens 2 was not systematically as-

sessed, informal observation suggested that most participants were unfamiliar with

the device. Consequently, residual differences in device familiarity may have in-

fluenced workload and user experience ratings. Future studies should record prior

Hololens 2 exposure.

Two questionnaires were completed after the navigation tasks: (i) a NASA

Task Load Index (TLX)-based workload assessment, using five seven-point scales

with 21 graduations (from very low to very high); and (ii) a product assessment

(user experience), using twenty six seven-point scales evaluating various product

characteristics. In addition to the two questionnaires, the participants left personal

qualitative notes regarding their experience with the CAL-Tutor system.

Using a commercially available Voluson US scanner and a SPACE FAN trainer

phantom, the CAL-Tutor application guided users to the three standard planes: HC,

AC and FL. Before the study began, a researcher manually aligned the 3D vir-

tual baby model with the phantom and positioned the three standard planes at their

respective locations relative to the model. Each participant received instructions

on how to use the CAL-Tutor application and how to use the 3D virtual menu to

complete the standard plane navigation sequences when wearing the HoloLens 2.

After the introduction and 3D virtual model setup, participants were asked to put

on the HoloLens device and perform three separate US navigation tasks—targeting

the HC, AC and FL standard planes—in that specific order. This order reflects a

pragmatic clinical workflow for second-trimester biometry, grouping of US planes

with similar probe orientation: HC and AC are acquired in axial planes, wheres

FL requires aligning the femur in a longitudinal plane. Because task order was

fixed rather than counterbalanced, carry-over effects (e.g., learning or fatigue) can-

not be excluded. Future studies should counterbalance task order. Each participant

completed the task twice: once under the baseline condition without MR guidance

(Condition 1), and once with MR guidance (Condition 2), as described in Table 3.4.

The order of conditions was randomised. Nevertheless, as with the fixed sequence

of standard-plane acquisition, residual learning or fatigue effects between condi-



3.4. Results 123

tions cannot be excluded. Future studies should explicitly counterbalance condition

order

Table 3.4: The two experimental conditions of the user study.

Experimental Condition

Condition 1 (Baseline): Probe navigation without MR assistance
The participant has to wear the HoloLens 2 device during standard plane
navigation since user data will be recorded. Although the user wears the

HoloLens 2, no 3D virtual information is being displayed.

Condition 2 (MR guidance): Probe navigation with MR assistance
The user is asked to perform the standard plane navigation with MR guidance
which includes the instruction card, the guidance arrows, directional indicator,
elapsed time and numerical offset between the probe’s US plane and the target

standard plane, as described in Section 3.3.1.

3.4 Results
This section presents the results obtained from the evaluation of the CAL-Tutor sys-

tem, as described in Section 3.3.4. The results are divided into two categories: sub-

jective assessments (workload and product evaluation), and a preliminary objective

analysis based on recorded user motion data. The subjective assessments evalu-

ate how study participants perceived the system’s usability and workload, including

both task-related effort and general user experience. These are presented in Sub-

sections 3.4.1 and 3.4.2. Additionally, to demonstrate the potential of the recorded

user motion data for objective performance evaluation, an exploratory analysis of a

subset of this data is detailed in Subsection 3.4.3.

Although the sample size was small and the effects were not statistically sig-

nificant, the following results provide preliminary insights into user interaction and

the potential role of MR guidance in standard US plane navigation training. They

also aim to provide initial insights into the feasibility and effectiveness of the CAL-

Tutor system in supporting standard US plane acquisition during fetal US training.

Although these results are not conclusive due to the small sample size, they offer

valuable guidance for future system iterations and experimental designs.
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Table 3.5: NASA-TLX questionnaire results for the six study participants (engineering stu-
dents) in two conditions: With MR guidance (A) and without MR guidance (B).

User Number Condition Mental Physical Temporal Performance Effort Frustration Mean
1 A 40 30 50 50 80 20 45
1 B 70 60 80 50 95 80 73
2 A 40 65 5 5 10 10 23
2 B 75 90 40 25 60 30 53
3 A 45 35 25 75 45 30 43
3 B 65 25 50 55 60 50 51
4 A 25 25 30 35 20 20 26
4 B 60 35 50 65 65 45 53
5 A 75 40 35 60 75 30 53
5 B 65 40 25 30 80 15 43
6 A 95 40 55 40 70 75 63
6 B 35 25 30 25 20 40 29

Workload Value Workload Component Mean (with MR) Mean (without MR)

Low 0–9 Mental 53 62
Medium 10–29 Physical 39 46

Somewhat high 30–49 Temporal 33 46
High 50–79 Performance 44 42

Very high 80–100 Effort 50 63
Frustration 31 43

3.4.1 Workload Assessment

The result of the NASA-TLX workload assessment is shown in Table 3.5, which

presents the individual results for both study conditions A (with MR guidance) and

B (without MR guidance), as well as the mean workload values for each workload

component. Even though the results are similar for Conditions A and B, the mean

values are slightly better for Condition A, which indicates that MR guidance has

a generally positive impact on novice users in terms of finding the three standard

planes without prior obstetric US experience. Figure 3.10 shows the workload dis-

tribution generated from the data depicted in Table 3.5 which visually confirms the

slightly better results for condition A.

In terms of individual workload components, notably lower values were ob-

served in all components under Condition A, expect for Performance. This com-

ponent is interpreted in reverse (i.e., lower scores indicate better perceived task

accomplishment) and showed a slightly higher mean in Condition A than in Con-

dition B (44 vs. 42). The slightly lower perceived performance in Condition A

may be attributed to participant’s unfamiliarity with the MR setup. Nonetheless, the

consistently lower scores in the remaining components under Condition A suggest
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Figure 3.10: NASA-TLX workload assessment result, represented as a box and whisker
chart, grouped into the two experimental conditions A = with MR guidance
and B = without MR guidance.

that MR guidance has the potential to improve perceived workload in this training

scenario.

3.4.2 Product Assessment

In addition to the workload assessment presented in Section 3.4.1, a product

assessment was conducted to evaluate participant’s subjective experience with

the CAL-Tutor system. Each participant rated six product-related character-

stics—Attractiveness, Perspicuity, Efficiency, Dependability, Stimulation, and Nov-

elty—using a 7-point Likert scale, ranging from −3 (completely disagree) to +3

(completely agree). For each product scale, the average score per participant was

calculated by averaging their responses across all items associated with that scale.

The resulting individual means were then aggregated to calculate the group mean

score, standard deviation (STD), and 95% confidence intervals separately for Con-

ditions A (with MR guidance) and B (without MR guidance).

The 95% confidence interval (CI) was calculated for each scale using the for-

mula:

CI = x̄± t · s√
n
,

where x̄ is the sample mean, s is the sample standard deviation, n is the number

of participants (here, n = 6), and t is the critical value from the t-distribution (for
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Table 3.6: Individual product assessment result of all six study participants in two condi-
tions: with MR guidance (A) and Without MR guidance (B). CI = Confidence
Interval.

Scale Condition Mean STD N 95% CI ± 95% CI (Lower) 95% CI (Upper)

Attractiveness A 2.00 0.85 6 0.68 1.32 2.68
B 0.47 0.68 6 0.54 −0.07 1.02

Perspicuity A 1.79 0.86 6 0.69 1.11 2.48
B −0.42 1.37 6 1.09 −1.51 0.68

Efficiency A 1.88 0.59 6 0.47 1.41 2.34
B 0.29 0.95 6 0.76 −0.47 1.06

Dependability A 1.71 0.87 6 0.70 1.01 2.41
B 0.50 1.00 6 0.80 −0.30 1.30

Stimulation A 2.13 0.68 6 0.55 1.58 2.67
B 0.96 0.89 6 0.71 0.25 1.67

Novelty A 2.21 0.25 6 0.20 2.01 2.41
B −0.13 2.08 6 1.66 −1.79 1.54

degrees of freedom d f = n− 1 = 5, critical t-value t0.975 ≈ 2.571). The last three

columns in Table 3.6 represent: (i) 95% CI ± – the margin of error from the mean

(i.e., t · s√
n ), (ii) 95% CI (Lower) – the lower bound of the confidence interval

(x̄−CI); and 95% CI (Upper) – the upper bound of the confidence interval (x̄+CI).

As shown in Table 3.6 and the box-and-whisker plot in Figure 3.11, mean

scores were higher with MR guidance (Condition A) on four of the six product

scales. For “Dependability” and “Stimulation”, the 95% confidence intervals over-

lapped, so no clear preference can be concluded. Given the small sample size

(n = 6), no statistical differences can be inferred. Nevertheless, the pattern of

higher means suggests that participants tended to evaluate CAL-Tutor more pos-

itively when MR guidance was provided.

3.4.3 HoloLens 2 User Motion Data

Even though an in-depth evaluation of the HoloLens 2 user motion data was beyond

the scope of this study, Figure 3.12 presents an example of how such data could be

used to further analyse user behaviour. Among all the types of user motion data

recorded by the HoloLens 2, eye gaze was selected to demonstrate the potential

value of such evaluations. Since clinicians must divide their visual attention be-

tween the US screen and the patient’s (mother and fetal) anatomy, analysing visual

attention is particularly relevant for assessing user behavior in this context.

The visual attention profiles of the study participants during the three MR
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Figure 3.11: Product assessment result, represented by the comparison of scale means: the
chart shows the scale means and corresponding 95% confidence intervals.
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(a) Head standard plane (b) Abdomen standard plane (c) Femur standard plane

Figure 3.12: Visual attention profiles of study participants during standard plane naviga-
tion: Amount of time (in %) spent looking at specific game objects during
navigation to the three standard planes, namely (a) head, (b) abdomen; and
(c) femur.

guided standard plane navigation tasks are presented as box and whisker plots,

showing the distribution of time spent looking at specific objects. Despite the small

population size, some observations can be made: navigation to the head standard

plane appears to require the least amount of time users had to look at the real US

screen to find the location of the standard plane (Figure 3.12a). On the other hand,

during navigation to the abdomen and femur standard planes, users spend more time

looking at the US screen than looking at the actual 3D virtual standard plane (Fig-

ure 3.12b,c). With respect to the 3D virtual menu, the head standard plane shows the

highest variation in time spent looking at it (Figure 3.12a). This could suggest that
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some users initially needed time to familiarise themselves with the menu interface,

requiring less interaction in subsequent tasks. The smallest variation in attention

to the instruction card occured during the abdomen standard plane task. This may

imply that users found this plane easier to understand or identify, requiring less

introductory guidance

Although the sample size is too small to draw statistically significant conclu-

sions, these observations highlight the potential of eye gaze data to reveal meaning-

ful user behaviour patterns. Such insights could contribute to refining future MR

training systems and improving user experience. In particular, they may influence

interface design choices, help identify cognitive bottlenecks during complex spatial

tasks, or support adaptive feedback mechanisms—that is, systems that are able to

respond dynamically to the user’s behavior, such as offering 3D virtual real-time

guidance or prompts when a user appears confused, distracted, or fixated on irrele-

vant areas.

3.5 Discussion

The current implementation of CAL-Tutor presents several technical limitations that

influence both the usability and effectiveness of the system. These limitations affect

multiple areas, including the accuracy of US probe tracking, the reliability of phan-

tom model registration, and user interaction. Identifying and addressing these issues

is critical to improving the training experience and developing future iterations of

the system with improved performance and broader applicability.

HoloLensARToolkit provides a simple and convenient tracking method us-

ing the front-facing camera of the HoloLens 2 [166]. While this was sufficient

to demonstrate the probe tracking, the accuracy of this single camera tracking could

be improved. Tracking only works when the user is looking directly at the probe.

Furthermore, the processing on the HoloLens leads to some latency and the probe

must be moved relatively slowly to maintain tracking. Improved tracking emerged

as a common suggestion made by the study participants.

One potential way to improve the range and accurcy of marker tracking is to
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use all HoloLens sensor cameras in research mode9 which enables access to raw

sensor streams that are typically unavailable in standard application mode. Using

multiple cameras could enhance tracking range and robustness under challenging

conditions such as occlusion, but it would require careful alignment of the cameras,

which is challenging due to their differing view ranges.

In an initial attempt to investigate the use of external trackers for the assessment

and comparison of vision-based tracking methods, the NDI Aurora electromagnetic

tracker was incorporated into the data collection. However, no further investigation,

and this remains an area for future work. While the Aurora could be used as the

main tracking device, the convenience of visual tracking offers broader applicability

and therefore remains one of the primary focuses of this thesis.

The current manual alignment of the obstetrics phantom model to its physical

counterpart is labour-intensive, prone to human error and should be automated in

future versions. Registration using larger ArUco markers and HoloLensARToolkit

tracking gave acceptable results, but some inaccuracies remain. Many users also

noted perceptual inaccuracies when using the HoloLens. Manual post-registration

alignment of 3D virtual content may help overcome some of these issues by allow-

ing users to adjust the model to their own satisfaction.

3.6 Conclusions and Future Work
This chapter presented an MR system that addresses an area that remains underex-

plored to date: AR-assisted training in obstetric sonography. CAL-Tutor aims to

provide a sonography experience that is as close as possible to conventional fetal

US training by allowing trainees to use conventional hardware such as the Voluson

E10 US scanner and a SPACE FAN-ST phantom, while leveraging MR technology

via a commercially available OST-HMD. CAL-Tutor is tailored to standard plane

navigation tasks, in which novice users must navigate the US probe towards pre-

defined targets located on the fetal anatomy. Initial feedback from six engineers

showed that these novice users found that the MR guidance improved many aspects

9https://learn.microsoft.com/en-us/windows/mixed-reality/
develop/advanced-concepts/research-mode, accessed on 26 May 2025.

https://learn.microsoft.com/en-us/windows/mixed-reality/develop/advanced-concepts/research-mode
https://learn.microsoft.com/en-us/windows/mixed-reality/develop/advanced-concepts/research-mode
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of system interaction, such as efficiency, clarity and stimulation. This platform also

records user motion data, provides interesting insights into user behaviour that could

be further analysed, such as distinguishing novice from expert user motion.

Given its reliance on commercially and publicly available hardware and soft-

ware frameworks, CAL-Tutor has the potential to support US education in regions

with limited resources, where conventional training may not be readily accessible.

Another important consideration is access to US scanners. While the Voluson E10 is

commonly used in clinical practice, more affordable alternatives—such as portable

wireless devices like the Clarius mobile scanner (Clarius Mobile Health Corp., Van-

couver, Canada)—could be explored to increase feasibility in low-resource settings.

Future adaptations of CAL-Tutor could be tailored specifically for integration with

such portable US platforms to increase accessibility and ease of deployment.

While most research in the field of assistive technology for US standard plane

acquisition focuses on DL-based methods for automated probe guidance during

clinical procedures, CAL-Tutor offers an MR-based solution aimed at enhancing

clinicians’ spatial perception and hand–eye coordination during training. Neverthe-

less, the integration of DL networks to further support MR guidance toward stan-

dard planes could be explored in future iterations of CAL-Tutor. Live streaming of

US imaging content onto the 3D virtual US plane that is placed at the ray-emitting

part of the transducer is currently not supported. Instead, the virtual US plane dis-

plays a fixed sample US image. Although it is assumed that a live stream would

render the US too small for users to recognise relevant details, future iterations of

CAL-Tutor could explore this functionality as a potential enhancement. However,

a potential limitation is that the US content may not remain continuously visible,

depending on the orientation of the probe and how the US plane intersects with the

3D virtual baby model.

The technical limitations discussed in Section 3.5 should be addressed in fu-

ture iterations of CAL-Tutor. In particular, the accuracy and robustness of US probe

tracking proved critical to the system’s overall usability and the 3D virtual overlay-

guided probe navigation. These challenges led to a broader reconsideration of the
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tracking approach used in this thesis, ultimately leading to the exploration of mark-

erless alternatives discussed in the following subsection.

3.6.1 Shift in Research Focus due to Challenges in Tracking Ac-

curacy

The challenges related to marker-based tracking of the US probe, as discussed in

Subsection 3.5, led to a shift in research focus toward a markerless tracking ap-

proach. The absence of physical markers, such as ArUco markers and other fidu-

cial systems, simplifies the clinical setup by eliminating the need for additional

hardware, but introduces new software-side challenges. While marker-based solu-

tions usually benefit from available tracking software, markerless tracking alterna-

tives rely on DL models that estimate the 3D pose of the object to be tracked in

each video frame. When exploring markerless 3D pose estimation solutions for a

hand-held tool, it also makes sense to add simultaneous 3D hand pose estimation,

since the tool and the object are connected during a grasping motion. The CAL-

Tutor application already records the 3D pose of the hand palm and wrist, since the

HoloLens 2 comes with built-in markerless 3D hand pose estimation and tracking.

This built-in tracking is based on depth camera that operates in high-frequency near-

depth sensing mode, called AHAT (Articulated HAnd Tracking)10, but also subject

to the camera’s limited field of view which limits the tracking range of the hand. In

addition, grasping a hand-held leads to partial occlusion of the hand, which hinders

the built-in hand tracking. Furthermore, HoloLens 2 hand tracking tends to strug-

gle with small hand gestures and rapid movements. Additionally, limited on-device

computational resources can cause delays in gesture detection and processing.

Limitations of the HoloLens 2’s built-in hand tracking, along with the mo-

tivation to remain independent of its camera hardware, led to the exploration of

solutions for markerless 3D hand pose estimation, alongside 3D ultrasound probe

pose estimation. Therefore, markerless simultaneous 3D hand and tool pose esti-

mation—based on DL models—was explored as a potential solution. Such models,

10https://learn.microsoft.com/en-us/windows/mixed-reality/
develop/advanced-concepts/research-mode, accessed on 13 September 2024

https://learn.microsoft.com/en-us/windows/mixed-reality/develop/advanced-concepts/research-mode
https://learn.microsoft.com/en-us/windows/mixed-reality/develop/advanced-concepts/research-mode
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on the other hand, require a sufficiently large amount of training data, in this case

labeled images with the respective 3D pose of the object as ground truth. Creating

such a dataset can be challenging. The next chapter examines the possibilities of

egocentric 3D hand and probe pose estimation for this application, with a particular

focus on the generation of a training dataset.



