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Abstract

Clinical videos are essential in medical intervention, diagnosis, and training, yet their analysis
presents substantial challenges due to the complexity and variability inherent in clinical environ-
ments. Traditional methods, reliant on manual annotation and human expertise, are limited in
scalability and efficiency, particularly in resource-constrained settings. While deep learning offers
promising avenues for automation, conventional RGB-based approaches struggle with issues
such as occlusions, poor visibility during surgeries, and complex clinical backgrounds. To address
these issues, the use of geometric features, such as bounding boxes, depth maps, and human
skeleton data, provides a promising solution. These features enable efficient and robust structured
understanding in clinical video analysis. This thesis explores how geometric feature enhanced
deep learning can address these challenges, focusing on three critical objectives: long-term video
anticipation, video quality improvement, and fine-grained semantic understanding.

For long-term video anticipation, a novel adaptive graph learning framework leveraging
geometric features as the primary input is proposed for surgical workflow anticipation. This
framework introduces a novel geometric representation including bounding boxes of surgical
instruments and anatomical targets. Its adaptive graph dynamically selects and updates graph
structures to capture the evolving relationships in surgical videos. Validated on two benchmark
datasets, this approach demonstrates robust performance across diverse surgical scenarios, offering
meaningful predictive insights for surgical teams and semi-autonomous robotic systems.

For video quality improvement, a depth-aware endoscopic video inpainting framework that
fuses geometric features and visual features is introduced to address challenges in extreme
clinical environments. The framework integrates a Spatial-Temporal Guided Depth Estimation
module for direct depth prediction, a Bi-Modal Paired Channel Fusion module for effective visual-
depth feature integration, and a Depth-Enhanced Discriminator for assessing the fidelity of
reconstructed RGB-D sequences. Unlike traditional 2D-only approaches, this method incorporates
depth information, significantly enhancing the realism and spatial accuracy of inpainted content
in endoscopic videos.

For fine-grained semantic understanding, multi-view geometric features are integrated into
clinical skill assessment frameworks for procedures such as Traditional Chinese Medicine (TCM)
physical therapy and Cardiopulmonary Resuscitation (CPR). Two novel publicly accessible multi-
view video datasets are introduced for TCM physical therapy and CPR, alongside the Cross-view
Multimodality Enhanced Action Quality Assessment framework. This framework combines
geometric and visual features for clinical skill assessment, supporting single-view input during
inference while retaining multi-view awareness from training. It significantly improves perfor-
mance in complex tasks such as Needle Depth and Quick Needle Movements. Furthermore, in
experiments with the CPR dataset, the proposed framework delivered performance comparable
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to that of human experts.
By respectively integrating geometric features as input, for feature fusion, and through

multi-view approaches within deep learning frameworks, this thesis demonstrates significant
improvements in addressing distinct challenges in clinical video analysis through geometric
feature enhanced deep learning. The results hold promising potential for further applications in
automated clinical video analysis, including medical intervention, diagnostics, and training. Most
of the works have been recognized in peer-reviewed conferences and journals, underscoring their
impact and relevance within the field.
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CHAPTER 1

Introduction

Clinical videos are essential resources for clinical intervention [16], diagnosis [17], and

training [18]. Traditional analysis methods often require the significant effort of human

experts [19], which limits accessibility in developing regions. Recently, the development

of deep learning and its application in computer vision has improved this situation by

providing low-cost, automatic analysis methods [20]. Deep learning systems process raw

RGB clinical videos into latent features and use a learnable approach to infer various

predefined tasks such as clinical workflow planning [21], scenario reconstruction [13],

and clinical training skill assessment [22]. These advancements significantly enhance the

accessibility and convenience of clinical video analysis.

In this thesis, the term clinical video mainly encompasses two distinct types: (1) endo-

scopic videos, which are captured internally during minimally invasive procedures for

diagnosis or surgical intervention, and (2) training videos, which are externally recorded

using standard RGB cameras during clinical education sessions, such as Cardiopulmonary

Resuscitation (CPR) or acupuncture training. These two types of clinical videos are se-

lected because they represent different but complementary challenges for video analysis.

Endoscopic videos [23] typically involve constrained viewpoints, variable lighting, and

anatomy-instrument interactions, making tasks like future understanding and video
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quality enhancement critical. In contrast, training videos feature broader scene contexts

with full-body and complex human-object interactions [24, 25], requiring efficient under-

standing of motion quality. Addressing both types enables a comprehensive exploration

of geometric feature integration across varied clinical video scenarios.

While current deep learning methods have improved clinical video analysis, specific

environmental conditions in clinical settings continue to pose significant challenges for

conventional deep learning frameworks [26]. For instance, intra-operative video feeds

during surgeries may suffer from poor visibility due to lighting variations and obstruc-

tions such as blood or smoke [27], which often introduce additional noise into the input

for deep learning systems, leading to inaccurate analysis outcomes [28]. Additionally,

in non-surgical clinical scenarios such as rehabilitation [24], the lack of resilience in

conventional deep learning frameworks causes them to struggle with complex hospital

backgrounds [29], often preventing them from capturing the most relevant features

and delivering accurate inferences. These challenges mean that deep learning systems

cannot yet be considered fully reliable for real-world clinical applications [30], necessi-

tating robust solutions that incorporate structured understanding and task-specific prior

knowledge to enhance performance [31].

To improve structured understanding and task-specific prior knowledge in deep

learning for clinical video analysis, introducing geometric features could be a promising

solution [32]. In computer vision, these features capture the shape, spatial relation-

ships, and structural details of objects within video frames. They encompass bounding

boxes [21], depthmaps [33], and human body skeletons [34], providing structured insights

beyond what traditional RGB-based visual features offer. This is especially important in

clinical environments where complex backgrounds often obscure critical details [35].