Chapter 4

HUP-3D: A 3D Multi-View Synthetic

Dataset for Assisted-Egocentric

Hand-Ultrasound-Probe Pose

Estimation

4.1 Introduction and Background

This chapter presents a novel approach for markerless 3D hand and US probe pose

estimation, developed to address the limitations of marker-based tracking methods

in medical MR applications. The focus is on enhancing egocentric tracking per-

formance, particularly in the context of obstetric US training, where accurate and

real-time hand–tool interaction data is critical for effective user guidance and sys-

tem feedback. The chapter begins by outlining the motivation for moving beyond

traditional marker-based tracking systems, followed by background context and a

description of the synthetic dataset generation process and evaluation pipeline.

The content of this chapter is based on the author’s peer-reviewed publica-

tion in the proceedings of MICCAI 2024 [55]. To support reproducibility, the

HUP-3D dataset and accompanying codebase are openly available at https:

//manuelbirlo.github.io/HUP-3D/.

Marker-based tracking systems to determine the 3D position and orientation

https://manuelbirlo.github.io/HUP-3D/
https://manuelbirlo.github.io/HUP-3D/
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of the US probe, such as the AruCo code tracking used in the CAL-Tutor system

(described in Chapter 3) suffer from key limitations: they rely on external hard-

ware, require precise calibration, and are sensitive to occlusion and line-of-sight

disruptions [240, 241]. These challenges motivated a shift (Section 3.6.1) toward

markerless tracking in OST-HMD-assisted environments. This shift enables the use

of video- and DL-based techniques to estimate hand and tool pose, broadening clin-

ical applications beyond probe tracking. For example, marker-free, video-based

tracking has been explored in posture tracking of surgical hands and tools [242],

motion analysis of surgical instruments [243], and skill evaluation in robot-assisted

surgery [244]. For obstetric US in particular, markerless methods offer significant

advantages by eliminating the requirement to use additional tracking hardware. This

reduces system complexity, lowers acquisition and maintenance costs, and simpli-

fies deployment across different clinical environments, making such markerless so-

lutions inherently more scalable and easier to integrate into existing workflows.

While existing systems for US probe guidance have relied on physical motion

sensors [232], newer efforts have shifted toward egocentric vision-based tracking

with MR headsets such as the Microsoft HoloLens 2 [245]. Estimating not only the

probe pose but also the detailed 3D hand pose can unlock further potential innova-

tions in clinical training:

1. Refined training feedback: Analysis of grip position, wrist alignment, and

hand stability provides targeted feedback for improving probe control.

2. Contextual understanding of motion: Hand posture informs interpretation

of probe motion patterns, enabling more effective movement guidance.

3. Ergonomic optimisation: Feedback on hand posture may help reduce fa-

tigue or strain-related injuries.

4. Simulation of real-world tasks: Combined observation of hand and tool

pose can better simulate authentic scanning scenarios and support sensorimo-

tor skill development.
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5. Remote mentoring and guidance: Visualising hand and probe movements

may enhance teaching and collaboration, particularly in remote or expert-

novice setups.

In US training, the lack of universally accepted competence metrics [233, 246] lim-

its standardisation. Past attempts to derive objective measures from probe motion,

such as Dromey et al.’s work using electromagnetic sensors [246], require attaching

hardware to the probe. In contrast, purely image-based methods offer a marker-free

pathway toward such measures.

4.1.1 Technical Foundations of Markerless Pose Estimation

Markerless 3D pose estimation refers to the process of estimating an object’s 3D po-

sition and orientation directly from image data, without relying on physical markers

such as fiducial tags or optical spheres. Instead, DL and computer vision techniques

infer pose from RGB [247], depth [248], or RGB-D [249, 250] data. Most egocen-

tric hand-tool pose estimation methods rely on RGB only [251, 240, 252, 241],

especially in OST-HMD setups like the HoloLens 2, where RGB-D alignment is

difficult due to different sensor fields of view (FOVs) and calibration needs [253].

The process of estimating the 3D coordinates of the hand and an interacting

object typically involves a sequence of computational steps, as outlined below [51]:

1. Detection of Region of interest: Based on a single RGB image capturing a

hand interacting with an object, the region within the image containing the

hand-object interaction is identified and marked via a bounding box. Usually

a CNN [254]-based approach is used to identify the region of interest [255].

2. 2D Keypoint Estimation: The part of the input RGB image within the de-

tected bounding box serves as an input for a CNN to predict the keypoints

(2D coordinates) for the hand joints and object bounding box corners.

3. Regression of 3D Hand and Object Pose: An end-to-end differentiable neu-

ral network [254] is used to regress from the predicted 2D keypoints to the

corresponding 3D coordinates.
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4. Refinement of 3D Hand and Object Pose: By incorporating physical con-

straints between the hand and grasping object during hand-object interaction

[251], the identified 3D hand and object pose gets further refined to ensure

plausible grasp poses.

4.1.2 Synthetic Data Generation for Training Generative Pose

Estimation Models

Such 3D pose estimation methods fall under supervised ML, meaning the entire

pose estimation pipeline requires training on labeled RGB images. In this context,

labeling involves providing each RGB training image with metadata that contains

the ground-truth 3D poses of the hand and object. Ground-truth labeling can be

achieved either through physical sensors attached to the hand and objects, cap-

turing precise pose data, via manual annotation or through automated ML-based

annotation techniques that infer 3D ground-truth directly from RGB images, as

demonstrated by Hampali et al. [256]. Alternatively, synthetic RGB image gen-

eration methods can produce labeled datasets computationally [251, 240, 241, 257],

avoiding the need for manual or sensor-based ground truth annotation. Since syn-

thetic RGB images are generated from known 3D models of the hand and object,

ground-truth annotations (3D poses) can be automatically and accurately generated

without manual labeling. Such synthetic data generation often leverages computa-

tionally constructed RGB images depicting interactions between 3D mesh models

of a hand, an object, lighting, and background. Blender1 is a widely used tool for

generating and rendering such hand-object interaction scenes [251, 240, 241, 257].

For hands, a widely used model in the research community is the MANO hand

model [258], which follows the common convention of defining 21 keypoints con-

sisting of joints and fingertips. To obtain 3D mesh models of the graspable objects

a 3D scan of the real object is usually required. One commonly used method in the

research community is structured light scanning, which reconstructs 3D geometry

by projecting a known light pattern onto the object and analysing its deformation.

For example, this method has been used to generate a 3D mesh model of a surgical
1https://www.blender.org/, accessed on 15 March 2025.

https://www.blender.org/
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drill [257]. Alternatively, researchers in markerless 3D hand and object pose es-

timation often utilise pre-existing 3D mesh models instead of scanning real-world

objects. Several publications in non-medical contexts [259, 260, 256] have relied

on available 3D object models, such as mugs, bottles, and tennis balls, from the

Yale-CMU-Berkeley Object and Model Set [261]. Another critical design factor

in dataset creation is viewpoint diversity. Since applications involving OST-HMDs

rely on egocentric perspectives, training data must reflect this viewpoint to ensure

realism and effectiveness, while also covering a diverse range of angles to improve

generalisability.

4.1.3 Challenges and Limitations of Markerless Pose Estimation

While markerless 3D hand and tool pose estimation offers several advantages over

marker-based methods—such as a simplified setup or greater flexibility—it also

presents a several technical challenges. These include issues related to occlusion,

hand articulation, background clutter, data annotation and generation of plausible

synthetic images for the training of DL pose prediction models. The following

paragraphs outline these challenges in more detail, along with visual examples taken

from recent literature.

Mutual occlusion. During close interactions, the hand and tool often obscure each

other, complicating accurate 3D pose estimation [256, 262, 240, 252]. To illustrate

this issue, Fig. 4.1 shows synthetic sample images of surgical hand-tool grasps ex-

hibiting mutual occlusion, along with corresponding hand and tool pose estimations.

While the pose predictions remain relatively accurate, the visual overlap between

the hand and tool underscores the inherent challenge of achieving consistently reli-

able estimations in the presence of occlusion.

High degrees of freedom. Due to the fact that human hands have a high articulation

with more than 20 degrees of freedom several parameters are required to model the

complexity of plausible hand poses [264]. Small errors in estimating individual

hand joints can significantly affect the accuracy and realism of the overall hand

pose [265]. Fig. 4.2 illustrates this challenge of modeling high degrees of freedom

in human hand articulation. All fingers of the hand must have joint angles that,
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Figure 4.1: Selected qualitative results of hand and tool pose estimation on a synthetic sur-
gical dataset. The figure uses 2D reprojections of hand joints and tool bounding
boxes and illustrates mutual occlusion between the hand and tool. Top row:
Synthetic input images with ground truth hand poses and tool bounding boxes.
Bottom row: Reprojections of predicted 3D hand joints and object bounding
boxes using the pose estimation method proposed by [263]. Figure adapted
from Wang et al. [241].

together, form an anatomically plausible pose. Even a single joint in an implausible

position can make the entire hand pose appear unrealistic.

Background clutter. In egocentric views images can contain irrelevant background

information (objects, colors and textures) or visual noise (reflection, lightning vari-

ations etc.) that are not relevant to the hand-tool interaction itself, but may impact

a proper identification of the hand and tool pose [262]. Such background clutter

can make it more difficult to isolate the hand and tool from irrelevant surroundings

within the image. In addition, clutter can distract or confuse ML models, which

negatively affects their accuracy during training and inference. Additional prepro-

cessing like segmentation may be required to distinguish the foreground including

hand and tool from the background. Fig. 4.3 illustrates the challenge of background

clutter in egocentric, visually crowded scenes.

Annotation challenges in real datasets. 3D annotations made by humans are diffi-

cult to obtain given the requirement of a large number of annotated images needed

for model training. This labor-intense work makes it difficult to annotate a suf-
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(a) (b)

Figure 4.2: Illustration of hand articulation with high degrees of freedom. (a) Common
definition of hand joints used for 3D hand pose estimation, with joint names:
Metacarpophalangeal (MCP), Distal interphalangeal (DIP), Proximal interpha-
langeal (PIP), and Carpometacarpal (CMC). (b): Comparision of anatomically
correct (”Good”) and incorrect (”Bad”) hand pose. Despite the anatomically
incorrect pose on the right having all joints except two matching the original
pose on the left side, only two joints that are at implausible angles make the
entire hand pose implausible. Figures reused from Isaac et al. [265]

Figure 4.3: Egocentric images showing hand-object interactions in everyday kitchen sce-
narios from the EPIC-Kitchens dataset [266], illustrating visual background
clutter. Blue dots indicate 2D hand joint annotations, which are part of the
original image but not central to the purpose of this figure. Figure reused from
Prakash et al. [267].

ficient amount of labeled images that would be required to allow the ML-model

to generalise well to unseen images. Besides the scarcity of human annotations,

precision of manual annotation is a limitation since humans cannot label the 3D

ground truth of hand and tool perfectly based on a single image [263]. Instead of

human annotation, physical sensors and optical markers are used to annotate real
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Figure 4.4: RGB-D video sample frames illustrating hand pose ground truth annotation us-
ing sensors. Left: RGB images with hand joint annotations, obtained via mag-
netic sensors strapped to the right hand. Right: Corresponding depth images
showing the captured 3D hand pose. Figure adapted from Garcia-Hernando et
al. [268]

data. Reflective markers can be attached to the tool to obtain its ground truth 3D

pose [257]. To obtain the ground truth hand pose, electromagnetic sensors are used

that are attached to each finger via wires. A sample scenario is shown in Fig. 4.4.

While such physical data recording aids may provide a reliable ground truth they

alter the images since markers and sensors are visible in the images and hence lead

to an unwanted bias for ML-based pose prediction methods [259]. Another method

to obtain ground truth is to record the hand and tool from multiple RGB-D cameras

and generate a 3D point cloud. Ground truth annotation can then be obtained via

a combination of manual and automated registration of 3D vertices of the tool and

hand model [240]. Using multiple RGB-D cameras for capturing and annotating

ground truth data introduces several challenges, including high equipment costs,

complexity in camera calibration and synchronisation, missing data in scenarios of

occlusion between hand and tool, labor-intensive and time-consuming manual an-

notation efforts, potential inaccuracies from algorithms aligning 3D models with

point clouds, and scalability issues when creating large annotated datasets due to

significant manual involvement.
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Generation of plausible synthetic training data. Due to the aforementioned chal-

lenges of ground truth annotation in real training image data, recent efforts in the

research community resulted in the generation of synthetic datasets [251, 240, 241,

257]. Despite the benefits of synthetic data over real data, such as implicit 3D

model-based ground truth annotations, a major challenge is generating plausible

hand grasp poses. Depending on the object to be grasped, plausible hand positions,

orientations, and finger configurations vary, requiring suitable methods to generate

realistic grasps. One approach that has been explored is the use of a software-based

robotic grasping simulator to generate plausible grasps for everyday objects [251]

and a battery-powered surgical drill [240]. Instead of a robotic gripper or robotic

hand, the MANO hand model was used. However, its dexterity is limited in the sim-

ulator environment, as it follows a rigid robotic motion process. As a result, such

simulation tools are constrained to graspable objects that require standard full-hand

grasps at predefined positions, as is the case with a surgical drill or some everyday

objects like a smartphone. Fig. 4.5 shows sample synthetic images of hand-object

interactions involving everyday objects, where the grasp poses were generated us-

ing a robotic grasping simulator. While the grasps appear somewhat plausible, the

hand poses are limited to robot-like, full-hand grasps and lack the full dexterity of

a human hand.

Hand-held objects that allow for a greater variety of plausible grasp configura-

tions pose a challenge for robotic grasping simulators, as will be explored in Chap-

ter 4. One approach to generating plausible hand grasp poses is using generative ML

models such as GrabNet [269] or Contact2Grasp [270], which take 3D models of

the MANO hand and the object as input and predict plausible grasp poses based on

automatically inferred object contact regions. Such models were also used to find

plausible hand grasp poses for surgical tools like a scalpel [241]. The challenge,

however, in using such generative models lies in the significant number of training

iterations required with various graspable object models. One practical solution is

to use a model that was pre-trained on everyday household objects [271, 272, 269],

and to integrate it into a custom grasp rendering pipeline for specific objects and
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Figure 4.5: Sample images from a synthetic hand-object dataset, illustrating the challenge
of generating plausible hand grasps. Figure adapted from Hasson et al. [251]

environments, such as a surgical setting in an operating theatre [241].

Another solution is to fine-tune such generative models with custom domain-

specific annotated data in order to improve the model’s capability to generalise to

such newly introduced graspable objects. Such fine-tuning, however, could be chal-

lenging due to the need for additional labor-intensive contact region annotations

between the MANO hand model and the newly introduced object models, complex

hyperparameter tuning, and the risk of overfitting if too few new graspable objects

are introduced.

These challenges and limitations naturally arise from the inherent complexity

of advanced computer vision and ML methods, particularly when applied to dy-

namic, real-world tasks such as 3D hand and tool pose estimation. The variability

in hand poses, occlusions during interactions, and the need for accurate annotations

present significant hurdles for robust ML model development. Overcoming these

challenges requires innovative approaches to data generation, model training, and

evaluation.

4.1.4 Contributions

In response to the aforementioned challenges of markerless pose estimation, this

chapter introduces a proposed solution—HUP-3D—which addresses issues such as
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viewpoint diversity and other key limitations inherent to markerless 3D hand and

tool pose estimation. The contributions of this chapter and the associated HUP-3D

project are as follows:

1. A scalable synthetic multi-modal (RGB-D, segmentation maps) image gen-

eration pipeline capable of producing diverse hand-US-probe grasp frames

without requiring real-world data collection.

2. A novel sphere-based multi-view camera placement strategy that combines

egocentric and non-egocentric perspectives for better generalisation.

3. The creation of the HUP-3D dataset2: a large, diverse, synthetic dataset con-

sisting of over 31,000 images for joint 3D hand and tool pose estimation, fea-

turing the VolusonTM C1-5-D US probe, varied hand poses, textures, lighting,

and camera angles.

4. Empirical demonstration of low 3D pose estimation errors (8.65 mm MPJPE)

using a state-of-the-art model (HOPE-Net [273]) trained on the dataset.

A fundamental goal of these contributions was to develop methods that are highly

reproducible and scalable, thereby providing added value to the research community

and encouraging further research in markerless 3D hand and tool pose estimation.

The code base associated with this chapter is designed to run on a Linux operating

system. To support reproducibility across different host , the GitHub repositories

of the image generation pipeline3 include instructions for running the code within

Docker4 containers. The implementation of the methods underlying these contribu-

tions is described in detail in Section 4.2, followed by the experimental evaluation

of the HUP-3D dataset in Section 4.3.
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Figure 4.6: Grasp Generation and Rendering Pipeline Overview: In the grasp generation
phase (upper part), the process starts with a MANO right hand model set to
an initial pose [γ,θwrist ] and a BPS-encoded [274] point cloud of the Voluson
model ΩVert , oriented by predefined Euler angles ΘVol . These inputs are pro-
cessed by CoarseNet to produce initial hand poses [γ ,θfull pose], which are then
refined by RefineNet using vertex deltas for optimised hand-probe positioning,
following the methodology from [241]. For grasp rendering (lower part), the
final hand pose [γ∗∗,θfull pose], along with model vertices and a SMPL-H body
model, are imported into the rendering software. This stage adjusts probe po-
sitions for z-offset corrections, generates camera viewpoints from a spherical
layout, and renders final images, ensuring only the right hand and arm are vis-
ible, with added textures and backgrounds, to produce RGB-D, segmentation
maps, and annotations.