This thesis primarily followed an inductive approach. It was initially motivated by

the idea that geometric features could enhance clinical video analysis. The selection

of specific features, such as bounding boxes, depth maps, and human skeletons, was

progressively refined through experimentation across multiple clinical scenarios. By

observing which features most effectively improved performance in tasks such as surgical

workflow anticipation, endoscopic video inpainting, and clinical skill assessment, the

thesis gradually generalized the role of geometric features as essential components for
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Chapter 1. Introduction

enhancing deep learning models in clinical video analysis.

In addition to presenting the research findings, this thesis is structured to serve

two primary audiences: researchers entering the field of clinical video analysis and

clinicians seeking to understand how advanced deep learning techniques can support

and enhance their practice. It aims to provide a complete and independent exploration of

how geometric features, including bounding boxes, depth maps, and human skeletons,

can be systematically integrated into deep learning frameworks to address real-world

clinical challenges. Following a structured progression, the thesis moves from anticipating

procedural events to enhancing the quality of clinical imaging and ultimately to assessing

clinical skills. Through this unified exploration, it demonstrates the evolving role of

geometric feature enhanced deep learning across diverse clinical video scenarios.

1.1 Motivations

1.1.1 Motivations for Clinical Video Analysis

Existing solutions for daily scenario analysis have made notable progress [36], but clinical

video analysis presents unique challenges that require dedicated attention. In medical

environments, the stakes are considerably higher and errors in video interpretation can

directly impact patient safety and treatment outcomes [37]. Complex factors such as

variable lighting, occlusions from instruments or bodily fluids, and the dynamic nature

of clinical procedures necessitate robust analytical methods that deliver accurate insights

in real-time contexts [30]. Furthermore, the varied applications of clinical video [20],

which include monitoring surgical workflows, conducting diagnostic assessments, and

facilitating clinical training, require tailored solutions that effectively address the specific

challenges associated with each context.

There is also a significant need for automated solutions to overcome resource limi-

tations in healthcare [38], particularly in rural regions where expert personnel may be

rare [39]. By leveraging advanced automated techniques such as deep learning and incor-

porating domain-specific insights [38], clinical video analysis could improve accessibility,

accuracy, and overall patient care, ultimately bridging the gap between technology and

healthcare delivery.
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1.1. Motivations

1.1.2 Motivations for Deep Learning in Clinical Video Analysis

Clinical video analysis often requires significant human effort [16]. For instance, in

clinical skill assessments, even senior experts must follow complex evaluation procedures

that involve repeated video reviews, peer feedback, and facilitator guidance [40]. This

reliance on manual interpretation limits the potential of clinical videos, which are easy

to capture but challenging to fully utilize, especially in regions lacking sufficient senior,

experienced medical staff [41].

Recent advancements in deep learning offer a promising solution to this issue. Deep

learning methods learn directly from data, adjusting model parameters through training

and feedback from loss functions [1], a process that mirrors how human experts acquire

knowledge in medical fields. There is substantial evidence of deep learning’s success in

medical applications [42], particularly in static medical imaging analysis. For example,

the FDA has approved the real-world application of AI-powered screening for diabetic

retinopathy using fundus photography [43]. More recently, the application of computer

vision in surgical assistance [44] and clinical training evaluation [45] highlights the

potential of deep learning in broader clinical video applications beyond medical imaging.

Despite this potential, clinical video analysis poses distinct challenges that differen-

tiate it from traditional deep learning for video analysis, necessitating more advanced

solutions tailored to the medical domain. In surgical settings, for instance, visibility issues

such as lighting variations [46], smoke [27], or blood [46] make it difficult for conven-

tional methods to extract meaningful information in real time. Similarly, non-surgical

clinical environments, such as rehabilitation [24] or emergency care [47], often feature

complex backgrounds and dynamic conditions that impede traditional deep learning

systems from capturing the most relevant features. Hence, there is still a need for specific

designs to introduce deep learning into clinical video analysis.

1.1.3 Motivations for Geometric Feature Enhanced Deep Learning

The introduction of geometric features provides a promising and necessary enhancement

to overcome the limitations of traditional deep learning methods based solely on visual

features in clinical video analysis [48]. Visual features from RGB frames in common deep
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learning methods such as Convolutional Neural Network (CNN) focus on pixel-level

information [49], limiting their ability to capture higher-level spatial relationships [50]

and making them susceptible to environmental variations in video [51]. Geometric

features facilitate a more structured understanding by correlating visual features with

structural prior knowledge [48]. These geometric features include bounding boxes [21],

depth maps [52], and human body skeletons [22]. They contribute to a more robust

understanding of video content [53], which is crucial for analyzing clinical videos in

complex and dynamic clinical settings.

There are many different existing geometric features and associated prior knowledge

in various clinical applications. In surgical settings, geometric features such as bound-

ing boxes can enhance the monitoring of spatial relationships between tools [21] and

anatomy [54] by explicitly locating them, maintaining effectiveness even when tradi-

tional visual features are compromised by factors such as smoke or poor lighting [46]. In

rehabilitation or emergency care, these features provide clearer descriptions of human

motions by isolating and tracking critical body movements within complex environ-

ments [22, 55], enabling more accurate and reliable inferences. Therefore, integrating

geometric features and their associated prior knowledge into clinical video analysis could

significantly improve a system’s ability to capture abstract relationships from complex

visual information across various clinical applications [56], leading to more accurate and

robust deep learning frameworks for clinical video analysis.