4.2 Method
This work targets potential applications in medical education, particularly within

obstetric US, while remaining flexible enough to extend to other use cases. The

synthetic image generation pipeline is divided into two main components: grasp

generation and grasp rendering, which are described in the following subsections.

A graphical overview of the complete pipeline is presented in Fig. 4.6. The final

version of the grasp generation method employs a generative model to create re-

2All data in HUP-3D are synthetic. No human subjects were involved. Backgrounds were derived
from anonymised public sources. The dataset poses no known ethical risks.

3The GitHub repositories can be found under the HUP-3D project page https://
manuelbirlo.github.io/HUP-3D/, accessed on 10 June 2025.

4https://www.docker.com/, accessed on 10 June 2025.

https://manuelbirlo.github.io/HUP-3D/
https://manuelbirlo.github.io/HUP-3D/
https://www.docker.com/
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alistic hand-tool interactions. However, the initial approach explored the use of a

robotic grasp simulator, which produced suboptimal results in terms of grasp real-

ism and variation. The limitations observed in this early attempt motivated the shift

toward a generative modeling approach, as discussed in the next Subsection 4.2.1.

This transition highlights the importance of choosing data generation methods that

align closely with the complexity and variability of human hand interaction, partic-

ularly given the unique requirements for plausible grasp poses imposed by handheld

objects.

4.2.1 Initial Grasp Generation Using GraspIt!—Evaluation and

Limitations

The initial core idea of generating grasps was inspired by [251] and [240], namely

using the robotic grasping simulator software GraspIt! [275], which requires a

model of robotic hand or gripper and an object model to be grasped by the robot.

Instead of a robotic end effector, the methods presented in [251] and [240] used a

MANO hand model [276] along with tangible graspable object models. GraspIt! of-

fers a principal component analysis (PCA)-based concept called “Eigengrasp” [277]

to reduce computational complexity when computing robotic hand or gripper pos-

tures. An Eigengrasp can be considered as a low-dimensional representation of

the higher-dimensional vector space of all possible hand movements. While this

method may work well for simpler robot models with lower dexterity, it results in a

restricted joint angle configuration space when used with the MANO hand model.

This reduced dexterity implicitly reduces the variety of plausible hand grasps when

using MANO. An initial attempt was made to generate plausible hand grasps using

the GraspIt! simulator’s graphical user interface. This was later replaced by a more

suitable grasp generation approach based on a generative DL model, as detailed in

Subsection 4.2.2.

For grasping objects that have fewer restrictions in terms of grasp position and

grasp orientation, like a mobile phone or water bottle for example, an automated

grasp finding solution using GraspIt!’s automated grasp finding options becomes

feasible. The GraspIt! simulator offers several configurable automated grasp find-
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ing optimization algorithms that are based on a concept called “Eigengrasp plan-

ning” and were used in [251] for grasping everyday objects from various hand an-

gles. The Eigengrasp planner needs to converge to grasp configurations that rep-

resent valid grasps that meet criteria such as grasp stability and force closure. An

attempt was made to find valid hand grasps using a Voluson™ C1-5-D US probe

model and the Eigengrasp planner. Several optimisation algorithms such as simu-

lated annealing and gradient descent were used, but none of the selected algorithms

converged. Figure 4.7 shows several sample hand configurations during a single

Eigengrasp planner optimisation sequence in which the hand attempts to find valid

grasps. It can be observed that the grasping attempts shown look unnatural due to

the limited dexterity resulting from the Eigengrasp concept in combination with the

shape of the Voluson. The shape of the grasp object and its underlying constraints

on plausible grasp positions and orientations may disqualify the Eigengrasp plan-

ner from finding valid grasps. Instead, the GraspIt! simulator offers the option to

position the hand and grasp object manually via translational and rotational adjust-

ments in the graphical user interface. Once the hand and object are in a grasp-ready

relative position, a so-called auto grasp can be executed that just closes the hand’s

fingers until they touch the grasp object. Hein et al. [240] generated synthetic im-

ages of a hand holding a surgical drill and used the auto-grasp option—rather than

the Eigengrasp planner—because the task required grasps at specific orientations.

The drill’s symmetric, cylindrical handle made auto-grasp effective for generating

plausible candidate grasp poses for manual selection.

Motivated by the results of manual grasp generation presented in [240], the

same approach was applied using the Voluson™ C1-5-D US probe model. How-

ever, it had to be discarded due to several constraints.: Firstly, [240] considered

grasp templates to be valid if they fulfilled Graspit!’s form-closure criterion5. The

combination of MANO hand model and Voluson proved to be rather disadvan-

tageous when it came to finding plausible form-closure grasps. Secondly, even

the manual generation of plausible grasps—without the use of optimisation algo-

5https://graspit-simulator.github.io/build/html/gfo.html

https://graspit-simulator.github.io/build/html/gfo.html
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Figure 4.7: Sample hand grasp configurations of a GraspIt! Eigengrasp planner hand mo-
tion sequence using models of a MANO right hand and a Voluson™ C1-5-D
US probe. The red lines shown perpendicular to each finger joint facilitate vi-
sual confirmation of the relative finger joint configuration. Red areas between
the hand and the probe denote contact areas. Due to higher dexterity of MANO
hand model and reducted dexterity of GraspIt!’s Eigengrasp concept, none of
the simulator’s available algorithms converges to stable and plausible grasps.

Figure 4.8: Sample manual auto grasp using GraspIt!, a MANO right hand model and a
previously used 3D-reconstructed model of a Voluson™ C1-5-D US probe:
(a)-(b): Initial manual hand pose before GraspIt! auto grasp (“Eigengrasp”),
viewed from two different angles. (c): Suboptimal hand pose after GraspIt!
auto grasp.

rithms—proved difficult after deactivating the form-closure criterion. This was pri-

marily due to restricted dexterity when using the “auto grasp” option, which often

resulted in unnatural grasp configurations. Figure 4.8 shows a manual sample grasp

using the Voluson probe, before auto grasp (Fig. 4.8 (a)-(b) and after auto grasp

(Fig. 4.8 (c))). The sample grasp shown in Fig. 4.8(c) illustrates a common issue
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observed across multiple manual grasp attempts: The grasp doesn’t look plausible

and also doesn’t fulfill the form closure constraint. Therefore, an alternative grasp

generation method was found by using a generative DL model, which is detailed in

the following subsection 4.2.2.

4.2.2 Grasp Generation Using a Generative Model

To achieve automated annotation, a strategy focused on generating synthetic grasp

images was adopted, avoiding the complexities associated with annotating real im-

ages. This approach allowed for a clear and manageable rendering workflow to be

maintained. The underlying motivation in pursuing a purely synthetic image gen-

eration approach is to explore the possibility of creating a sufficiently large variety

of training images to allow generalisability to real images for joint 3D hand and

tool pose prediction. An initial feasibility study incorporated the use of a robotic

grasping tool [275], which proved to be error-prone in this application and failed

to produce a sufficiently large variety of plausible hand grasps due to limitations

in hand dexterity. The generative model proposed in [269] for joint 3D grasp gen-

eration was subsequently adapted to a more clinical scenario. The proposed grasp

generation process employs two sequential networks based on the MANO hand

model [258]: an encoder-decoder network that generates initial coarse hand poses

and a subsequent neural network dedicated to fine-tuning these poses, specifically

enhancing accuracy in hand-tool interaction regions. The encoder, which samples

from a normal distributed 16-dimensional latent space, requires encoded point cloud

representations [274] of the probe model (ΩBPS), together with the MANO right-

hand model’s initial translation γ ∈ R3 and hand wrist orientation θwrist ∈ R3. De-

fined Euler angles ΘVol for probe meshes ΩBPS were used for precise grasp pose

control. Originally, the model described in [269] was trained with ordinary objects

(like mugs, cameras etc.). However, its capability was extended to include the Vo-

luson US probe. The decoder outputs an initial hand pose [γ ,θ f ull pose], which is

subsequently refined through a neural network utilising the vertices of the probe

model ΩVert and the vertex distances ∆hand
ob j between hand and probe. This refined

pose, expressed as Ψ := [γ∗∗,θ f ull pose], forms the foundation for our grasp render-
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(a) (b)

Figure 4.9: (a) Schematic grasp conversion from generative model to rendering soft-
ware, including probe offset (∆z) correction. (b) Grasp rendering overview:
(1) SMPL-H body model grasping the probe, showing egocentric and non-
egocentric views. (2) Right arm and sphere-based camera orientations with
remaining SMPL-H body parts hidden. (3) Camera angle sphere concept with
views at various latitudes, centered on hand mesh; defines sphere (rsphr) and
circle (rcirc) radii. (4) Rendered hand-probe scene example from a sphere cam-
era position.

ing approach detailed in Sec. 4.2.3.

4.2.3 Grasp Rendering

Using Blender, an open source 3D graphics software [278] for grasp rendering,

as demonstrated in [251, 240], the rendering pipeline was tailored to accommodate

the grasp poses Ψ produced by the generative model outlined in Sec. 4.2.2. Ad-

ditionally, this rendering approach incorporates an SMPL-H body model [276], a

MANO right hand model MVert , and the probe model’s vertex data ΩVert . The grasp

rendering pipeline can be seen in the lower part of Fig. 4.6. A short calibration step

is required to reconcile the probe mesh used during grasp generation with the mesh

used for rendering. Grasp synthesis assumes a probe coordinate frame with the

origin located at the physical reference point (the probe’s transducer face) and the

probe axis aligned with +z. In the grasp renderer, however, the probe is placed at

the world origin. Applying the synthesised hand pose Ψ directly can therefore pro-

duce a shift of the hand along the probe axis. To compensate for this axial shift, the

offset ∆z along the positive z-axis between the mesh origin and the reference point

5https://www.meshlab.net/

https://www.meshlab.net/
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along +z was calculated through polygon offset analysis (calculating the polygon

differences in a simple Python script). Consequently, the probe’s translation off-

set is adjusted by γ∆
ω = γω +(0,0,−∆z). Fig. 4.9(a) illustrates this correction. To

enhance the diversity of camera perspectives, the approach was transitioned from

a purely egocentric viewpoint strategy to the sphere-based methodology described

in Camera view-angle sphere concept and illustrated in Figs. 4.6 and 4.9(b). This

provides challenging examples such as mutual occlusions between hands and tools,

improving the generalisability of the resulting pose estimation model.

For each grasp produced by the grasp generation module, a synthetic image

is generated for every camera view angle Θk ∈ {Θ1, . . . ,ΘN}, covering N positions

around the sphere. Each image was rendered at two sphere radii, rsph ∈ {0.5,0.8}m,

i.e., the egocentric camera distance (eye–to–hand distance) typical of US scanning.

The rendering scene setup includes two shades of clinical gloves, randomised scene

lighting, and eight backgrounds—(i) a lab with a SPACE FAN-ST US fetus model6,

(ii) consultation rooms, (iii) a white background, and (iv) real abdomens of preg-

nant women—sampled at random for each render. The rendering model outputs

a comprehensive set of images for each grasp, including RGB-D and segmenta-

tion maps, as well as ground truth annotations. Sample frames from the HUP-3D

dataset are shown in Fig. 4.10. A detailed overview of the parameters used in the

grasp generation and rendering pipeline is provided in Section B.2 of Appendix B.

Camera view-angle sphere concept. The proposed methodology diverges from

traditional egocentric viewpoints by implementing a sphere-based camera view

setup to capture both egocentric and non-egocentric images, enhancing dataset

diversity. This method, inspired by [279], involves distributing camera positions

around a sphere, creating a varied perspective landscape around the right hand. The

sphere is divided into horizontal segments, determined by latitude angles, to evenly

distribute viewpoints. Specifically, the number of latitude segments Nφ and circles

6https://www.kyotokagaku.com/en/products_data/us-7_en/

https://www.kyotokagaku.com/en/products_data/us-7_en/
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Figure 4.10: Sample frames from the HUP-3D dataset, grouped columnwise, from left to
right: RGB, depth, segmentation map, and ground truth annotations.

per segment N(i)
circ are calculated to ensure comprehensive coverage:

Nφ =

 π

2arcsin
(

rcirc
rsph

)
 , N(i)

circ =

⌊
πrsph sin(θi)

rcirc

⌋
, i ∈ {1,2, . . . ,Nφ} (4.1)

The division of the sphere into latitude floors was chosen to control camera place-

ment and minimise frame redundancy, rather than to achieve perfect circle unifor-

mity. The number of circles is determined in relation to the sphere’s radius rsph

and the circle’s radius rcirc. The circles are placed sinusoidally from the top to the

bottom of the sphere. For each segment i and each circle j within, camera locations

are defined by their spherical coordinates (θi,φ
(i)
j ), ensuring a near-uniform spread

of angles:

(θi,φ
(i)
j ) with φ

(i)
j = j · 2π

N(i)
circ

, j ∈ {0,1, . . . ,N(i)
circ−1} (4.2)

This structured approach facilitates the generation of camera angles Θk, utilized

in our subsequent rendering process. Figs. 4.6 and 4.9b visually demonstrate this

concept, showcasing the strategic camera placement and the diverse grasp views it

enables. A more detailed explanation of the camera sphere parameters is provided

in Section B.1 of Appendix B.
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Dataset # frames
Source

(Real/ Synth)
Viewpoints

(Single/Multi/Ego) Annotations Modalities
Clinical

(no. of tools)
HO-3D [256] 77.5k Real Single automatic RGB -
ObMan [251] 153k Synth Multi automatic RGB-DS -

ContactPose [280] 2.9M Real Multi semi-automatic RGB-D -
Hein et al. [240] 10.5k Synth Ego automatic RGB-DS 1

POV-Surgery [241] 88k Synth Ego automatic RGB-DS 3
HUP-3D (ours) 31680 Synth Multi automatic RGB-DS 1

Table 4.1: Dataset comparison: HUP-3D outstands as the first multi-view 3D hand-
(clinical)object dataset.

Dataset comparison. Table 4.1 lists the top clinical and non-clinical datasets, to-

gether with their properties. HUP-3D is the largest multi-view dataset for clinical

applications, presenting three modalities—RGB, depth, and segmentation (RGB-

DS)—across multiple viewpoints. This makes it particularly well suited for training

and evaluating pose estimation models that must generalise across varied perspec-

tives and visual conditions. Only POV-Surgery [241] contains a higher total number

(88k), but with less samples per tool (29k)7 and just first-person view. In contrast,

HUP-3D offers a broader range of perspectives and a more comprehensive tool-

specific sample distribution. On a more general note, HUP-3D is the only publicly

available synthetic dataset specifically tailored to obstetric sonography, featuring

realistic right-hand grasps of an US probe. This unique clinical relevance, com-

bined with the dataset’s structured generation pipeline and automated annotations,

makes HUP-3D a valuable resource for advancing markerless hand-tool interaction

research in medical training and simulation contexts.

Only POV-Surgery [241] contains a higher number, but with less samples per

tool (29k) and just first-person view. On a more general note, HUP-3D is the only

publicly available synthetic dataset specifically tailored to obstetric sonography, fea-

turing right-hand grasps of an US probe.

Noise characteristics. An additional aspect when comparing the datasets in Table

4.1 is whether image/depth noise was generated to increase realism. HO-3D [256]

consists of real RGB images without any additional noise. However, the author’s

image capture and annotation pipeline used RGB-D cameras and a depth residual

term to account for the noise in the captured depth maps during optimisation. Ob-

788k across three clinical tools, i.e., approximately 29k per tool.
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Man [251], on which HUP-3D is based, is a fully synthetic dataset. The authors

render RGB, depth and segmentation maps directly from Blender without introduc-

ing any additional noise into the image rendering pipeline. Hein et al. [240], also

based on ObMan, is another fully synthetic dataset. However, unlike HUP-3D and

ObMan, they randomise the egocentric camera pose by adding uniformly sampled

noise to the hand and head positions of the 3D scene. ContactPose [280] consists

of real RGB-D recordings and may therefore contain natural sensor noise; how-

ever, the authors do not mention noise characteristics. POV-Surgery [241] renders

clean RGB, depth and segmentation maps without additional noise. Like ObMan,

HUP-3D does not introduce additional noise during image rendering and attemps

to increase image diversity through the aforementioned camera view-angle sphere

concept and random variations in background image and lighting conditions.

4.3 Experiment: Pose Estimation Evaluation
To demonstrate the utility of the proposed HUP-3D dataset, a state-of-the-art DL

model—originally designed for datasets such as HO-3D [256]—was deployed. As

mentioned earlier, the dataset consists of 31,680 image sets from 11 realistic hand-

object grasps. In a supervised learning setting, the data were split into seven grasps

for training (20,160 images), two for validation, and two for testing (5,760 images).

This will ensure the generalisability of the tested DL model. Table 4.2 lists the

hyperparameters that were used to train HOPE-Net on HUP-3D.

Hyperparameter Value
Batch size 64

Initial learning rate 1×10−3

Learning rate decay step 10

Learning rate decay factor 0.95

Total training iterations 1000

Table 4.2: HOPE-Net training hyperparameters.

There have been extensive DL methods proposed for 3D hand-object pose es-

timation in the computer vision community. One of these competitive baselines is
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HOPE-Net [273], originally tested on real data. HOPE-Net extends the capabil-

ities of residual CNNs [281] with an adaptive Graph U-Net module [282]. This

module manages to reduce the highly non-linear regression of the 3D hand and

object coordinates. HOPE-NET’s Adaptive Graph U-Net is based on the Graph U-

Net [283] model, which considers images as special cases of graphs with nodes on

pixel-based 2D grids. The underlying assumption of Graph U-Net is that traditional

pooling and unpooling operations in U-Net-based encoder-decoder architectures are

not well-suited for graph data. To address this, graph pooling and unpooling oper-

ations were proposed, enabling more natural processing of graph-structured data.