1.2 Problem Definitions

This thesis investigates the potential of geometric feature enhanced deep learning in

clinical video analysis by addressing three core challenges: long-term video anticipation,

video quality enhancement, and fine-grained semantic analysis (i.e, evaluating how well

a clinical skill is performed). These challenges are uniquely prominent in clinical video

analysis and differ significantly from those encountered in general video tasks [57, 58].

Each challenge highlights specific limitations of traditional deep learning models, which

are often optimized for general applications and struggle to meet the specialized demands

of clinical scenarios. By framing these challenges as key objectives, this thesis aims to
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demonstrate how the integration of geometric features can address these limitations and

advance the field of clinical video analysis.

1. Long-term Video Anticipation: One of the significant distinctions in clinical

video analysis is the prevalence of long-term videos, particularly during procedures such

as surgeries, where recordings could span several hours [2]. Unlike recognition tasks in

everyday scenarios that primarily focus on understanding the current state, clinical videos

require the ability to anticipate future steps to adequately prepare for events before they

occur, particularly for tasks like surgical workflow anticipation [4]. This need involves

predicting subsequent steps based on long-term temporal dynamics, which is further

complicated by the highly variable and dynamic nature of clinical interventions [4].

Standard video analysis methods, which often rely on pixel-level information, struggle

to efficiently extract meaningful insights over extended periods, especially when tasked

with tracking complex and evolving interactions between instruments and anatomical

structures [21]. The detailed definition of this problem is provided in Section 1.2.1.

2. Video Quality Improvement: Clinical videos, particularly those captured in

endoscopic procedures, often suffer from poor visibility due to obstructions such as blood,

smoke, or fluid, as well as sudden shifts in camera angles within a very narrow field of

view [10]. Unlike other domains, clinical settings require not only the recovery of visual

data but also the preservation of complex anatomical details [59], which are essential for

accurately assessing patients’ conditions during examinations. Standard video quality

enhancement methods often assume consistent lighting conditions and rely heavily on

optical flow as a reference for inpainting flawed regions [60]. Additionally, these methods

primarily focus on reconstructing 2D RGB details [61]. These limitations may fail to

reconstruct spatial details realistically under variable lighting conditions, as is commonly

encountered in clinical video settings. The detailed definition of this problem is provided

in Section 1.2.2.

3. Fine-grained Semantic Analysis: Fine-grained analysis in video analysis refers to

the detailed understanding of variations within a type of action [62], meaning the analysis

goes deeper than common action recognition. In particular, it involves assessing how

well an action is executed, which is crucial in clinical settings. In contrast, coarse-grained

analysis in common video analysis refers to a model’s ability to recognize what type of
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action is being performed by distinguishing between different activity categories [62, 63],

which often lacks the capacity for detailed action understanding. Clinical skill assessment

requires fine-grained analysis to capture subtle variations in movement and technique,

as these can significantly impact a healthcare professional’s competency and, ultimately,

patient outcomes [64]. For example, recognizing that a surgeon is suturing is not sufficient;

it is equally important to evaluate whether the technique is precise and adheres to

best practices [65]. Capturing this level of detail is particularly challenging due to

common issues such as self-occlusion, where parts of the clinician’s body obscure essential

actions, and the complex, dynamic environments in which clinical procedures are carried

out [66,67]. Standardmethods for fine-grained semantic understanding in skill assessment

often rely on single-view recordings [68]. As a result, they fail to fully exploit the

potential of geometric features for clinical video analysis. Specifically, these methods do

not adequately address the need for multi-view understanding [69], which is crucial for

effectively capturing the full semantics of movements and interactions in clinical settings.

The detailed definition of this problem is provided in Section 1.2.3.

In summary, by focusing on three critical challenges: long-term video anticipation,

video quality enhancement, and fine-grained semantic analysis, this thesis demonstrates

the power of geometric features in addressing the specific demands of clinical video

analysis. These enhancements are crucial for improving real-time processing, increasing

robustness against video degradation, and achieving a deeper, structured understanding

of medical procedures [35].

While the first two challenges address improvements in endoscopic video analysis,

the third challenge extends the investigation to human motion analysis in clinical training

scenarios. This extension was motivated not only by practical constraints, such as the

limited availability of large-scale annotated surgical video datasets, but also by a scientific

need to validate the broader applicability of geometric feature-enhanced deep learning.

Both endoscopic imaging and clinical training videos share core challenges, such as

occlusions, complex motion patterns, and the need for structured feature extraction [70,

71], but they differ significantly in scene dynamics and task objectives. By addressing

clinical skill assessment tasks such as Traditional Chinese Medicine (TCM) physical

therapy and Cardiopulmonary Resuscitation (CPR), this research systematically evaluates
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whether geometric feature integration can generalize across different types of clinical

videos. This broader evaluation framework strengthens the thesis’s contribution by

demonstrating the versatility and scalability of geometric feature-based approaches

beyond inner-body imaging to human-centered clinical activities.

1.2.1 Surgical Workflow Anticipation

Figure 1.1: An example of common surgical workflow anticipation from Chapter 3,
where the end of cataract surgery is treated as an anticipated event. The black line
represents the ground truth countdown time to the end of surgery, while the green
line depicts the predicted remaining time for surgery, with each prediction at a given
time point relying solely on the information available up to that point. The upper part
illustrates the anticipation for a standard case with normal eye conditions, while the
bottom part represents a more challenging case involving significant eye inflammation.
The anticipation is expected to achieve reasonable accuracy across different cases.