Building on this concept, the Adaptive Graph U-Net in HOPE-NET refines these

operations for the specific task of 3D joint hand-object pose estimation. It con-

verts hand and object poses from 2D to 3D through novel and more robust graph

convolution, pooling and unpooling. These improvements enable the HOPE-NET’s

estimator to effectively map RGB images to 3D world coordinates by exploiting the

structured relationships between the hand joints and the object’s boundary corners.

To do this, the mean squared error loss is minimised during training on both 2D and

3D coordinates. The training procedure follows the same configuration as described

in the original HOPE-Net publication [273].

Quantitative evaluation. Once the model was trained, the error in millimeters be-

tween the predicted joints and the ground truth was measured. In the test set, a total

error of 8.65 mm was achieved as Mean Per Joint Position Error (MPJPE), with

5.33 mm coming from the hand and 17.05 mm from the object. Although the value

of 8.65 mm may appear large in absolute terms, it is competitive for monocular,

markerless hand-tool pose estimation. Relative to the size of a hand or US probe,

this corresponds to a small percentage. Most of the error comes from the probe

(17.05 mm) rather than the hand, largely because the hand occludes parts of the

tool, which makes accurate pose estimation more difficult for vision methods. The

quantitative metric above aggregates errors over all hand joints and the probe bound-

ing box. Although per-joint errors were not computed in this work, it is reasonable

to expect higher errors in regions subject to occlusion or self-occlusion—consistent
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with the observation above for the probe. In particular, fingertips are frequently oc-

cluded during hand-probe grasps and are therefore likely to exhibit larger errors than

proximal joints. This expectation aligns with prior analysis in depth-based 3D hand

pose estimation, where fingertips showed higher per-joint errors and occluded joints

yielded the largest errors [284]. The multi-view design of HUP-3D mitigates such

cases by providing diverse viewpoints, but does not eliminate them entirely. The

practical significance of these errors is application-dependent; quantifying them on

real US hand-probe images would require a dedicated study and therefore lies out-

side the scope of this thesis. Under the same evaluation, the testing error of 8.65 mm

is the lowest compared to other clinical data sets such as POV-Surgery [241] (14.35

mm) and Hein et al. [240] (17.02 mm) where even more advanced DL models were

used. This supports the view that a multi-viewpoint dataset improves both hand and

object localisation accuracy. Additionally, a simpler baseline composed solely of

ResNet-50 [281] was tested, where the error was higher at 9.69 mm. Nevertheless,

this still outperforms existing clinical datasets such as POV-Surgery and Hein et al.

A comparison of MPJPE across these methods is presented in Table 4.3.

Table 4.3: Comparison of MPJPE in millimeters for hand, object, and total pose predictions
on clinical egocentric datasets. The proposed method of using the HOPE-Net
model on our HUP-3D dataset achieves the lowest error. The ResNet-50 baseline
represents a simplified architecture, also trained on HUP-3D.

Dataset / Method MPJPE (mm)

Hand Object Total

HUP-3D (HOPE-Net) 5.33 17.05 8.65
HUP-3D (ResNet-50) – – 9.69
POV-Surgery [241] – – 14.35
Hein et al. [240] – – 17.02

Qualitative evaluation. A subset of randomly selected frames from the HUP-3D

test set was used for visual inspection of the model’s predictions. A custom Python

script (not publicly released) was developed to overlay predicted hand keypoints

and bounding boxes around the US probe onto the corresponding RGB images.

These were displayed alongside the ground truth annotations for direct compari-
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son. Figure 4.11 illustrates examples of accurately predicted hand and probe poses,

providing visual confirmation of the model’s effectiveness.

Figure 4.11: Qualitative results, shown with 4 test images from HUP-3D: image columns
from left to right: RGB, predicted hand joints, predicted probe corners, pre-
dicted joints and corners, ground truth of joints and corners

4.4 Discussion
The results of the baseline evaluation in Section 4.3 demonstrate that the proposed

HUP-3D dataset enables effective training of DL models for egocentric 3D hand-

probe pose estimation. Reliable pose prediction was also achieved despite mutual

hand–probe occlusion. The multi-view camera setup that includes non-egocentric

synthetic images besides egocentric ones proved essential for achieving diversity in

hand-probe grasps—crucial for training robust DL models.

In terms of reproducibility and extensibility, the proposed HUP-3D grasp gen-

eration and rendering pipeline—centered around the sphere-based camera view

concept—offers an easy-to-use solution that can be scaled to automatically gener-

ate large volumes of synthetic data. This includes greater diversity in backgrounds,

hand and glove textures, and lighting conditions. The method offers a practical bal-

ance between technical complexity and benefit to the research community, making

it well-suited for broader adoption and future dataset extensions. Some of these ex-

tensions could further increase the variety of the dataset by introducing images of

different hand shapes and left hands.

Synthetic datasets offer the flexibility to generate large volumes of plausible,
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ground-truth-labeled data, but they also come with limitations. The domain gap

between synthetic and real-world images certainly impacts model generalisabil-

ity. One primary aspect of generalisability is hand diversity, which is simulated

through generative grasp synthesis, but the range of plausible grasp types remains

constrained. This is largely because the underlying GrabNet model, used to gener-

ate synthetic hand poses, was trained on everyday handheld objects rather than on

US probes. Moreover, GrabNet may not support full power grasps due to its hand

contact region formulation, which tends to favour grasps characterised by fingertip

and distal/middle phalange contact, rather than full-palm engagement typically seen

in power grasps. Another limitation of GrabNet is its lack of directional controlla-

bility. During inference, the model takes only the wrist translation and rotation as

input, resulting in generated grasps with random hand orientations [285]. Further-

more, GrabNet does not account for full-body constraints, such as those imposed

by surrounding individuals or environmental context [286, 285]. As a result, it can

generate hand–probe grasps with implausible orientations—such as reaching across

or beneath the US probe—scenarios that are physically unfeasible due to the pres-

ence of the pregnant patient during a fetal US scan or because they involve contact

with the transducer area, which is not a typical grasp region. Future iterations of

HUP-3D should explore more advanced grasp generation methods.

Dataset extension and multimodal evaluation. Another important factor for im-

proving generalisability is greater variation in hand grasps using different tools. In

its current form, the HUP-3D dataset includes only a single US probe model, which

limits variation in tool geometry. Including additional probes would help create a

more diverse training set and improve model generalisability to unseen scenarios.

In addition, the experiments in Section 4.3 rely solely on a single modality

(RGB), without fully leveraging the multi-modal nature of HUP-3D. Incorporating a

second modality is expected to enhance both the generalisability and accuracy of the

pose prediction model. Therefore, a dual-modality evaluation using both RGB and

depth data is envisioned. These two directions—a dataset extension incorporating

a second US probe and a comparative single- and dual-modality evaluation—are
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explored in the next chapter, Chapter 5.

4.5 Conclusion and Future Work

HUP-3D has been introduced as a pioneering 3D hand–object multi-view dataset

tailored for modeling hand–US probe interactions in obstetric scenarios. It is de-

signed to support research in clinical movement analysis using egocentric camera

views and MR applications. The dataset generation pipeline combines a versatile

grasp synthesis model with an automated rendering process, demonstrating the ben-

efits of a multi-view camera sphere setup. A baseline model evaluation confirmed

its effectiveness, even in the presence of significant hand–probe occlusions. While

the presented dataset is fully synthetic, future iterations may incorporate real im-

ages to increase image diversity. Annotating such real images could be achieved

via automatic ground truth generation methods, such as the approach presented by

Hampali et al. [256], thereby avoiding labor-intensive and error-prone manual an-

notations using markers, additional cameras, or sensors.

The GrabNet-based grasp synthesis method produced plausible grasp poses,

but also revealed limitations regarding grasp orientation, position, and contact sur-

faces, as discussed in Section 4.4. Using an US probe as a graspable object intro-

duces additional constraints that are not captured by models pre-trained on every-

day handheld objects. Future work could explore more advanced grasp generation

approaches that better reflect the unique characteristics of clinical tools like US

probes.

The current grasp rendering setup relies on a limited set of background im-

ages, which restricts the visual diversity and realism of the generated scenes. To en-

hance realism and better reflect clinical environments, 3D-reconstructed US room

settings could be incorporated into the Blender scene, as demonstrated in [241].

This would require additional hardware to capture the room from multiple perspec-

tives and software capable of reconstructing a 3D room model suitable for import

into Blender. An added benefit of this approach would be the ability to include

anatomical models—such as a baby and a maternal uterus—placed on a table within
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the scene. The SMPL-H body model could then be positioned in a physically plau-

sible location relative to these objects. As a result, rendered frames would feature

more realistic backgrounds and spatial relationships between the hand, probe, and

clinical environment.

Another option to increase the realism of the synthetic images and improve

the efficienncy of the rendering pipeline is to use BlenderProc2 [287], a Blender-

based framework for photorealistic image generation. BlenderProc2 is specifically

tailored for creating synthetic datasets used for training DL-based pose prediction

models, and includes built-in functionality for generating color, depth, surface nor-

mal, and semantic segmentation images. Future iterations of HUP-3D could explore

the potential benefits of integrating this software.

The current pose prediction model operates on single time-stamped images

representing final grasp configurations. However, incorporating temporal modeling

of grasp sequences could enable more realistic interaction dynamics and improve

prediction robustness. This would require capturing and learning from temporal

hand–object interaction data. Although such a direction lies beyond the scope of

this thesis, a conceptual framework will be discussed in Chapter 6.

As noted in Section 4.4, the HUP-3D dataset is currently limited in terms

of grasp diversity, as only a single US probe model was used. Additionally, the

baseline evaluation relies solely on RGB input, despite the availability of multi-

modal data. Exploring the added value of combining RGB and depth modalities

may improve generalisability and pose prediction accuracy. Both extensions—a

multi-probe dataset and a dual-modality evaluation—are explored in Chapter 5.



Chapter 5

HUP-3D-v2: Dataset Extension and

Multi-Modal Evaluation for

Hand–Probe Pose Estimation

5.1 Introduction

This chapter continues the work presented in Chapter 4 and addresses the third

key objective of this thesis, as outlined in Section 1.3 of Chapter 1. It extends the

HUP-3D dataset by incorporating a second US probe model and introducing multi-

modal data—specifically RGB and depth images—for egocentric hand–probe pose

estimation. Chapter 4 focused on the development of a synthetic data generation

pipeline, the creation of the HUP-3D dataset and a single-modality (RGB) evalua-

tion of a state-of-the-art 3D pose prediction model trained on HUP-3D. While the

results demonstrated the feasibility and accuracy of DL models on HUP-3D, they

were limited in two aspects: First, the dataset included images from only a single

US probe, restricting generalisability; and second, the model evaluation was based

solely on single-modality (RGB) input.

This chapter builds upon that foundation by addressing three open questions:

how portal US probes affect the synthesis of plausible hand-probe grasps; whether

multi-modal (RGB-D) data can improve pose estimation accuracy; and how in-

creased data diversity impacts model generalisability. Although the work pre-
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sented here is not part of a separate peer-reviewed publication, it represents a di-

rect extension of the original HUP-3D pipeline. The updated dataset and additional

evaluation tools are included as part of the open-source HUP-3D project page at

https://manuelbirlo.github.io/HUP-3D/ to support future research

and reproducibility.

5.1.1 Context and Technological Motivation

The HUP-3D dataset presented in the previous chapter 4 consisted of images of

hand grasps using the Voluson™ C1-5-D US probe, which is used in conventional

obstetric sonography. Voluson probes are connected to an US imaging machine via

a cable. During an obstetrics US scan such an imaging machine is usually placed

away from the patient, and sonographers must look away from the patient in order

to observe the live US imaging video while scanning the patient. In other medical

applications of US imaging, practitioners face similar situations with the US screen

being positioned away from the patient. This requires sonographers to develop

refined hand-eye coordination skills [231].

Studies have shown that in other medical US scanning applications, such as

vascular access and point-of-care US, there are differences in gaze patterns be-

tween novice and expert sonographers. Chen et al. examined gaze patterns during

US-guided Internal Jugular Central Venous Catheterisation and found that novices

spent significantly more time looking at the probe and needle, whereas more expe-

rienced clinicians focused primarily on the imaging screen. Similar findings were

observed by Chan et al. in their assessment of gaze patterns during point-of-care

US training [288]. Following these findings, it can be hypothesized that in obstet-

ric sonography, more experienced sonographers would also spend significantly less

time looking at the US probe. Consequently, MR training applications, such as the

CAL-Tutor system presented in chapter 3, may provide more substantial benefits for

novice users, who rely more heavily on visual feedback from the probe. However,

if a user is wearing an OST-HMD and is not looking at the US probe, the egocen-

tric markerless 3D hand and tool pose estimation method presented in chapter 4

becomes less effective, as hand and probe tracking relies on direct line-of-sight.

https://manuelbirlo.github.io/HUP-3D/
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Portable US scanners may offer a solution in this regard.

Recent developments in US technology led to portable handheld scanners that

can be used in remote point-of-care settings where conventional, more expensive

and much larger US machines are not available. Live imaging can be done via mo-

bile devices such as smartphones and tablets, which can be placed closer to the rel-

evant patient anatomy. This proximity between patient and imaging screen has the

potential to reduce the sonographers cognitive workload by reducing the demands

of hand-eye coordination. One such portable device, and a popular choice among

healthcare professionals, is the Clarius1 US scanner, which is available in several

versions. Portable US scanners offer dedicated software that runs on the mobile

device so that obstetric biometry can be performed. Rittenhouse et al. analysed

the accuracy of such portable US machines — the Butterfly iQ2 and the Clarius C3

— via assessment of fetal biometry and estimated gestational age; in comparision

with a conventional US machine [289]. In their study, experienced sonographers

assessed both fetal biometry and estimated gestational age accross several patients

using portable and conventional scanners. The results confirmed good accuracy

for both types of obstetric assessments. However, the portable scanners showed

increasing errors in accuracy with advancing gestational age.

Focusing on an obstetric-centered use of portable US scanners, recent research

highlights the potential advantages of such devices in resource-constrained environ-

ments, including cost-effectiveness, adaptability, and usability [290]. These benefits

make handheld scanners particularly suitable for deployment in areas, where access

to conventional US systems and trained clinicians may be limited. As such, portable

US scanners present a promising opportunity to expand prenatal care and diagnostic

access globally.

Contribution of this chapter. The contribution of this chapter is twofold:

1. With the potential benefits of portable US scanners in mind, as discussed in

Section 5.1.1, this chapter introduces an extension of the HUP-3D dataset.

The updated version, named HUP-3D-v2, consists of the 31680 frames of
1(Clarius Mobile Health Corp., Vancouver, Canada)
2Butterfly Network, Inc., Guilford, CT, USA
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the HUP-3D dataset (Chapter 4), but adds another 31680 frames of syn-

thetic hand–probe grasp images generated using a 3D model of the Clarius

C3 scanner. The goal is to provide a second dataset—twice in size to the

original HUP-3D—that enables pose prediction models to generalise more

effectively to unseen input data. A standalone dataset consisting of 31680

Clarius probe grasp images—called HUP-3D-Clarius3—is available as well.

Both datasets, HUP-3D-Clarius and HUP-3D-v2, are available via the HUP-

3D project page. In addition, the standalone HUP-3D-Clarius dataset is avail-

able for download here: HUP-3D-Clarius dataset4

2. A multi-modality evaluation of the extended HUP-3D-v2 dataset was con-

ducted to investigate the effect of incorporating depth data alongside RGB

input, in combination with increased dataset diversity. The corresponding

architecture is described in the paragraph on multi-modality. In addition, a

single-modality evaluation was carried out to assess the generalisability of

the HOPE-Net model on the extended dataset.

Section 5.2 details the methodology behind the HUP-3D dataset extension, in-

cluding the process of generating synthetic hand-probe interaction images using the

Clarius 3D model. It also outlines the evaluation pipeline for both multi-modality

and single-modality experiments. Together, these evaluations offer insights into

how increased data diversity and modality combinations can influence model per-

formance in markerless pose estimation tasks within the specific context of obstetric

sonography.

5.2 Method
The grasp generation and rendering methods used for HUP-3D-Clarius are nearly

identical to those described in Chapter 4, Sections 4.2.2 and 4.2.3. Only two dif-

ferences apply: First, a 3D model of a Clarius C3 probe was used instead of the

3All data in HUP-3D are synthetic. No human subjects were involved. Backgrounds were derived
from anonymised public sources. The dataset poses no known ethical risks.

4https://drive.google.com/file/d/1g5AUXEuxpSAseGebkp0xUo_
m4DKV01EN/view?usp=sharing

https://drive.google.com/file/d/1g5AUXEuxpSAseGebkp0xUo_m4DKV01EN/view?usp=sharing
https://drive.google.com/file/d/1g5AUXEuxpSAseGebkp0xUo_m4DKV01EN/view?usp=sharing
https://drive.google.com/file/d/1g5AUXEuxpSAseGebkp0xUo_m4DKV01EN/view?usp=sharing
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(a) (b) (c)

Figure 5.1: Interpenetration of Clarius probe and fingers, shown on a single grasp from
3 different camera view angles: (a) interpenetration of probe and thumb, (b)
interpenetration of probe and index finger, (c) interpenetration of probe and
both thumb and index finger.

Voluson C1-5-D probe. Second, the software-based offset correction described in

Section 4.2.3 and shown in Figure 4.9 (a) was not applied to the Clarius model.

Instead, the .obj5 file of the Clarius probe was manually corrected using MeshLab

by aligning the model to the origin. As a result, no additional offset correction was

required in the rendering pipeline.