Surgical workflow anticipation is chosen over other types of clinical videos to demon-

strate the potential of geometric feature enhanced deep learning in addressing long-term

video anticipation because surgical videos are uniquely suited to highlight these chal-

lenges. These videos are characterized by their extended durations [2], high complex-

ity [21], and the critical need for real-time decision-making [72]. They involve dynamic

interactions between surgical instruments, anatomy, and the surgical environment [21],

making them an ideal and challenging case study for testing methods that require long-

term anticipation. The surgical workflow anticipation task involves predicting future

steps from real-time intra-operative video feeds, which is crucial for enhancing surgical

decision-making and promoting patient safety [4]. The input consists of the clinical video

clip that has already occurred, while the output is the countdown time to the surgical

8



Chapter 1. Introduction

event of interest, such as switching instruments, initiating different surgical phases, or

completing the surgery (see Fig. 1.1).

In detail, this task could be defined mathematically as follows: Given an observed

surgical video clip XTobs ∈ RTobs×H×W ×3, where X denotes the RGB frames, Tobs denotes

the observed time point, and H × W represents the spatial dimensions, the task is to

regress the countdown time Ye ∈ RE for the surgical event e with a given upper bound

horizon h, where E is the total number of events to anticipate. The horizon h specifies

that the task only considers the countdown prediction within the h time span. If the

regression output exceeds h, the output is reset to h. This adjustment is necessary because

entire surgical procedures typically last over 1 hour, and for most specific surgical events,

anticipation within a few minutes is more relevant to the current surgical situation [73].

The capability of this task facilitates efficient instrument preparation and surgical

phase transitions, enhancing patient safety and fostering smoother communication in

the operating room [74]. Furthermore, this approach could enhance the awareness of

Robotic-Assisted Surgery (RAS) systems regarding upcoming procedural steps, enabling

more timely robotic assistance that could lead to better patient outcomes [75].

1.2.2 Endoscopic Video Inpainting

Figure 1.2: An example of endoscopic video inpainting from Chapter 4. The mask
indicates the corrupted region to be inpainted, while the red box highlights the area
that has been inpainted. In this task, plausible content is expected to fill these corrupted
regions.
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Endoscopic video inpainting is chosen to demonstrate the potential of geometric

feature enhanced deep learning in addressing video quality enhancement because endo-

scopic videos are inherently prone to obstructions, such as surgical instruments, blood,

or smoke, which significantly degrade visual clarity [13]. These obstructions are not only

common but also highly disruptive to real-time clinical workflows [10], making them an

ideal scenario for evaluating the effectiveness of quality enhancement methods. Unlike

general video quality enhancement tasks, which often focus on aesthetic improvements

or noise reduction [28], endoscopic video inpainting demands a high level of accuracy to

preserve complex anatomical details that are critical for clinical decision-making. The

task involves reconstructing missing or obscured video regions to ensure continuous

and meaningful video recording, which is vital for real-time surgical monitoring and

decision-making systems. The input typically consists of a clinical video clip with cor-

rupted regions, and the output is the same clip with the occluded areas reconstructed to

provide plausible details [13] (See Fig. 1.2).

In detail, this task could be defined mathematically as follows: Given the input

endoscopic video frames X ∈ RT ×H×W ×3, the framework leverages a binary mask

M ∈ RT ×H×W ×1, which identifies the corrupted regions, to produce the modified input

XM = X ⊙ M . Here, ⊙ denotes the element-wise product. The inpainting framework

then processes XM to generate the uncorrupted output Ŷ ∈ RT ×H×W ×3, where H × W

represents the spatial dimensions.

The capability of this task offers a potential solution to enhance the quality of endo-

scopic videos, facilitating informed clinical decision-making and improving downstream

computer vision tasks such as depth estimation [14]. This enhancement could bolster

other computer vision-based surgical assistance systems by providing clearer visual

information as input [13].
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1.2.3 Clinical Skill Assessment

Figure 1.3: An example of clinical skill assessment for acupuncture from Chapter 5. The
assessment focuses on the practitioner’s hand movements (highlighted by the skeleton of
hand joints), and the output includes predictions for different clinically relevant subjects.

Clinical skill assessment is chosen to demonstrate the potential of geometric feature

enhanced deep learning in fine-grained semantic understanding for clinical videos, due to

its strong reliance on detailed movement analysis in training practices [76]. Unlike general

video analysis tasks, which often focus on action recognition [77], clinical skill assessment

requires understanding subtle differences in movements within the same training task,

making it an ideal scenario for evaluating the effectiveness of fine-grained semantic

understanding. This task involves assessing healthcare professionals’ proficiency through

detailed analysis of their movements and techniques during medical procedures [78]. The

input typically consists of raw RGB video clips of a clinical operation, such as acupuncture,

while the output is the predicted skill level for clinically relevant parameters observed

from the practice movements [68] (see Fig. 1.3).

In detail, this task could be defined mathematically as follows: Given the input clinical

practice video, frameworks may take two distinct approaches. Some frameworks directly

use the raw RGB video X ∈ RT ×H×W ×3, where H ×W represents the spatial dimensions

of each frame, and T is the number of temporal frames. The clinical skill assessment

framework is then designed to classify a vector Ys ∈ RS based on the given video, where

s denotes different clinically relevant subjects, and S represents the total number of these

clinical subjects.

This task not only promotes the objective evaluation and standardization of clinical

procedures in training environments [79] but also has the potential to frequently de-

tect which aspects of clinical training need the most improvement [80]. This enables

healthcare professionals to optimize their learning curves more rapidly and maintain

high-performance levels [80].
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1.3 Research Aims and Objectives

The overall aim of this thesis is to address key challenges in current clinical video analysis

through the integration of geometry feature enhanced deep learning. This aim is divided

into the following technical objectives, each respectively tackling distinct challenges

in long-term video anticipation, video quality enhancement, and fine-grained semantic

understanding in clinical video analysis. These objectives employ innovative methods to

improve the understanding and processing of video data in medical settings.

1. Enhance Real-time Long-term Anticipation for Clinical Video:

• Robust Geometric Representation of Surgical Interaction: To propose a

novel geometric feature representation that includes instruments and surgical

targets (i.e., anatomy), along with their confidence values, as the primary input

of our anticipation framework. The geometric feature representation should

provide a robust and structured description of how key surgical elements

interact during surgery.

• Dynamic Understanding of Surgical Interaction: To propose an adaptive

graph selection method that dynamically selects the optimal graph repre-

sentation for the interaction relationships between instruments and surgical

targets, reflecting the diverse nature of surgical procedures.

2. EnhanceVideoQuality Enhancement in ExtremeEnvironments for Clinical

Video:

• Efficient Fusion between Visual Features and Geometric Features: To

propose a method that fuses geometric and visual features, allowing geometric

features to not only serve as additional inputs but also guide the learning

process for enhanced video quality.

• 3D Geometric Understanding of Endoscopic Scenarios: To propose

a method that incorporates 3D geometric features to enable depth-aware

reconstruction in endoscopic scenarios, generating more realistic details in

corrupted regions.
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3. Enhance Fine-grained Semantic Understanding in Clinical Training Videos:

• Multi-view Geometric Understanding of Clinical Practice: To propose

a method that incorporates multi-view geometric features for clinical skill

assessment, enabling the capture of comprehensive motion details and mit-

igating the effects of self-occlusion. This approach extends the application

of geometric features beyond single-view setups to achieve a more holistic

multi-view perspective.

• Dataset Creation for Multi-view Clinical Training: To develop multi-

view datasets for clinical training, addressing the current scarcity of public

datasets and fostering advancements in clinical video analysis research.

These objectives collectively seek to improve current methodologies in clinical video

analysis by integrating geometric features to address challenges that traditional RGB-

based methods cannot resolve. By achieving these objectives, this thesis will demonstrate

the practical and technical potential of geometric features to advance medical video

analysis, leading to improved diagnostics, surgical planning, and clinical training.

1.4 Contributions

The main contributions of this thesis are summarized as follows:

• We propose an adaptive graph learning framework that leverages geometric features

as the primary input for surgical workflow anticipation, including both surgical

instruments and target anatomy. This framework introduces a novel geometric

representation using bounding boxes to extract features of instruments and targets,

incorporating their detection confidence levels. Our approach dynamically selects

candidate graphs to represent interactions among surgical instruments and targets

for each timeframe. By employing graph and temporal convolutions, it effectively

utilizes dynamic geometric features, enhancing predictions in complex surgical

settings (see Chapter 3).

• We introduce a novel endoscopic video inpainting framework, Depth-Aware En-

doscopic Video Inpainting (DAEVI), which efficiently fuses geometric and visual
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features. It incorporates depth information to achieve reliable 3D spatial details.

This framework extracts depth information during visual feature learning, thus

eliminating the need for pre-acquired depth maps as input. It employs a tailor-made

feature fusion algorithm to better correlate the 3D spatial relevancy between visual

and depth features by pair-wise fusing each visual and depth feature. Additionally,

it assesses the 3D spatial fidelity of the RGB-D sequence formed by the inpainted

frames and estimated depths, promoting realistic outputs with plausible 3D spatial

details (see Chapter 4).

• We introduce the Cross-view Multimodality Enhanced Action Quality Assessment

(CME-AQA) framework, which integrates multi-view geometric and visual features

for clinical skill assessment. We also propose two novel publicly accessible multi-

view video datasets for Traditional Chinese Medicine (TCM) physical therapy

and Cardiopulmonary Resuscitation (CPR). This CME-AQA framework leverages

shared-weight cross-attention between views, supports single-view input during

inference while retaining multi-view awareness from training, and significantly

improves performance in complex tasks such as Needle Depth and Quick Needle

Movements. Furthermore, in our experiments with our CPR dataset, CME-AQA

achieved performance comparable to human experts (see Chapter 5).

1.5 Publications

The research related to this thesis has been previously published in the following peer-

reviewed publications:

• Zhang, F. X., Moubayed, N. A., & Shum, H. P. H. (2022). Towards graph represen-

tation learning based surgical workflow anticipation. In Proceedings of the IEEE

International Conference on Biomedical and Health Informatics (BHI ’22), pages 1-4,

IEEE.

• Zhang, F. X., Deng, J., Lieck, R., & Shum, H. P. H. (2025). Adaptive graph learning

from spatial information for surgical workflow anticipation. IEEE Transactions on

Medical Robotics and Bionics, 7 (1), 266–280.
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• Zhang, F. X., Chen, S., Xie, X., & Shum, H. P. H. (2024). Depth-aware endoscopic

video inpainting. In Proceedings of the 2024 International Conference on Medical

Image Computing and Computer Assisted Intervention (MICCAI ’24), Springer, Mar-

rakesh, Morocco, pp. 143–153.

• Constable, M. D., Zhang, F. X., Conner, T., Monk, D., Rajsic, J., Ford, C., Park,

L. J., Platt, A., Porteous, D., Grierson, L., & Shum, H. P. H. (2024). Advancing

Healthcare Practice and Education via Data Sharing: Demonstrating the Utility of

Open Data by Training an Artificial Intelligence Model to Assess Cardiopulmonary

Resuscitation Skills. In Advances in Health Sciences Education, pp. 1-21.

• Zhang, F. X., Yao, H., Chen, S., Jia, X., Zheng, S., & Shum, H. P. H. (2025). To-

wards cross-view multimodality action quality assessment for Traditional Chinese

Medicine physical therapy. Rejected with invitation to resubmit in March 2025;

revision in preparation for IEEE Transactions on Instrumentation and Measurement.