A total of 11 new Clarius grasp sequences, each consisting of 2880 frames,

were generated—resulting in a dataset of 31,680 frames referred to as HUP-3D-

Clarius. These frames were combined with the existing 31,680 frames from the

original HUP-3D dataset (based on the Voluson probe) to create an extended dataset

named HUP-3D-v2, with a total of 63,360 frames. The aim of the HUP-3D-v2

dataset enhancement is to increase variability by incorporating grasp interactions

with a second US probe. This added diversity is expected to improve the generalis-

ability of DL models for joint 3D pose estimation of the hand and ultrasound probe.

In parallel, HUP-3D-Clarius is provided as a standalone dataset for applications

focused specifically on Clarius-based probe tracking and pose prediction.

Limitations of the grasp generation method. Although the grasp generation

method for HUP-3D-Clarius is largely the same as that used for HUP-3D, a lim-

itation was observed when generating grasps with the larger Clarius probe model.

5An .obj file is a standard 3D model file format that includes geometric data such as vertices,
texture coordinates, normals, and polygon faces.
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Figure 5.2: HOPE-Net architecture for single-modality input using RGB images only. The
diagram is illustrated with a sample synthetic RGB image from the extended
dataset as input.

GrabNet [269], the generative model used, was pre-trained on everyday handheld

objects (binoculars, mugs, and toothpaste, etc.) and does not generalise perfectly

to larger tools like the Clarius. Specifically, the increased width of the probe forces

the hand model to open wider, occasionally resulting in minor interpenetration be-

tween the fingers (particularly the thumb and index finger) and the probe geometry.

Figure 5.1 illustrates this issue in RGB frames from the HUP-3D-Clarius dataset,

shown from three different camera angles. GrabNet already includes penetration

penalties and contact refinement, which limits the impact of such artefacts, but

residual collisions are a known limitation. In the HUP-3D pipeline, the impact

of penetrations was further reduced by using simple offsets—either via software-

based correction in the grasp renderer (Chapter 4, Section 4.2.3, Fig. 4.9a) or by

aligning the probe model to the origin (this chapter). Since the level of interpen-

etration remains visually minor and does not significantly affect the perceived re-

alism or structure of the grasps, retraining the generative model to eliminate the

interpenetration was considered disproportionate in the context of this research due

to substantial time and effort required. Instead, this interpenetration was accepted

and the generated synthetic Clarius hand grasp images were used to test the utility

of this newly acquired dataset.

5.2.1 Application of HOPE-Net for 3D Pose Estimation

To evaluate the extended dataset, the state-of-the-art DL model HOPE-Net [51]

was employed for 3D hand and US probe pose estimation. Prior to the evaluation,
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the HOPE-Net architecture for the single-modality (RGB) case is briefly described.

This is the same architecture that was previously used to evaluate HOPE-Net’s per-

formance on the HUP-3D dataset, as detailed in Section 4.3 of Chapter 4. Addition-

ally, the subsequent paragraph on multi-modality (RGB-D) architecture outlines the

extended architecture used for evaluating multi-modal input.

Single-modality configuration. Fig. 5.2 shows the core components of the HOPE-

Net architecture, illustrated on a sample synthetic RGB image from the extended

dataset. The RGB image is fed into a residual neural network, ResNet-18, that

acts as an image encoder and extracts features from the input image, a high-

dimensional (2048D) feature map, also called embedding. This feature map—a

high-dimensional vector, encodes the image’s spatial and semantic information—is

then passed to the 2D hand and probe keypoints predictor, which regresses 2D key-

points (hand joints and corners of the tight bounding box surrounding the probe)

using a fully connected layer, supervised by a 2D loss. The fully connected layer

generates 29 keypoints (21 hand joints and 8 probe bounding box corners) which

serve as input to a graph convolution layer. Simultaneously, the 2048-dimensional

ResNet-18 feature embedding is also fed into a 3-layer graph convolution layer,

providing contextual information to support spatial reasoning over the keypoints.

More precisely, the graph convolution layer represents the hand and probe key-

points as nodes in a graph, enabling the model to infer spatial relationships between

them and refine their positions based on structural context. Consequently, the graph

convolutional layer outputs refined versions of the initially predicted 2D hand and

probe keypoints, enhanced by the relational context encoded in the graph structure.

The refined 2D keypoint features from the graph convolutional layer—representing

node features for each of the 21 hand joints and 8 object corner keypoints—are then

passed into the Adaptive Graph U-Net, an encoder-decoder architecture designed

to capture spatial relationships using a series of graph pooling and unpooling lay-

ers. The network is ”Adaptive” because pooling is input-dependent: at each pooling

stage it learns scores for all nodes and keeps the most informative ones, then recon-

structs the graph connectivity over the retained nodes. In each transition from one
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pooling layer to the next within the Adaptive Graph U-Net, the number of nodes is

halved, retaining only those nodes that capture the most salient information about

both the hand and the object’s bounding box. To preserve spatial information lost

during pooling, each pooling layer has a skip connection to its corresponding un-

pooling layer. A skip connection directly transfers feature representations from the

pooling (encoder) layers to the unpooling (decoder) layers, enabling the network

to recover spatial details that may be lost during downsampling. In the unpool-

ing sequence—the decoder part of the network—the downsampled hand and ob-

ject bounding box features are progressively reconstructed in each unpooling layer,

where each layer doubles the number of features. In this sense, the decoder acts as

the generative component of the Adaptive Graph U-Net, creating the 3D hand and

object pose predictions. More broadly, it learns to map the structured 2D keypoint

representation to 3D keypoint predictions through a hierarchical graph learning pro-

cess. The 3D predictions generated by the Adaptive Graph U-Net are compared

against the 3D ground-truth keypoints—provided by the metadata of the synthetic

input image—to compute the final 3D loss.

Justification for multi-modality configuration. Prior work in the area of RGB-D-

based multi-modal DL for 3D hand pose estimation has shown that multi-modality

can increase model generalisation and contribute to model performance. In [291], a

dual-modality network was proposed using synthetic RGB and synthetic depth im-

ages and a novel cross-modal keypoint fusion concept. This method outperformed

state-of-the-art models on four datasets. [292] addressed generalisation issues re-

lated to a model’s domain gap that arise when working with synthetic rather than

real-world data and proposed a dual-modality network for effective pre-training of

the model. Experiments showed that their proposed method improves 3D hand pose

estimation on benchmarks. [293] presented a RGB-D-based hand pose estimation

concept that leverages RGB and depth information in separate steps: First, a net-

work is used for hand detection and hand feature regression. Second, additional

depth map information is used in an energy minimisation framework for accurate

hand pose and shape estimation. Baseline comparison experiments demonstrated
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Figure 5.3: HOPE-Net architecture for multi-modality input using RGB and depth images.
The diagram is illustrated with a sample synthetic RGB and corresponding
depth image from the extended dataset as input.

the advantages of the proposed method. Taking into account the above-mentioned

potential advantages of multimodality, depth information was integrated into the

HOPE-Net training and evaluation method, which was previously based exclusively

on RGB, as described in the HUP-3D chapter 4.

Multi-modality configuration. The original HOPE-Net model, detailed in the

paragraph on single-modality architecture and illustrated in Fig.5.2, estimates 3D

hand-object poses from single RGB images and does not include additional depth

information. Consequently, HOPE-Net is a single-modality neural network archi-

tecture that processes RGB frames using a single backbone6. To support a multi-

modal approach and process additional depth frames, a second ResNet-18 backbone

was added to the original HOPE-Net model to process depth frames independently.

The resulting architecture is shown in Fig.5.3. The outputs of the two backbones—

i.e., the feature representations from the RGB and depth input images—are con-

catenated and fed into the graph convolution layer. Additionally, each ResNet-18

backbone produces feature encodings that are passed to a separate 2D hand and

probe keypoint predictor. The resulting 2D keypoint features, extracted indepen-

dently from the RGB and depth modalities, were concatenated to create a fused

6A backbone can be considered the first stage of a deep learning data processing pipeline. Its
task is to learn low- and high-level image features such as textures, edges, and more complex ob-
ject shapes. In this sense, a backbone serves as a reusable foundation for subsequent downstream
components such as pose estimation layers.
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representation, which was then used as the input node features to the graph con-

volution network. This fused representation provides extra information because

depth adds distance and shape cues and clean occlusion boundaries that RGB lacks.

Concatenating the modality-specific 2D keypoint features yields node embeddings

that combine appearance (RGB) and geometry (Depth), allowing the graph network

to exploit whichever modality is reliable at each hand joint and probe bounding

box corner. The remaining components of the model architecture—including the

Adaptive Graph U-Net—are identical to those in the single-modality architecture

presented in the paragraph on single-modality architecture. Since depth maps are

purely synthetic—as detailed in Chapter 4—and rendered from the scene geome-

try (camera z-buffer), no physical sensor is used. Consequently, no sensor-specific

noise is present, and RGB and depth are rendered at the same spatial resolution

(256× 256) before being resized to the network input. Injecting sensor-specific

depth noise during Blender rendering is a possible enhancement, but is not consid-

ered in this work and left to future work.

5.3 Experiment: Pose Estimation Evaluation

Demonstration of the utility of the extended dataset HUP-3D-v2 follows the same

experimental setup as for the HUP-3D case, Section 4.3 of Chapter 4. The major

difference of the evaluation presented in this section is the additional use of a multi-

modality setup that required a change in HOPE-Net’s architecture, as presented

in Section 5.2.1. The 63,360 image sets of the HUP-3D-v2 dataset comprise 22

realistic hand-object grasps, with each grasp contributing 2,880 image sets. To

ensure the generalisability of the tested HOPE-Net model, the data were split into

14 grasps for training (40,320), four for validation, and four for testing (11,520).

This follows a similar supervised learning setting as presented in Chapter 4, but

with twice the number of image sets.

To ensure comparability with earlier evaluations, model training on HUP-3D-

v2 used the same hyperparameters as the HUP-3D evaluation presented in Sec-

tion 4.3 of Chapter 4. During testing, HOPE-Net was evaluated on the 11,520 test
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images using the same batch size as in model training (64), along with GPU ac-

celeration and a pretrained model checkpoint obtained from prior training. The

dataset’s RGB and Depth images have a resolution of 256x256, consistent with the

ResNet backbone’s expected input scale. The actual evaluation of HOPE-Net on

the aforementioned test images, in both single- and multi-modality modes using the

two respective model architectures detailed in Section 5.2.1, is presented in Subsec-

tions 5.3.1 and 5.3.2.

5.3.1 Single-Modality Evaluation

Table 5.1 shows the performance of HOPE-Net on HUP-3D-v2, evaluated in both

single- and multi-modality modes. For comparison, it also includes a baseline re-

sult: the original single-modality evaluation on HUP-3D, as presented in Chapter 4.

In the single-modality case where only RGB frames were used—as in the HUP-3D

evaluation described in Chapter 4—the addition of Clarius frames to the Voluson

dataset slightly reduced the performance of the HOPE-Net model, resulting in an

average MPJPE of 13.01 mm. This decrease is likely due to the increased complex-

ity introduced by using more than one US probe: the newly added Clarius probe

increases the overall diversity in terms of object shapes and sizes, as well as the

interaction dynamics between hand and probe. Models must learn to appropriately

incorporate this greater diversity to generalise effectively. Selected qualitative re-

sults for the single-modality evaluation on HUP-3D-v2 are illustrated in Figure 5.4.

It can be observed that some frames show notable deviations between predictions

and ground truth.

5.3.2 Multi-Modality Evaluation

The original HOPE-Net model, as presented in [51], and detailed in the paragraph

on single-modality architecture, estimates 3D hand-object poses from single RGB

images only and is therefore a single-modality model. The availability of depth

images in the HUP-3D v2 dataset motivated an extension of the original architec-

ture to incorporate a second modality, as described in the previous Subsection 5.2.1.

Since RGB and depth data, denoted as RGB-D, provide mutually complementary
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Dataset Model version MPJPE (mm)

Hand Object Average

HUP-3D (Voluson)* HOPE-Net on RGB 5.33 17.05 8.65

HUP-3D v2 (+ Clarius) HOPE-Net on RGB 9.61 21.93 13.01

HUP-3D v2 (+ Clarius) HOPE-Net on RGB-D 8.45 23.91 12.71

HUP-3D v2 (+ Clarius) ResNet-18 on RGB-D 52.93 61.85 55.39

Table 5.1: Pose prediction performance of HOPE-Net on different datasets and configura-
tions, including a ResNet-18 baseline for comparison. Performance is evaluated
using MPJPE, which measures the average Euclidian distance between predicted
and ground-truth joint positions (in mm): MPJPE – 3D Hand reports the error
for the 3D hand joints (21 coordinates), MPJPE – 3D Object reports the error for
the 3D positions of the US probe’s bounding box corners (8 coordinates), and
Average MPJPE combines both to summarise the total error accross 29 prdicted
3D coordinates.

* Note: The results for HUP-3D (Voluson) in the first row were originally presented in Chapter 4
and are listed again for comparison.

Figure 5.4: Qualitative results obtained from single-modality evaluation on HUP-3D-v2,
shown using four test images from the dataset: image columns from left to
right: RGB, predicted hand joints, predicted probe corners, predicted joints
and corners, ground truth of joints and corners. Visual inspection shows notable
deviations between predicted and ground truth joints and corners.

information, their combined use can improve the robustness of 3D hand pose es-

timation [291]. While RGB data provides color and texture information, depth

data, through its spatial and geometric information, provides an additional com-
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plementary source of information that can help reduce ambiguities related to hand

orientation and occlusion.

The pose prediction performance of the trained multi-modal HOPE-Net model

on the test dataset is reported in the third row of Table 5.1. The hand and total

average MPJPE errors are slightly lower than the ones of the HOPE-Net on RGB

result shown in the second row of the table. However, the object error of the RGB-D

result is slightly higher than the RGB only results. Overall, it can be concluded that

the addition of a second modality in the presented setup did not lead to considerable

improvements in terms of pose prediction accuracy. A comparative ResNet-18 base-

line was also tested on RGB-D using the same dataset—as shown in the last row

of Table 5.1—but showed significantly worse performance than HOPE-Net. The

underlying reason for testing a simplified model—ResNet-18 in this case—was to

see whether such simplification improves the pose prediction results compared to

the more complex HOPE-Net model. Despite its simpler architecture, such a model

must still learn a highly non-linear mapping due to the larger output space of 29 x 3

coordinates. In contrast, HOPE-Net offers the advantage of a two-stage approach:

it first predicts the 2D keypoints and then refines them into 3D coordinates, effec-

tively managing the complexity of this non-linear mapping. In this case, however,

the simplified ResNet-18 baseline clearly showed inferior performance compared

to HOPE-Net, indicating that it is not a suitable choice for end-to-end 3D hand and

probe pose prediction on the HUP-3D v2 dataset.

Given the modest performance improvement of HOPE-Net in the RGB-D con-

figuration compared to the RGB-only setup, it can be inferred that optimising the

two ResNet-18 backbones—by minimising their respective loss functions to reduce

prediction error—was less effective in accurately regressing hand and probe key-

points than initially anticipated. This performance decrease could potentially hap-

pen due to two reasons: Firstly, adding a second backbone increases the number of

trainable model parameters such as layers, weights and biases. Consequently, this

leads to a higher number of parameters involved in minimising the highly non-linear

function of the keypoints distribution. Specifically, keypoint regression is about
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learning non-linear relationships between the input features extracted by the back-

bone and their corresponding keypoints. Secondly, simply concatenating RGB and

depth features can cause feature entanglement: modality-specific cues—appearance

from RGB and geometry/occlusion from depth—get mixed in a way that the net-

work cannot process them independently, which reduces the informativeness of the

fused latent representation and can degrade keypoint regression. In other words,

the features become overly correlated, obscuring which modality contributes what.

This makes it harder for the network to map modality-specific signals to the correct

3D keypoints.

These experimental observations suggest that simply increasing input modal-

ities does not guarantee considerably improved model performance. While depth

information is theoretically beneficial due to its geometric complementarity, effec-

tive integration into the existing HOPE-Net model architecture remains nontrivial.

The challenges observed in this study highlight that naive concatenation or fusion of

RGB and depth features may even degrade performance if the network fails to learn

meaningful representations from both modalities. Future work may focus on more

advanced modality fusion strategies or improved network architecture components

that more effectively handle the complementary nature of RGB and depth data.

5.4 Discussion

The two-fold attempt to increase the dataset’s diversity by adding Clarius US probe

frames and to introduce a second modality presented several challenges that are

briefly discussed in this section. These efforts aimed to improve model generalis-

ability in hand-probe interaction data, aligning more closely with real-world vari-

ability that may occur in clinical training scenarios. However, such extensions also

introduced new sources of error and complexity, which impacted the model’s pre-

dictive performance and raised important design considerations for future iterations.

The first challenge, as described in section 5.2, is that the HUP-3D-Clarius

dataset contains frames where both the right hand’s thumb and index finger show

slight interpenetration with the probe. This slightly reduces the realism of the syn-
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thetic images and may affect model performance. A potential solution to this inter-

penetration problem could be to retrain the grasp generating generative model that

was presented in chapter 4, section 4.2.2 with the newly aquired HUP-3D-Clarius

images to fine-tune its performance. Instead of retraining the model from scratch, it

can be initialised from its last saved checkpoint to preserve its learned weights and

biases, which reduces the overall training time and effort. A retrained model might

be able to avoid interpenetration of the hand and the Clarius probe.

The second challenge lies in the fact that adding Clarius images to the dataset

reduces HOPE-Net’s ability to generalise, as described in Subsection 5.3.1, ulti-

mately leading to a decrease in performance. To some extend, this could be related

to the aforementioned interpenetration of hand and probe, which reduces the real-

ism of the synthetic images. However, it is more likely that the model’s inability to

adapt to the greater variability introduced by the added Clarius images, and required

for effective generalisation, outweighs the interpenetration issue.