1.6 Research Chronology

This PhD research began at Durham University in October 2021, with the first two months

dedicated to an in-depth literature review on deep learning applications in clinical video

analysis and its challenges in surgical video understanding, video quality enhancement,

and clinical skill assessment.

In December 2021, the first project on surgical workflow anticipation was initiated,

focusing on a fixed graph learning framework integrating bounding boxes for surgical

instruments to model their interactions. Early experiments evaluated pixel-based and

graph-based approaches, initially using a fixed graph structure for the task. Improve-

ments in workflow anticipation accuracy led to a conference publication in August 2022.

Further refinements introduced dynamic graph selection and surgical target integration,

significantly enhancing model robustness. This extended work was submitted as a journal

paper in November 2023 and later accepted in December 2024.

15



1.7. Thesis Structure

The second project, started in November 2023, addressed visibility challenges in endo-

scopic videos through a novel depth-aware inpainting framework. Unlike conventional

2D inpainting, this approach integrated depth estimation and a feature fusion strategy,

enabling spatially consistent inpainted frames. It significantly improved anatomical detail

preservation, with findings accepted at a conference in June 2024.

The third project originally focused on surgical skill assessment but shifted to multi-

view action quality assessment due to ethical constraints and data limitations, broadening

the scope beyond surgical videos. To support this, a CPR dataset was collected with

Northumbria University (April–September 2022), followed by a multi-view TCM physical

therapy dataset (April 2023) in collaboration with Beijing University of Chinese Medicine

and Capital Medical University. This led to CME-AQA, a framework integrating multi-

view geometric and visual features for clinical skill assessment. The model introduced a

cross-view attention mechanism, enabling single-view inference with multi-view aware-

ness. A journal paper based on the CPR dataset was accepted in September 2025. Another

paper, submitted in February 2025, received a "revise and resubmit" decision, and the

student is currently preparing the resubmission.

The thesis was written from June 2024 to November 2024 and passed with minor

corrections in January 2025.

1.7 Thesis Structure

This thesis is organized to systematically explore and present advancements in clinical

video analysis by leveraging geometric features for improved accuracy and robustness in

medical settings. The chapters are structured to guide the reader through the motivations,

literature review, methodologies, and findings of the research in a coherent and logical

manner.

Chapter 1: This introductory chapter sets the stage by discussing the motivations

behind the research. It highlights the limitations of traditional RGB-based methods

in clinical settings and the necessity for advanced geometric feature-based techniques.

The chapter outlines the primary challenges in clinical video analysis, such as surgical

workflow anticipation, endoscopic video inpainting, and clinical skill rating.
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Chapter 2: This literature review chapter evaluates existing methodologies in video

analysis, focusing on the transition from RGB-based techniques to the utilization of

geometric features. It examines previous works in clinical video analysis, particularly

in long-term video modeling, video quality improvement, and fine-grained semantic

understanding, establishing a foundation for the novelty of this thesis.

Chapter 3: This chapter introduces our novel geometric feature representation for

surgical instruments and anatomy, along with an adaptive graph learning framework for

surgical workflow anticipation. It details the methodology and its specific applications in

clinical settings, including the use of bounding boxes to extract geometric features of both

surgical instruments and target anatomy. These features are integrated into a dynamic

selection process for candidate graphs, enhancing prediction accuracy. By leveraging

graph and temporal convolutions, the framework effectively interprets dynamic geometric

features, addressing the complexities of surgical environments.

Chapter 4: This chapter introduces our novel Depth-Aware Endoscopic Video In-

painting (DAEVI) framework, which efficiently fuses geometric and visual features and

incorporates depth information to achieve reliable 3D spatial details. The framework

extracts depth information during visual feature learning, eliminating the need for pre-

acquired depth maps as input. It employs an efficient feature fusion algorithm to correlate

3D spatial relevance between visual and depth features by pairwise fusing each visual and

depth feature. Additionally, it assesses the 3D spatial fidelity of the RGB-D sequence, com-

prising inpainted frames and estimated depths, ensuring realistic outputs with plausible

3D spatial details.

Chapter 5: This chapter introduces the Cross-view Multimodality Enhanced Action

Quality Assessment (CME-AQA) framework, which integrates multi-view geometric

and visual features for clinical skill assessment, along with contributions that include

the creation of two multi-view video datasets for TCM and CPR physical therapy. The

CME-AQA framework leverages shared-weight cross-attention between views, supports

single-view input during inference while retaining multi-view awareness from training,

and significantly improves performance in complex tasks such as Needle Depth and Quick

Needle Movements. Moreover, in experiments using our CPR dataset, the CME-AQA

framework achieved performance comparable to that of human experts.
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Chapter 6: The concluding chapter summarizes advancements in the design of

adaptive graphmethods for surgical workflow anticipation, the development of the DAEVI

framework for endoscopic video inpainting, and the creation of two multi-view video

datasets alongside the corresponding CME-AQA framework for clinical skill assessment.

Additionally, it outlines potential directions for future research, focusing on adaptive

geometric feature selection, privacy protection for clinical videos, and other promising

avenues.

This structure is designed to offer a clear understanding of the research conducted,

from theoretical foundations to practical applications, providing the reader with insights

into how geometric features contribute to advanced deep learning in clinical video

analysis.
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CHAPTER 2

Literature Review

The field of video analysis has undergone significant advancements, driven by the grow-

ing complexity of applications across diverse domains, including clinical settings. In

healthcare, video analysis is critical in diagnostics, surgical interventions, and skill train-

ing, yet its adoption faces unique challenges. These challenges include the need for

precise spatial and temporal modeling, robustness against occlusions and artifacts, and

adaptability to dynamic environments.

As introduced in Chapter 1, this thesis focuses on two types of clinical videos: en-

doscopic videos captured during examinations and minimally invasive procedures, and

training videos recorded during clinical education sessions, such as CPR or acupunc-

ture. These two types represent complementary challenges for video analysis, requiring

solutions that address constrained viewpoints and anatomy-instrument interactions in

endoscopy, as well as full-body, human-object interactions in clinical training scenarios.

This chapter systematically reviews prior work along six key dimensions, correspond-

ing to the major research challenges addressed in this thesis. First, it traces the evolution

of video analysis methods, from traditional manual and handcrafted approaches (Sec-

tion 2.1) to modern deep learning frameworks (Section 2.2), establishing the technical

foundation for clinical video analysis. Second, it summarizes the specific challenges in
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clinical video acquisition and processing (Section 2.3), motivating the need for specialized

approaches. Third, it examines techniques for long-term video anticipation (Section 2.4),

highlighting their importance in clinical workflows where predicting future actions is

critical. Fourth, it explores methods for video quality enhancement (Section 2.5), focusing

on their limitations in clinical environments and motivating depth-guided improvements

for endoscopic footage. Fifth, it reviews fine-grained semantic understanding approaches

(Section 2.6), emphasizing the need for structured, multi-view geometric modeling in

clinical skill assessment. Finally, it discusses the role of feature design in video analysis

(Section 2.7) and presents how integrating geometric features into deep learning models

(Section 2.8) offers a unified pathway to address these challenges across diverse clinical

video types.

2.1 Traditional Video Analysis

Traditional methods for video analysis, including manual approaches and early machine

learning approaches [81], have long served as foundations in the field. However, these

methods come with significant limitations. Manual techniques rely heavily on human ex-

pertise to observe, annotate, and interpret video data, making the process labor-intensive

and time-consuming [82]. For example, in action recognition tasks, annotators may need

to review extensive footage frame by frame to label specific actions [83], such as walking,

running, or jumping, which can be particularly demanding for long or complex videos.

The dependence on human interpretation introduces the potential for inconsistency,

error, and subjectivity, leading to variability in annotation quality and accuracy [84].

These challenges are further amplified when working with large-scale datasets, where

maintaining consistency across numerous annotations is difficult.

Early machine learning methods aimed to reduce manual intervention by automating

parts of the analysis process. However, these approaches typically rely on handcrafted

features, such as color, texture, and motion descriptors [85, 86]. For example, in action

recognition tasks, models might use motion descriptors, such as optical flow [87], to

detect movement patterns in videos. While this approach could be effective in controlled

environments, it often fails in scenes with challenging conditions, such as lighting
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variations or reflections [88]. Because these features are manually selected and tuned

based on domain knowledge, they lack the flexibility to adapt to diverse or dynamic video

content [89]. As a result, traditional machine learning methods struggle to generalize

effectively across varied datasets and complex environments.

While manual techniques and early machine learning methods provided a crucial

foundation in video analysis, their inherent limitations in scalability, adaptability, and

reliability underscore the need for advanced, data-driven approaches [90] that reduce

the need for manual input and improve accuracy across a wide range of video analysis

applications.

2.2 Deep Learning for Video Analysis

Deep learning has advanced video analysis by enabling models to automatically learn

complex patterns directly from raw video data [36]. This approach eliminates the need for

manually engineered features and extensive domain-specific expertise. Unlike traditional

machine learning methods, which depend on predefined features and manual selection,

deep learning models such as Convolutional Neural Network (CNN) [91] and Recurrent

Neural Network (RNN) [92] could autonomously extract and interpret meaningful infor-

mation across spatial and temporal dimensions. By doing so, these models facilitate the

automatic extraction of semantic insights from video data, making them highly adaptable

to a wide range of applications, from action recognition to object tracking and scene

understanding. This capacity for end-to-end learning allows deep learning models to

process complex video content efficiently, advancing the automation and accuracy of

video analysis workflows.

2.2.1 Convolutional Neural Network (CNN)

CNNs (an example is shown in Fig. 2.1) are among the most widely used deep learning

architectures in video analysis. Originally developed for image processing [91], CNNs

utilize convolutional layers to automatically extract spatial hierarchies from data. This

involves applying various filters that detect low-level features, such as edges and textures,

in early layers, and progressively more complex patterns in deeper layers [1]. This hierar-
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Figure 2.1: Illustration of a typical CNN architecture for video frame analysis. The input
frame is divided into a grid, and localized patches are processed through successive con-
volutional and pooling layers to extract hierarchical spatial features [1]. These features
are then flattened and passed through fully connected layers to perform classification or
other prediction tasks. In clinical video analysis, such spatial feature extraction is critical
for distinguishing clinical contexts, such as stages of intervention [2].

chical feature extraction is particularly beneficial in clinical settings, where distinguishing

between complex high-level meanings, such as different interventions, is crucial [93].

The typical framework involves CNNs using raw RGB frames as input, along with

corresponding task labels, allowing the deep learning model to learn suitable parameters

to predict those labels [35]. For instance, in the case of activity recognition in sports

videos [94], a CNN might be used to identify distinct actions, such as running or hitting,

by learning spatial patterns associated with each action type across frames. This approach

allows the model to automatically extract and interpret key visual features that distinguish

each action, improving the accuracy of activity classification in complex and dynamic

scenes.

Despite their advantages, relying solely on CNNs for video feature capture could result

in the failure to model the relationships between different video frames [95], leading to

insufficient modeling of temporal dynamics within the videos. Although there are designs

for 3D convolutional networks that enable filters to capture temporal dependencies, the

training costs are substantial [95], making a single CNN insufficient for long-term video

modeling. Additionally, most CNNs extract features from RGB videos, but the complex

clinical settings may lead to varying recording quality [26], causing some extracted

features to be unreliable, which limits the effectiveness of CNNs in clinical video analysis.