Lastly, the third challenge emerged from the attempt to implement a multi-

modal approach using depth frames alongside RGB frames, as described in Subsec-

tion 5.3.2. Although this setup resulted in similar pose prediction performance com-

pared to the RGB-only configuration, the simple concatenation of initial ResNet-18

feature encodings and 2D hand and probe keypoint predictions turned out to be a

suboptimal architectural choice, indicating a need for further refinement.

Addressing these challenges is out of the scope of this thesis and hence part of

potential future work. However, they offer valuable insights into current limitations

of synthetic dataset design and model integration strategies. Addressing these is-

sues in future research could lead to more robust and generalisable pose estimation

models for medical applications.

5.5 Conclusion and Future Work

This chapter presented a continuation of the work presented in the previous Chap-

ter 4, by focusing on two contributions: First, increasing the dataset’s diversity by

generating frames with a second US probe, the Clarius C3, resulting in a new stan-
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dalone dataset called HUP-3D-Clarius and a dataset that combines HUP-3D and

HUP-3D-Clarius, called HUP-3D-v2. Both newly introduced datasets are publicly

available and aim to support further research in the area of markerless 3D hand and

tool pose estimation in the to date underexplored area of pose estimation in obstet-

ric US. The second contribution this chapter presented consisted of an attempt to

evaluate HOPE-NET’s performance on the extended dataset, to test potential ben-

efits of increased dataset diversity and associated improved model generalisability

when trained with these data. Evaluation was conducted in single-modality mode,

like in Chapter 4, and also in multi-modality mode. Exploring potential benefits

of multi-modality was a novel, yet unpublished contribution to this chapter. Sup-

porting multi-modal input required a minor architectural modification to HOPE-

Net. Although the results in dual-modality setup did not show a considerable im-

provement over the single-modality configuration, potential causes were discussed

in Section 5.4, and further investigation is recommended. Future improvements to

the multi-modality network architecture could involve replacing the simple concate-

nation of feature encodings with a weighted fusion method that assigns modality-

specific importance, potentially enhanced by an attention7-based mechanism to dy-

namically prioritise characteristic features from each modality.

The inclusion of the Clarius wireless probe opens the door to AR-assisted med-

ical education in low-resource settings, as it offers a more cost-effective alternative

to conventional US systems like the Voluson E10. Another advantage of wireless

probes is that the US image can be displayed on smaller, more portable devices such

as smartphones, tablets, or compact monitors. These can be positioned closer to the

patient’s anatomy, allowing novice practitioners to monitor live US output without

having to divert their gaze away from the scanning site. Such setups can support

both actual sonographic procedures and prior MR-assisted training sessions.

Future work could explore a third modality the datasets provide: segmentation

masks. This third image modality may help pose prediction models to learn hand

7Attention mechanisms are neural network components that learn to assign individual weights
to different input features, allowing the model to focus on the most relevant feature representations
dynamically.
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regions, probe boundaries or probe contact areas more explicitly. In addition, fea-

ture localisation could be improved, which may be useful in occluded or cluttered

scenes. Incorporating segmentation information could also facilitate better spatial

disentanglement between hand and US probe during the early stages of the network

architecture, potentially improving model robustness in complex interactions.

Another potential future work could be to increase the dataset’s variety even

further by including images with additional US probes. Such an effort, however,

would depend on the availability of other conventional probes that are available

in laboratory settings to be laser scanned and 3D reconstructed as models to be im-

ported into Blender. A collaboration with hospitals could, for example, allow access

to such other US scanners. Beyond adding real models, parametrically randomised

probe geometries could be used that preserve the canonical form of commercial US

probes while introducing local variations. This would increase image and grasp

diversity without compromising clinical plausibility.

This chapter concludes the thesis’s technical contributions. Chapter 6 presents

the overall conclusions and directions for future work. The design, implementation,

and evaluation of markerless hand-tool pose estimation lay a foundation for future

research in medical training systems and contribute to the broader goal of devel-

oping robust, accessible, data-driven simulation tools. The presented methods may

also translate to other domains (e.g., surgical procedures) where similar principles

apply.

Before concluding in Chapter 6, Subsection 5.5.1 briefly describes a prototyp-

ing effort that explores an alternative way to extend the diversity of the synthetic

dataset via simulated grasp movements.

5.5.1 Extending Data Diversity of HUP-3D Through Simulated

Grasp Movements

The hand grasp generation method used to create plausible grasps for the HUP-3D

and HUP-3D-Clarius datasets (as discussed in Chapters 4 and 5) had limitations

in generating a greater diversity of plausible grasps. GrabNet [269], a pre-trained

generative model that generates grasps based on hand-object contact areas learned
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from everyday objects, enables the creation of plausible grasps but lacks diversity

in grasp contact areas and hand grasp configurations. Retraining the model with

images of hands grasping US probes could improve the plausibility of generated

grasps, but might still limit the diversity of plausible grasps.

Another method of finding plausible grasps that has recently been explored in

the research community is the use of a physics simulation engine for robotics and AI

named RaiSim8 [294] to generate plausible grasp motions [295, 296, 297]. RaiSim,

a rigid-body simulator, is designed for accuracy and speed in simulating robotic

systems and has been used for RL-based robot control simulations [298, 299, 300].

In RL, unlike traditional DL, no ground truth is required for model learning. In-

stead, an agent—such as a robot—explores a simulated world and autonomously

learns the connections between inputs and outputs through states, actions, and re-

wards. Each step closer to the optimal state results in a reward, while steps further

away lead to a penalty. The application of suitable reward policies is crucial in this

context. However, one downside of this approach is that RL often requires a signif-

icantly high number of trial-and-error runs before achieving an acceptable training

state. On the other hand, when applied in suitable simulation environments, RL

algorithms are able to offer policies that generalise well to unseen situations [301].

While such RL-based grasp synthesis does not guarantee human-like biomechanics,

it yields full approach trajectories (not just final hand poses), enabling pre-contact

samples and greater diversity than static, DL-based grasp generators.

In [296], a RL-based hand-object grasp motion generation concept utilising

the RaiSim simulation engine is presented that builds on previously developed sim-

ilar concepts [302, 295], but offers improved scalability to unseen grasp objects.

More specifically, [296] proposes a RL policy learning framework called GraspXL

capable to generate a wide variety of grasp motions, including grasp motion objec-

tives and hand morphologies. GraspXL allows users to define the hand’s heading

direction towards the graspable object and the wrist rotation. Based on a predefined

user-specific graspable area of the object, the target midpoint and target heading

8https://raisim.com/index.html. Accessed 27 January 2025

https://raisim.com/index.html
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direction originating from the target midpoint can be defined, allowing flexible con-

trol and greater variability in terms of the generation of plausible grasps. Compared

to the generative DL model-based grasp rendering method presented in chapter 4,

GraspXL offers two key advantages: (i) greater flexibility in generating a wider vari-

ety of plausible hand grasps, and (ii) the ability to simulate complete grasp motions,

including the hand’s approach phase prior to contact with the object. The second

advantage could enhance the HUP-3D grasp generation method by enabling the ex-

traction of hand-object poses at earlier stages of the motion, specifically where the

hand has not yet made contact with the object. Adding rendered synthetic images of

hands, depicting interval-based fragments of entire grasp motion sequences, to the

HUP-3D dataset could potentially enhance the generalisability of pose estimation

networks like HOPE-NET when trained on such datasets. This could also introduce

a level of novelty to the research community, as pre-grasp images of hands in close

proximity to objects do not appear to be included in existing benchmark datasets

such as [256, 251, 280, 240, 241, 257].

In an initial feasibility attempt to generate grasp motions using RaiSim, the

hand grasp simulation codebase D-grasp9 [295], a predecessor of GraspXL, was in-

stalled on a computer equipped with a 13th Gen Intel® Core™ i9-13900H processor

(2.60 GHz), 64 GB of RAM, and running Windows 11 Home (64-bit). However,

attempts to run the provided hand grasp motion demos—featuring Unity10 game

engine visualisations connected to a Python-based grasp simulation backend via

TCP/IP sockets—were unsuccessful. The visualisation did not display any hand

grasp motions, as the application became unresponsive while attempting to send

RaiSim-based motion updates to the Unity engine via TCP/IP. It is hypothesised

that this issue may stem from compatibility limitations in the older RaiSim version

used by D-grasp, particularly when deployed on Windows systems using socket-

based communication.

Following the unsuccessful attempt with D-grasp, the successor framework

GraspXL was explored. The author of [296], Zhang Hui, was contacted and pro-

9https://github.com/christsa/dgrasp. Accessed 27 Jan. 2025
10https://unity.com/. Accessed 27 Jan. 2025

https://github.com/christsa/dgrasp
https://unity.com/
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Figure 5.5: Schematic illustration of a potential future grasp rendering pipeline that lever-
ages the capabilities of grasp simulation engines: interval-based hand position
samples (γ = hand position,θ = hand pose)ti of an entire grasp motion se-
quences, recorded at five time stamps ti ∈ [1, ...,4]

vided with a model of the Voluson US probe. Using the GraspXL simulation engine,

sample grasp motion simulations were generated and delivered as .npy11 data files,

along with a video recorded from the RaiSim-based simulation. Fig. 5.5 shows five

representative grasp states of the Voluson probe at timestamps ti ∈ [1, ...,4] extracted

from the video.

In addition, Fig. 5.5 illustrates the envisioned grasp generation and grasp ren-

dering pipeline, leveraging the capabilities of the GraspXL simulation engine: Var-

ious hand poses (γ = hand position,θ = hand pose)ti including hand position γ

and hand joint configuration θ are extracted at sampled time stamps ti ∈ [1, ...,4]

throughout the grasping motion simulation. The hand poses poses (γ,θ)ti can then

be fed into the Blender 3D software-based grasp rendering pipeline I proposed in

chapter 4. Following an initial feasibility test in which data from a single hand

pose (γ,θ)ti was extracted and mapped to the hand pose parameters required by the

HUP-3D grasp renderer, the resulting rendered Blender image displayed an incor-

rect hand pose, as shown in Fig. 5.6.

11An .npy file is a file format used by NumPy, a Python programming language library commonly
used for numerical computations in Python.
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Figure 5.6: Synthetic RGB example image of a hand with mismapped hand pose: Failed
attempt to map an example hand pose generated by a GraspXL hand grasp sim-
ulation sequence by Hui Zhang [296] into the Blender grasp rendering pipeline
presented in chapter 4. Correct mapping of the MANO hand model parameters
from SMPL-X [303] to the SMPL-H [276] body model is left for future work.

The reason for this incorrect 1:1 mapping of the hand pose information lies in

the fact that GraspXL uses the SMPL-X [303] representation of the human body,

while the HUP 3D grasp renderer uses the older SMPL-H [276] representation of

the human body. The representations of the 48 MANO hand model parameters are

different in SMPL-H and SMPL-X. SMPL-X’s GitHub repository contains model

parameter transfer code12 that allows users to transfer a SMPL-X model to a SMPL-

H model. Converting SMPL-H to SMPL-X using this model transfer code could po-

tentially resolve the aforementioned issue of incorrect MANO hand pose mapping;

however, this is left for future work.

In summary, using a grasping motion simulation engine such as RaiSim to-

gether with a RL policy learning framework as presented in GraspXL [296] could

be a viable option to extend the current HUP-3D dataset concept. On the one hand,

GraspXL in particular offers more flexible ways to define hand grasp positions via

hand motion direction, hand orientation, and object contact areas. This could lead to

the generation of a larger variety of plausible grasps. On the other hand, GraspXL

12https://github.com/vchoutas/smplx/tree/main/transfer_model.
Accessed 27 Jan. 2025

https://github.com/vchoutas/smplx/tree/main/transfer_model
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could be used to generate additional images showing hands approaching the US

probes and would potentially increase the diversity of a dataset. And datasets with

higher image diversity will certainly improve the generalisability of 3D hand pose

estimation networks such as HOPE-NET when trained on such datasets.



Chapter 6

Conclusions and Future Work

6.1 Summary of Contributions and Limitations

As this thesis concludes, this section summarises its main contributions and limi-

tations, as detailed in the following subsections. The main contributions—each of

which has been published in a peer-reviewed article—include: a literature review

of OST-HMD-assisted surgery; the development of an innovative MR application

for training in obstetric sonography; and a novel concept for markerless joint 3D

hand and US probe pose estimation. These contributions span the domains of OST-

HMD-based human-computer-interaction, medical training, computer vision, and

synthetic data generation for DL-based 3D pose estimation, and collectively aim to

improve usability of MR systems for clinical and educational settings.

Each contribution addressed specific research challenges. The literature review

chapter focused on categorising technological and human factor trends to identify

current possibilities and limitations, and propose considerations for future system

design. The CAL-Tutor MR prototype introduced a novel training platform with

promising results in early usability testing. The markerless 3D pose estimation

pipeline explored scalable synthetic image dataset generation; and demonstrated

strong baseline pose estimation performance using RGB input.

Chapter 5 contains unpublished work. Subsection 6.1.4 summarises the con-

tinuation of the work first presented in Chapter 4 and later extended in Chapter 5.

This extension focused on broadening the dataset scope and investigating the im-
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pact of multi-modality input for 3D pose estimation. While preliminary results offer

valuable insights, they also underscore the complexity of achieving robust general-

isability in DL models trained on synthetic data. At the time of writing, this work

is intended for future publication, contributing to the growing research interest in

markerless hand-tool pose estimation in medical contexts.

The contributions outlines in the following subsections represent a clear pro-

gression from in-depth critical review and MR system prototyping to the develop-

ment of scalable data generation pipelines for training DL-based pose estimation

models. This trajectory reflects a shift from understanding the current literature

landscape and identifying design gaps, to creating practical systems and resources

that can directly innovation in clinical training environments. Their respective lim-

itations are also discussed to highlight technical challenges, usability constraints,

and areas where further investigation is required. By doing so, this thesis aims not

only to contribute new tools and methods but also offer guidance for future research

efforts in this evolving and still underexplored field.

6.1.1 Systematic Review on AR in Surgical Applications

The systematic literature review of OST-HMD-assisted surgical applications, pre-

sented in Chapter 2, represents the first contribution of this thesis. It involved cate-

gorising 91 studies published between 2013 and 2020 by application domain, tech-

nologies used, research settings, and human factors. The review revealed key trends

in the field, the significant upward trend in published articles, as well as technical

and human factor limitations that hinder widespread clinical adoption. The chap-

ter is based on a corresponding publication [53], which provides one of the most

in-depth analyses of OST-HMD applications in surgical contexts published to date.

The identification and categorisation of key human factor limitations at the individ-

ual study level represents a novel contribution of this review and supports the claim

that human factors emerge as a significant determinant of OST-HMD utility. This

review highlights that future success in OST-HMD-assisted surgery depends not

only on addressing technical and perceptual challenges in controlled environments,

but also on integrating human factors into system design to solve specific clinical
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problems. This combined, problem-driven approach represents a key strategic rec-

ommendation of this work.

One of the main findings of the literature review was that the clinical adop-

tion of safety-critical OST-HMD-based surgical applications—such as surgical

guidance—requires consistently high registration accuracy of 3D virtual objects

and perceptual accuracy, which is difficult to achieve in practice. This insight con-

tributed to a shift in focus of this thesis toward clinical areas where precise 3D vir-

tual overlay is less critical, such as medical education. As a result, the CAL-Tutor

MR system was developed, as discussed in Subsection 6.1.2 below.

6.1.2 Mixed Reality for Medical Training

A focus shift from surgical AR to AR-assisted medical training motivated the work

presented in Chapter 3, and led to the second contribution of this thesis: the devel-

opment of the CAL-Tutor MR system for training in obstetric sonography. CAL-

Tutor addressed a gap in existing MR training applications by focusing on prenatal

US and was designed to shorten the learning curve for US trainees and improve

spatial understanding of US probe placement and orientation. In particular, CAL-

Tutor was designed to support the fine motor coordination and spatial reasoning

skills essential for accurate fetal biometry in obstetric US training.

The system demonstrated the feasibility of combining a real US scanner with a

phantom mother’s belly and fetus, using an OST-HMD to deliver in-situ 3D virtual

guidance. An initial user study involving engineers without prior knowledge of MR

and obstetric sonography found that the MR guidance improved several aspects of

system interaction, such as efficiency, clarity and stimulation. A key characteristic

of the CAL-Tutor platform is its ability to record user motion data by leveraging

the capabilities of the HoloLens 2. It is assumed that this data has the potential to

provide meaningful insights into behavioral motion patterns distinguishing novice

and expert users. An initial evaluation of visual attention profiles of the study par-

ticipants using recoded eye gaze data reveals interesting insights, but a higher pop-

ulation size would be required to obtain meaningful statistical insights. The MR

source code of CAL-Tutor is publicly available to support reproducibility and en-
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courage further work in the area of MR-assisted medical education; especially in

the underrepresented field of training in obstetric sonography.

A key limitation of the CAL-Tutor system was the limited accuracy of virtual

overlay alignment and US probe tracking, due to its ArUco marker-based tracking

approach. Similar challenges have been reported in recent work on MR training

for obstetric US, where marker-based probe tracking was also found to be a lim-

iting factor [229]. This limitation motivated the third contribution of this thesis,

which focuses on markerless 3D hand and probe pose estimation; summarised in

the following Subsection 6.1.3.

6.1.3 Synthetic Dataset and Single-Modality Evaluation for 3D

Hand–Probe Pose Estimation

The limitations of marker-based tracking of the US probe tracking within the CAL-

Tutor system, discussed in previous Secion 6.1.2, shifted the focus of this thesis

towards a markerless approch to obtain the probe’s 3D pose, presented in Chap-

ter 4. In addition, 3D hand pose estimation was considered alongside probe pose

estimation due to the relevance of both in markerless tracking for MR applications.

Consequently, the third contribution of this thesis focused on a novel approach for

markerless joint 3D hand and US probe pose estimation. The underlying idea was

to focus on the generation of training images for deep learning-based, end-to-end

pose estimation models.

Contributions focused on a scalable synthetic multi-modal image generation

pipeline that combined a generative model for grasp generation and a 3D computer

graphics software for grasp rendering. A novel sphere-based camera viewpoint

concept rendered grasp images from egocentric and non-egocentric viewpoints and

thereby enhanced frame generalisability. These efforts resulted in a synthetic, multi-

modal image dataset named HUP-3D, which includes RGB-D images and segmen-

tation maps of hand grasps performed with surgical gloves, using an US probe

commonly used in obstetric sonography, the Voluson C1-5-D US probe. Single-

modality evaluation (RGB only) of HUP-3D on a trained state-of-the-art model,

HOPE-Net [51], showed lowest hand and object 3D pose estimation errors.
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The HUP-3D dataset, along with its synthetic data generation pipeline and

evaluation code, is publicly available via a dedicated project website to support re-

producibility and encourage further research in the area of clinical synthetic data

generation and markerless 3D hand and tool pose estimation. While the initial syn-

thetic dataset focused on a single US probe and single-modality input (RGB), these

constraints limited the generalisability and scope of the evaluation. To overcome

these limitations, the dataset was expanded to include a second probe type and

multi-modal data, and a comprehensive evaluation was conducted. These advance-

ments are summarised in the following Subsection 6.1.4.

6.1.4 Dataset Extension and Multi-Modal Evaluation for 3D

Hand–Probe Pose Estimation

The extension of the HUP-3D dataset, presented in Chapter 5, marked the last con-

tribution of this thesis. The dataset got extended with synthetic images of hands

holding a second, wireless US probe, the Clarius C3, representative of modern,

portable US technology. The same grasp generation and image rendering method

used for creating HUP-3D was applied. Using the Clarius probe, however, revealed

a limitation of the generative model-based grasp generation method. The larger size

of the Clarius requires the hand to open wider, resulting in minor interpenetration

between the probe and the fingers. However, since the extent of this interpenetra-

tion remains minimal, retraining the generative model to accommodate the Clar-

ius’s larger dimensions and generate more precise grasps with less interpenetration

was considered disproportionate in terms of time and effort required. The extended

dataset, referred to as HUP-3D-v2, comprises an equal number of Voluson and Clar-

ius grasp images and was evaluated using HOPE-Net, as detailed in Chapter 4. In

addition to a single-modality evaluation using RGB images only, a multi-modal

evaluation incorporating both RGB and depth frames was conducted. While the

dual-modality setup yielded performance results comparable to the single-modality

configuration, the overall hand and probe position errors in HUP-3D-v2 were higher

than those in HUP-3D—likely due to the model’s limited ability to generalise to the

increased variability introduced by the inclusion of a second probe. Optimising the
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proposed HOPE-Net dual-modality network architecture is left for future work.

6.2 Future Work

The work presented in this thesis opens the door to several potential areas for

future research. While Chapters 3 to 5 each offer contribution-specific sugges-

tions, this section outlines broader directions beyond the scope of the individual

chapters. These directions reflect both the practical implementation challenges en-

countered during system development and the conceptual opportunities identified

through evaluation and experimentation. Together, they aim to inspire future efforts

to design intelligent, adaptable, and scalable solutions for medical training using

MR and ML.

CAL-Tutor offers multiple opportunities for further development, particularly

in response to practical limitations and emerging needs in global healthcare edu-

cation. A potential high-impact application context is the integration of portable

US scanners to support more cost-effective US training in low-resource or remote

settings, helping bridge the gap in sonography education worldwide. Additional

enhancements could include the incorporation of DL-based MR guidance to assist

users in acquiring standard US planes, as described in Subsection 6.2.1.

The HUP-3D data generation pipeline also presents several future research

directions that aim to improve the realism and effectiveness of synthetic train-

ing data. More advanced grasp synthesis techniques, particularly those involving

high-fidelity generative models capable of incorporating more effective hand grasp

positions and orientations, as well as tool-related contact regions, could produce

hand-tool interactions that better reflect the dexterity and variability of real clinical

tasks. Similarly, enhancing background realism through domain-specific textures of

simulated clinical environments could improve model generalisation, especially for

ML-based pose prediction tasks. Building on Chapter 5, future work could add a

third modality—segmentation masks—to complement RGB-D. This semantic layer

would help models localise hands, probe boundaries, and contact regions, improv-

ing model performance under occlusion and visual clutter. In turn, it could yield
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more robust 3D pose estimation for autonomous or semi-autonomous training and

assessment tools.

Complementary future work suggestions not covered in the contribution chap-

ters are outlined in Subsection 6.2.1.

6.2.1 Further Development of the CAL-Tutor MR Application

The CAL-Tutor MR application, detailed in Chapter 3, introduced an initial pro-

totype aimed at enhancing medical education in fetal US, while leaving several

opportunities for further development. Foremost among these is the integration of

the proposed markerless hand and probe tracking, as presented in Chapter 4. The

central idea is to employ a trained, state-of-the-art 3D pose estimation model, such

as HOPE-Net, to enable continuous, real-time pose estimation during the use of the

CAL-Tutor application. Given the limited processing capabilities of the HoloLens

2, real-time model inference may need to be offloaded to an external computer. In

addition to integrating markerless pose estimation, recording and evaluating user

motion data should also be considered. The current version of CAL-Tutor captures

limited hand pose data—specifically palm and wrist positions—using the built-in

HoloLens 2 hand tracking. However, the proposed markerless approach could en-

able more detailed finger tracking, even under mutual occlusion of the hand and

probe. The fact that the pose estimation model is trained using both egocentric and

non-egocentric images may offer significant advantages in such occluded scenarios.

The recorded user motion data—including probe and hand poses, eye gaze,

and an external video feed—could then be analysed to gain valuable insights into

behavioral differences between novice and expert users. Further experiments would

be required to explore this in detail. Moreover, the collected data could be leveraged

to train other ML models capable of inferring user intent and delivering real-time,

context-aware 3D virtual assistance. Currently, CAL-Tutor displays persistent AR

guidance until the user has successfully navigated the probe to the respective tar-

get US planes. However, this permanent guidance may not be ideal for all novice

sonographers, as it could make navigation appear too straightforward. Instead, a

context-aware guidance system—capable of interpreting the user’s motion patterns
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and providing assistance only when needed—may offer a more effective learning

experience and improved educational outcomes.

A fundamental concept that was outside the scope of this thesis, but should

be explored in future work, is the integration of the HUP-3D markerless 3D hand

and tool pose estimation method into the CAL-Tutor application. Such integra-

tion would enable real-time markerless tracking of the US probe, eliminating the

need for an ArUco marker cube attached to the US probe. An initial feasibility

assessment of this integration was envisioned during the thesis but was ultimately

abandoned due to technical limitations associated with the HoloLens 2’s internal

camera system. One major issue was the inability to access RGB and AHAT (high-

frequency near-depth) data streams simultaneously. At some point, updates to the

HoloLens 2’s Windows 10–based operating system discontinued support for simul-

taneous RGB and AHAT depth acquisition, making RGB-D data collection possible

only by downgrading the OS—which was considered an impractical solution. An-

other challenge involved the quality of the internal RGB camera. Visual inspection

of captured frames revealed that the image quality was insufficient for reliable use

in markerless 3D hand and tool pose estimation. A practical mitigation is to use

an external RGB-D sensor (e.g., Azure Kinect DK (Microsoft, Redmond, USA)

or a comparable device) rigidly calibrated to the HoloLens 2. This would require

(i) rigid mounting and extrinsic calibration to the HoloLens coordinate frame, (ii)

low-latency power/data and streaming to an external computer for inference, and

(iii) attention to ergonomics and cable management. Given the discontinuation of

Azure Kinect DK [304], suitable alternatives—e.g., Orbbec Femto (Orbbec, Troy,

MI, USA))—should be evaluated in future work.

Despite these limitations, integrating the HUP-3D method into CAL-Tutor re-

mains a promising direction for future work. This could potentially be achieved

using external cameras that offer higher-quality RGB-D capture and are not con-

strained by the HoloLens 2’s hardware limitations. Such external setups would also

allow for more flexible placement and potentially wider field of view, improving the

robustness of hand-tool tracking in dynamic training scenarios. Future implemen-
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tations could benefit from compact, portable computing units—such as embedded

GPUs or wearable AI accelerators [305]—and next-generation commercially avail-

able OST-HMDs, enabling seamless integration of high-quality RGB-D tracking

into MR workflows without compromising mobility or performance.

6.3 Reflections and Broader Impact

This section reflects on the contributions, challenges and future research directions

of the thesis, while also offering personal impressions from the author. The research

presented spans three main areas, each with its own opportunities and challenges,

yet all driven by a shared goal of generating meaningful impact. Together, these

efforts contribute to advancing technology for medical MR, with a particular focus

on training and education. Some of the methods and tools explored may also prove

beneficial in surgical MR applications, particularly in scenarios where precise hand

motions and mental mapping of 2D imaging information to 3D patient anatomy

are crucial, such as surgical guidance. MR could support not only visual overlay

but also guide a surgeon’s hand movements—shifting the focus from traditional

AR-assisted navigation to dynamic motion guidance. In such contexts, accurate

tracking of hand-tool interactions is essential to ensure reliable and intuitive MR

system performance.

To pursue the broader vision of advancing medical AR, the thesis was struc-

tured around a series of exploratory and practical contributions, beginning with a

critical review of surgical AR technologies. First, this thesis aimed at exploring

the state-of-the-art of surgical AR, with the initial intention in mind to create a MR

solutions that improve surgical workflows within the scope of this thesis. However,

the literature review (Chapter 2) revealed that demonstration of clinical utility is

rare. One study even found that perfect registration can lead to unwanted side ef-

fects during guidance tasks, and that overlaid AR was found to cause inattention

blindness [69]. One option for the further development of this thesis could have

been to explore such a side-by-side but not directly overlaid 3D virtual visualisation

for surgical guidance tasks. The emphasis on human factor limitations is certainly a
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novel approach on conducting a systematic literature review and hopefully inspires

future research to categorize and address such human factors in more detail when

designing surgical AR applications. The literature review turned out to be more

in-depth and more complex and time consuming than initially planned. However,

the fact that the respective publication [53] is well-cited indicates that this literature

review was a relevant body of work for the research community.

Secondly, by focusing on the use of AR for medical education rather than

surgery — with the CAL-Tutor application (Chapter 3) as the central MR system

— this work explored a comparatively underrepresented area within the research

community. As of this writing, articles exploring MR-based training systems specif-

ically for obstetric US are rare, with the system proposed in [229] representing the

closest approach to CAL-Tutor. The MR aspect of CAL-Tutor was not without

limitations. The HoloLens 2 requires re-calibration for each user, and unwanted

shifts of 3D virtual overlays can occur during use. Additionally, the registration

of the 3D virtual object to the mother’s abdomen—including the fetus—had to be

performed manually, which is both time-consuming and error-prone. Moreover,

the limited battery life of the HoloLens 2 further impacts usability. Future itera-

tions of the application should aim to incorporate an automated registration process

to improve both accuracy and user experience. The initial experimental results of

the CAL-Tutor application suggest that MR holds promise for improving spatial

understanding and reducing the learning curve in obstetric US training. However,

further research with larger participant groups and extended evaluation periods is

needed to confirm these findings. A combination of MR-based training and ML

methods has the potential to significantly increase interest in this field, particularly

by enabling intelligent 3D virtual feedback and user-specific learning assistance.

Overall, MR-assisted training in obstetric US could offer a more cost-effective al-

ternative to conventional simulators, potentially enabling broader access to critical

medical education in regions where traditional training systems are financially out

of reach.

Thirdly, the second focus shift of this thesis towards markerless 3D hand and
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probe pose estimation marks another niche area in the broader landscape of MR-

assisted applications in obstetric sonography. While markerless hand and tool pose

estimation methods are an active research area, most methods either focus on grasp-

ing everyday objects [256, 269, 251] or surgical tools [240, 257, 241]. US probes,

however, come with specific requirements in terms of plausible grasp poses, which

introduce additional challenges to automated grasp generation methods. In this con-

text, the focus on markerless pose estimation for US probes presents a promising

and underexplored research direction that should be explored in greater depth. The

concept presented in Chapters 4 and 5, including the highly scalable synthetic image

rendering method based on sphere-based camera viewpoint sampling, holds strong

potential for advancing markerless 3D hand and tool pose estimation. By enabling

the efficient generation of diverse and realistic ML training data, this approach can

support broader applications beyond obstetric US, including surgical contexts. The

rendering time and visual quality of the synthetic images, as well as the overall

software-based rendering workflow, can certainly be improved. The current ap-

proach relies on a standard version of the 3D graphics software Blender [278].

However, a more advanced variant, BlenderProc2 [306], has been developed specif-

ically for photorealistic rendering. It includes built-in functionality for generating

realistic synthetic images and has already been successfully applied in surgical con-

texts [257]. Future iterations of the HUP-3D concept could incorporate tools like

BlenderProc2 for improved image rendering. Overall, special emphasis was placed

on maintaining low methodological complexity to enhance reproducibility and en-

courage further research in this area.

Fourthly, the use of RL-based grasp motion simulations, as described in Sec-

tion 5.5.1, may open up new possibilities for generating realistic and diverse hand

grasp poses, including pre-grasp configurations that enrich and diversify the dataset.

Such enhanced image datasets could lead to improved ML model training and, ul-

timately, to more effective 3D hand and tool pose estimation. In particular, future

work could explore integrating these datasets into real-time applications, bridging

the gap between simulation and clinical environments. This thesis aims to encour-

age further research in this area.
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6.4 Final Conclusions
This thesis, situated at the intersection of AR, 3D pose estimation within computer

vision, and ML, presented three main contributions: (i) a comprehensive literature

review of the state-of-the-art in surgical AR, with a particular focus on OST-HMDs,

which identifies key gaps in the existing research and proposes directions for future

exploration, particularly in addressing human factor limitations; (ii) the develop-

ment of an AR application designed for training in obstetric sonography, leveraging

the potential of MR in a niche field and encouraging further research in this area;

and (iii) the introduction of a novel and scalable method for markerless 3D hand

and tool pose estimation, with a specific emphasis on generating scalable and di-

verse synthetic image datasets for the specialised domain of obstetric US. Despite

specific challenges such as hardware and software limitations of the HoloLens 2,

and the generation of plausible grasp poses for US probes with DL models trained

on everyday objects, the results demonstrate the potential of integrating AR, 3D

computer vision, and ML to enhance medical education and, potentially, future

surgical workflows. Looking ahead, further research into MR- and ML-assisted

medical training methods may facilitate clinical adoption and support cost-efficient

education, particularly in regions with limited infrastructure and financial resources.

Additionally, the techniques developed in this thesis may serve as a foundation for

advancing AR-guided surgical procedures, where the challenges and benefits of

these technologies strongly align with those encountered in medical training.

This concludes the contributions and findings presented in this thesis, which

span the intersection of AR-assisted surgery and medical education, the generation

of synthetic hand–probe grasp images, and the use of DL-based generative models.

It is the author’s hope that this work not only addresses existing gaps but also lays

a foundation for more scalable, accessible, and intelligent solutions in AR-assisted

medical training and guidance. As the technology continues to evolve, such interdis-

ciplinary efforts may contribute to shaping the next generation of clinical education

and surgical support systems.



Appendix A

Additional Details on the Literature

Review of Chapter 2

This Appendix aims to provide some additional information in the context of the

systematic literature review of OST-HMD-assisted surgery, presented in Chapter 2.

The three tables shown below allow the reader to delve deeper into some informa-

tion extracted from the 91 selected articles that were used for the in-depth analysis

of the literature’s state-of-the-art. Table A2 lists the 91 studies by the type of OST-

HMD used, surgical context, and surgical procedure. The surgical context refers to

the interventional setting, such as surgical guidance or preoperative planning, while

the surgical procedure describes the actual intervention—such as needle biopsy or

intraoperative bone localisation—that potentially benefits from OST-HMD assis-

tance. Moving toward a crucial part of the systematic literature review—the iden-

tified human factors—Table A3 lists all addressed and persistent human factors per

study. Addressed factors are limitations the OST-HMD aimed to overcome; per-

sistent ones remained despite its use. Lastly, Table A4 provides an overview of

the types of AR visualisation used, the conducted experiments, and the reported

accuracy results. The table aims to establish a loose connection between the vi-

sual perception of 3D virtual content, the experimental evaluation of utility, and the

types of measured accuracy, including reported accuracy values. The table thereby

provides the reader with an overview of how utility was measured in relation to

specific types of 3D virtual assistance.



Table A1: Acronyms used in Table A2 (surgical context)

SG Surgical Guidance PS Preoperative surgical planning SA Intraoperative Surgical Anatomy
Assessment

ST Surgical training TELC Teleconsultation during surgery REV Intraoperative review of preoper-
ative 2D imaging and/or patient
records

TELM Telementoring DOC Intraoperative Documentation PM Patient Monitoring
TP Surgical Tool Placement IO Image overlay for navigation SI Screw Insertion
NI Needle Insertion CI Catheter Insertion KWI K-Wire Insertion
EG MIS Endoscopy Guidance SP Stent-graft Placement DTG Drill Trajectory Guidance
PN Imaging Probe Navigation SNN Surgical Saw Navigation CA C-arm Positioning Guidance
RP Robot Placement DG Dissection Guidance AI Anatomy Identification

Table A2: Studies listed by OST-HMD, surgical context and surgical procedure

Study OST-HMD Surgical context Surgical procedure

[87] Google Glass TELC Reconstructive limb salvage procedures
[88] Google Glass TELM shoulder arthroplasty
[89] nVisor ST60 SG (SI) Percutaneous implantation of sacroiliac joint screw
[71] Custom De-

vice
SG (DTG) Dental implant surgery

[163] Google Glass REV, ST,
DOC, TELC

Different urological surgical procedures

[164] Google Glass ST, TELM Inflatable penile prosthesis placement
[145] Google Glass PM Bronchoscopy
[90] nVisor ST60 SG (SI) Percutaneous implantation of sacroiliac joint screw
[91] Brother

AirScouter
WD-100G

SG (TP) General intra-operative guidance (no concrete application, only mea-
surement of attentiveness to the surgical field)

[131] Moverio BT-
200

SG (CI) Central venous catheterisation under US guidance

[122] Google Glass SG (SI) spine instrumentation (pedicle screw placement)
[93] Google Glass REV, TELC Orthopaedic procedures
[149] HoloLens PS, ST Preoperative diagnosis & planning of coronary heart disease
[132] HoloLens SG (CI) Interventional endovascular stenting of aortic aneurysm
[66] HoloLens SAA, TELC Visceral-surgical interventions
[157] Moverio BT-

200
SAA Improvement of the body surface contour in plastic surgery.

[92] PicoLinker
glasses

SG (KWI) Fluoroscopy controlled K-wire insertion into femur

[150] Custom De-
vice

PS Preoperative diagnosis of coronary heart disease

[96] HoloLens SG (NI) Percutaneous vertebroplasty, kyphoplasty and discectomy procedures
[97] HoloLens SG (KWI) Percutaneous orthopaedic surgical procedures
[146] HoloLens SG (DTG) Access cavity Preparation in Endodontic treatment
[98] HoloLens ST Hip arthroplasty
[166] HoloLens SG (RP, TP,

EG)
Increase the First Assistant’s task performance during robot-assisted la-
paroscopic surgeries

[95] HoloLens SG (TP) Intra-operative bone localisation
[123] HoloLens PS Identification of a hemodynamic scenario that predicts an aneurysm

rupture
[113] HoloLens SG (NI) Needle biopsy
[124] HoloLens SG (IO) Neurosurgical applications
[158] HoloLens SG (DG) Vascular pedunculated flaps of the lower extremities (reconstruction

surgery)
[94] HoloLens SG (CA) percutaneous orthopaedic procedures
[115] HoloLens ST example: transesophageal echocardiography examination
[114] HoloLens SG (IO) N/A
[140] Google Glass DOC Surgical time-out checklist execution
[138] HoloLens SG (TP) N/A
[99] HoloLens SG (SI) pedicle screw placement
[151] HoloLens PS Repair for complex congenital heart disease
[100] HoloLens SG (IO) Orthopaedic surgery (no specific procedure)

(continued on next page)



Table A2 (continued)

Study OST-HMD Surgical context Surgical procedure

[103] HoloLens SG (KWI) C-arm fluoroscopy guided k-wire placement
[101] HoloLens SG (AI) Identification of spinal anatomy underneath the skin
[62] HoloLens SG (IO) General image-guided surgical navigation (no specific application)
[102] HoloLens SG (SI) Placement of pedicle screws in spinal fusion surgery
[152] HoloLens SG (CI) transcatheter procedures for structural heart disease
[116] HoloLens TELM Abdominal incision
[135] HoloLens TELM Leg fasciotomy
[117] HoloLens SG (TP) liver tumor puncture
[161] HoloLens SG (IO) Head and neck tumor resections
[133] HoloLens SG (NI) Seed implantation thoracoabdominal tumor brachytherapy
[139] HoloLens SG (IO) General SG (no specific surgical application)
[126] HoloLens SG (TP) Craniotomy
[127] HoloLens SG (NI) Needle-based spinal interventions
[168] HoloLens PS Nephron-sparing surgery
[104] HoloLens SG (TP) Percutaneous orthopaedic treatments
[134] Hololens SG (SP) Endovascular aortic repair
[147] Magic Leap

One
SG (PN) Tooth decay management

[160] Moverio BT-
200

SG (SSN) Mandibular resection

[172] Vuzix M300 PM None
[167] HoloLens RP Set up of robotic arms by surgical staff (especially minimally invasive

gastrectomy (abdominal surgery))
[118] HoloLens PS Liver resection
[125] HoloLens SG (IO) Neurosurgical applications
[119] HoloLens SG (NI) Seed implantation thoracoabdminal brachytherapy
[128] HoloLens ST Neurosurgical burr hole localisation
[120] HoloLens SG (EG) Ureteroscopy
[105] Moverio BT-

200
SG (SSN) Free fibula flap

[129] Moverio BT-
300

SG (EG) Percutaneous endoscopic lumbar discectomy

[154] HoloLens ST N/A
[130] HoloLens SG(CI) External ventricular drainage (EVD)
[136] HoloLens PS Endovascular procedures
[137] Arzyon head-

set
ST Central venous catheterisation

[106] HoloLens PS Repair of complex paediatric elbow fractures
[141] HoloLens PS Complex surgical procedures
[148] HoloLens ST No direct surgical procedure (teaching of dental anatomy)
[169] HoloLens PS Nephron-Sparing Surgery in Wilms’ Tumor Surgery
[165] HoloLens ST Urologic surgical procedures (bladder catheter placement)
[142] HoloLens SG (DG) Right colectomy with extended lymphadenectomy
[112] PicoLinker

glasses
SG (SI) Single-segment posterior lumbar interbody fusion

[307] HoloLens SG (NI) Transjugular intrahepatic portosystemic shunt (TIPS)
[170] HoloLens SG (NI) Percutaneous needle interventions
[144] HoloLens PS Example use cases: laparoscopic liver resection and congenital heart

surgery
[121] HoloLens SG (DG), PS,

TELC, ST
Laparoscopic partial nephrectomy / Laparoscopic radical nephrectomy

[107] HoloLens SG (NI) Percutaneous image-guided spine procedures
[108] HoloLens SG (DTG) Total shoulder arthroplasty
[65] HoloLens SAA Open Abdomen Surgery
[109] HoloLens SG (SNN) Hallux Valgus correction
[110] HoloLens SG (SI) Spinal instrumentation
[111] HoloLens SG (KWI) Reverse total shoulder arthroplasty (RSA)
[171] Metavision

Meta 2
SG (EG) Laparoscopic procedures

[143] HoloLens SAA N/A
[153] HoloLens TELM Cricothyroidotomy
[155] HoloLens SG (IO) Surgery of the parotid gland
[156] HoloLens SG (IO) Lateral Skull Base Surgery
[159] HoloLens SG (DG) Perforator flap transfer
[162] HoloLens SG (IO) Mandibular reconstruction



Table A3: Addressed and Persistent Human Factors (notation: human factor(s) on the left
side of the arrow trigger other human factor(s) on the right side of the arrow).

Study Addressed Human Factors Reported Persistent Human Factors

[113] MM, INTPN 2D DETAIL, HEC, SLC N/A
[166] ATTN SHIFT → HEC, TOOL ADJUST, DPPC,

EXP OUTCOME, SPATIAL PERC
VIS OPT

[89] ATTN SHIFT→ INC N/A
[90] [ATTN SHIFT→ HEC, DIST, CONC LS], SLC N/A
[96] ATTN SHIFT→ HEC EASE HCI, SLC, VIS OPT, COMF
[97] ATTN SHIFT→ DIST, MM, SLC DPPC
[98] SUBJ MEAS OUTCOME, SLC PER REAL AUG, FAT, IMMR,

EASE HCI, SPATIAL PERC
[91] ATTN SHIFT→ DIST EYE
[99] ATTN SHIFT→ HEC VIS OPT
[122] ATTN SHIFT, HEC CONC LS, ANX
[100] ATTN SHIFT, SLC N/A
[101] [INTPN 2D DETAIL→ SURG] PER REAL AUG
[102] INTRA OP NAV N/A
[95] [ATTN SHIFT→ SURG ERR], [MM→ SLC] N/A, DPPC
[103] [ATTN SHIFT → HEC], [MM → FRUS], SPA-

TIAL PERC
N/A

[138] ATTN SHIFT, MM N/A
[146] [ATTN SHIFT→ SLC & SURG ERR], DPPC N/A
[157] ATTN SHIFT, SUBJ MEAS OUTCOME PREF HOL, PER REAL AUG
[158] [INTPN 2D DETAIL→ SURG ERR], DPPC N/A
[151] DPPC, COMM 3D, MM EASE HCI
[149] EMP EST 2D, EASE HCI, CLIN EXP 2D EASE HCI
[150] EMP EST 2D, EASE HCI EASE HCI
[152] [DPPC, INTPN 2D DETAIL → IN-

TRA OP NAV]
EASE HCI, VIS OPT

[160] [ATTN SHIFT→HEC], DPPC, SPATIAL PERC COMF
[131] [ATTN SHIFT→ HEC] N/A
[132] MM EASE HCI
[123] COMM 3D EASE HCI
[124] MM, ATTN SHIFT SPATIAL PERC
[167] SPATIAL PERC, TOOL ADJUST, SLC PER REAL AUG
[92] [ATTN SHIFT→ SURG ERR] N/A
[71] STRESS, MIP, [ATTN SHIFT → ERG,

SURG ERR]
VIS OPT

[163] N/A USEF
[94] MM, INTRA OP NAV SPATIAL PERC,

SUBJ MEAS OUTCOME
[66] MM, [ATTN SHIFT→ HEC], SPATIAL PERC COMM 3D
[87] SLC N/A
[115] SLC, MM, SPATIAL PERC SPATIAL PERC, FAT
[116] ATTN SHIFT, MM, FRUS, DPPC FRUS
[135] CLIN EXP 2D, SLC, HEC, EXP OUTCOME ANX, COMF, CONF
[118] MM, SPATIAL PERC SPATIAL PERC, COMF
[125] [ATTN SHIFT→ SURG] N/A
[133] MM, SLC N/A
[105] MM, ATTN SHIFT N/A
[139] ATTN SHIFT N/A
[126] [ATTN SHIFT→MM, HEC], SPATIAL PERC COMF
[127] ATTN SHIFT, MM DPPC
[119] ATTN SHIFT, SURG SLC
[168] [ANAT PLN→ SURG] SPATIAL PERC
[104] MM SPATIAL PERC
[128] MM, EXP OUTCOME, SLC, SPATIAL PERC SPATIAL PERC
[129] [ATTN SHIFT→ HEC] COMF
[93] ATTN SHIFT EASE HCI
[134] SPATIAL PERC N/A
[140] SURG N/A
[147] SURG, ATTN SHIFT, HEC DPPC
[172] DIST, FAT DIST

(continued on next page)



Table A3 (continued)

Study Addressed Human Factors Reported Persistent Human Factors

[88] SLC COMF
[62] EYE, SUBJ MEAS OUTCOME SUBJ MEAS OUTCOME
[164] SLC, DIST DIST, USEF, EASE HCI
[120] [ATTN SHIFT, HEC → SURG, SPA-

TIAL PERC]
COMF, SPATIAL PERC

[117] SLC, ATTN SHIFT, HEC, SPATIAL PERC N/A
[161] SURG N/A
[114] ATTN SHIFT N/A
[145] ATTN SHIFT N/A
[154] ENG MOT ENG MOT, SPATIAL PERC
[130] EXP OUTCOME EASE HCI
[136] ATTN SHIFT, SPATIAL PERC SPATIAL PERC
[137] SLC USEF, EASE HCI, FRUS
[106] SPATIAL PERC, CONF SPATIAL PERC
[141] N/A SPATIAL PERC
[148] SPATIAL PERC, CONF EASE HCI, COMF, USEF
[169] DPPC, SPATIAL PERC USEF, CONF
[165] N/A EASE HCI, CONF, SLC
[142] N/A CONF, SPATIAL PERC
[112] [ATTN SHIFT→ SURG, INC] N/A
[307] SURG, SPATIAL PERC SURG
[170] [HEC→ SURG] FAT, INC, COMF
[144] SPATIAL PERC, MM DPPC, COMF
[121] SPATIAL PERC, SURG N/A
[107] MM EASE HCI
[108] ATTN SHIFT, SURG N/A
[65] ATTN SHIFT, SURG, MM, SLC COMF, STRESS, EASE HCI, DPPC
[109] SLC, EXP OUTCOME, SURG EXP OUTCOME
[110] SLC, EXP OUTCOME, SURG, ATTN SHIFT N/A
[111] SURG, EXP OUTCOME N/A
[171] [ATTN SHIFT→ HEC], SLC, COMF, FAT DPPC, COMF, EASE HCI, USEF
[143] N/A EASE HCI, USEF, VIS OPT, COMF
[153] [ATTN SHIFT→MM, SURG] EASE HCI, FRUS
[155] N/A EASE HCI, COMF
[156] SPATIAL PERC N/A
[159] DPPC, MM N/A
[162] N/A N/A
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Appendix B

Implementation Details of the

Synthetic Image Dataset Generation

Pipeline in Chapter 4

This appendix provides supplementary material intended to support the reader in

understanding key aspects of the synthetic image generation method used for mark-

erless 3D hand and tool pose estimation, as presented in Chapter 4. Section B.1

describes the camera sphere parameters required to programmatically generate the

virtual sphere around the hand holding the tool. Section B.2 outlines the parameters

used to control grasp generation and rendering within the proposed pipeline.
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B.1 Explanation of Camera Sphere Parameters
To support a clearer understanding of the mathematical concepts behind the sphere-

based camera view generation method defined in Equations 4.1 and 4.2, Chapter 4,

this appendix provides a detailed explanation of the relevant parameters. Firstly,

it outlines the parameters of the number of latitude segments and circles per seg-

ment. Secondly, it describes the spherical coordinates used to define the camera

viewpoints.

Number of Latitude Segments (Nφ ) and Circles per Segment (N(i)
circ)

• rcirc: The angular (geodesic) radius of each viewing circle (spherical cap) on

the sphere. For a given sphere configuration, all circles use the same rcirc.

This parameter controls the coverage–overlap trade–off: larger rcirc⇒ more

overlap, fewer gaps.

• rsph: The radius of the sphere on which the camera viewpoints are distributed,

i.e. the overall size of the area being considered for viewpoint placement.

• Nφ : The number of latitude floors on the sphere, which is calculated based

on the ratio of the circle radius (rcirc) to the sphere radius (rsph). Nφ is used

to divide the sphere into horizontal segments, where each segment’s height is

determined in such a way that it roughly matches the diameters of the circles

(2rcirc).

• ⌊·⌋: The floor function, which rounds down to the nearest integer, and ensures

that the number of segments and circles per segment are whole numbers.

• N(i)
circ: The number of circles in the i-th latitude segment, based on the cir-

cumference of the sphere at latitude θi divided by the diameter of the circles,

ensuring even spacing of the viewpoints.

• θi: The colatitude angle for the i-th latitude segment, with θi ∈ {0, . . . ,π}
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Spherical Camera Viewpoint Coordinates

• (θi,φ
(i)
j ): The spherical coordinates that define the camera viewpoints. θi is

defined above. φ
(i)
j = j · 2π

N(i)
circ

is the azimuthal angle for the j-th circle within

the i-th latitude segment. The term 2π

N(i)
circ

ensures an even distribution around

the latitude circle.

B.2 Grasp Generation and Rendering Pipeline Con-

figuration
Table B1 outlines the different parameters of the frame generation pipeline, which

influence the diversity and quantity of frames produced. Using the variable nota-

tions of Table B1, the frame generation used to create the dataset can be expressed as

in Algorithm 1. This algorithmic formulation highlights the combinatorial structure

of the pipeline and its potential for scalable dataset generation.

Algorithm 1 Combinatorics for frame generation based on a selected grasp
Input: Selected grasp (G[ΘVol ]

)k , egocentric viewpoint zego, background image Gbkgr, hand texture Hrgb, camera Euler
angles Θk , sphere radius rsph, circle radius rcirc
Output: Set of frames F

1: Initialize F ← /0
2: for all (G[ΘVol ]

)k,zego,Gbkgr,Hrgb,Θk do
3: f rame← GenerateFrame((G[ΘVol ]

)k,zego,Gbkgr,Hrgb,Θk,rsph,rcirc)

4: F ← F ∪{ f rame}
5: end for
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Table B1: Frame generation configuration

Parameter Description Values

(ΘVol) j

k-th (k ∈ [1, ..,N]) probe rota-
tion Euler angles, used within
GrabNet

Manually selected set of three
Euler angles [α,β ,γ|α,β ,γ ∈
[0, ...,360]]

(G[ΘVol ])k

k-th manually selected
GrabNet-based grasp out of
all grasps generated by ΘVol

11 manually selected plausible
grasps via visual inspection in
MeshLab

rsph

Sphere radius (egocen-
tric camera distance;
eye–to–hand)

{0.5,0.8}m
Note: Both values of rsph are used to
render a full set of viewpoints over the
sphere at each eye–to–hand distance.

rcirc Sphere surface circle radius 0.15m

Θk

k-th (k ∈ [1, ..,92]) camera
view point Euler angles that
depend on rsph and rcirc

92 - 2 excluded = 90 values. Con-
crete Euler angles can be derived
from applying the sphere con-
cept described in Section] 4.2.3 of
Chaper 4

Gbkgr

Background image for ren-
dered
grasp frames

1 x plain white, 1 x consultation
room, 3 x SPACE-FAN phantom,
3 x real pregnant mother belly
(white / brown / black)

Hrgb RGB values of glove texture

 0.5647058824
0.5921568627
0.768627451

, 0.38039215686
0.61960784314
0.8666666667


Argb RGB values of the arm [1.0,0.6784313725,0.3764705882]
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Kazimierczak, and Piotr Gutowski. Holographically-guided endovascular

aneurysm repair. Journal of Endovascular Therapy, 26(4):544–547, 2019.
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[220] Vı́ctor Mondéjar-Guerra, Sergio Garrido-Jurado, Rafael Muñoz-Salinas,
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