22



Chapter 2. Literature Review

Figure 2.2: Illustration of a hybrid CNN-RNN architecture for video analysis [3]. Individ-
ual video frames are first processed by a CNN to extract spatial feature representations
f1, f2, . . . , ft. These features are then fed sequentially into a recurrent neural network
(RNN), which maintains a hidden state ht to model temporal dependencies across frames.
At each time step, the RNN produces an output yt based on the current hidden state, en-
abling sequential predictions. This design effectively captures both spatial and temporal
patterns, which is critical for tasks such as clinical activity forecasting [4].

2.2.2 Recurrent Neural Network (RNN)

RNNs are particularly well-suited for analyzing sequential data [96], making them a

valuable architecture for video analysis tasks where temporal dependencies are crucial.

Unlike CNNs, which focus primarily on spatial hierarchies, RNNs maintain a hidden state

that carries information from previous frames, allowing the model to recognize patterns

in the temporal flow of events [96]. This ability to process sequences of data makes

RNNs ideal for tasks that require understanding the order and progression of frames

over time. A classic design for RNN is the Long Short-Term Memory (LSTM) [97], which

consists of memory cells and gating mechanisms that regulate the flow of information,

enabling the network to learn long-term dependencies while mitigating issues such as

vanishing and exploding gradients. This structure allows LSTMs to effectively capture

intricate temporal patterns over extended sequences, making them particularly powerful

for sequential data analysis.

To enhance the capabilities of both CNNs and RNNs, hybrid models that combine

convolutional layers with recurrent architectures (an example is shown in Fig. 2.2) have

been developed [96]. These models utilize CNNs to extract spatial features from video

frames while employing RNNs to capture temporal relationships between frames. This

integrated approach allows for a more comprehensive analysis of video data, effectively

addressing both spatial and temporal complexities [35]. By leveraging the strengths of

both architectures, these hybrid designs improve the accuracy and robustness of video

analysis, enabling better performance in dynamic real-world environments. For example,
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Ullah et al. [98] leverage LSTM networks with CNN-extracted features to perform action

recognition in video sequences with enhanced temporal awareness, achieving better

results than methods that lack effective temporal modeling.

Despite the flexibility of these methods, the features learned from RGB frames often

fail to capture the complex interactions in videos, such as close human interactions (e.g.,

pushing, hugging, and high-fiving) [3], leading to potential inefficiencies in modeling

and prediction. In addition, the strong assumption in RNN regarding the relationships

between adjacent frames differs somewhat from real clinical videos [75], where earlier

processes may influence subsequent steps that are far removed from the current time

point, rather than just those immediately preceding it. As a result, the RNN may fail to

capture the abstract and long-term global interactions between clinical steps [75].

2.2.3 Transformer

Transformers have emerged as a powerful alternative for modeling sequential data,

particularly in video analysis, due to their ability to capture long-range dependencies

and contextual relationships without the limitations associated with recurrent archi-

tectures [99]. Unlike traditional RNNs, which process sequences in a stepwise manner,

transformers employ a self-attention mechanism that allows them to weigh the signifi-

cance of different parts of the input sequence simultaneously. This characteristic enables

transformers to learn complex temporal patterns across all frames in a video [100], rather

than just those in immediate succession.

In video analysis, transformers enhance the interpretation of sequential data by

effectively incorporating both spatial and temporal dimensions [101]. Generally, two

design strategies are common: some architectures first extract frame-level features using

a CNN and then feed these features into a transformer for temporal modeling [100], while

others directly process raw frames without any convolutional operations. For instance,

pure transformer-based models, such as the Vision Transformer (ViT) [5] (example ViT

design shown in Fig. 2.3), operate differently: they divide input frames into fixed-size

patches, linearly embed these patches, add positional encodings, and input them directly

into transformer layers without using any convolutional neural networks. In addition,

Arnab et al. [102] propose Video Vision Transformer (ViViT), which extends the ViT
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Figure 2.3: Illustration of a Vision Transformer (ViT) architecture for video frame
analysis [5]. Each video frame is divided into fixed-size patches, which are flattened
and linearly projected into patch embeddings. A special classification token (CLS token,
labeled as 0*) is prepended to the sequence. Positional embeddings are added to preserve
spatial information. The sequence is then processed by a transformer encoder composed
of multi-head self-attention layers, allowing the model to capture spatial and contextual
relationships among patches. Finally, the output corresponding to the classification token
is fed into a multilayer perceptron head for prediction tasks. This design enables learning
global spatial patterns across frames without relying on convolutional operations, which
is critical for complex scene understanding in clinical video analysis.

architecture to videos by applying factorized spatial and temporal attention mechanisms

on the patch embeddings. This design captures spatial-temporal relationships across the

entire sequence without relying on CNNs.

Despite their advantages, transformers require substantial computational resources,

particularly for long video sequences, as their self-attention mechanism scales quadrat-

ically with input length [103]. Therefore, in very long videos, such as surgical videos

that often exceed 30 minutes [2], the efficiency of transformers becomes a significant

challenge. Additionally, training vision transformers to effectively grasp a structured

understanding for fine-grained semantics, such as the skill level of a clinical operation in

training video [104], necessitates a large dataset to develop a reasonable attention matrix,

which is often impractical in clinical settings where dataset sizes are limited [105].

In summary, while deep learning methods show significant promise for video analysis,

challenges remain even in advanced transformer methods, particularly regarding the

computational cost associatedwith long videos, sensitivity to recording quality, difficulties

in achieving a structured understanding of complex interactions, and the challenge of

developing fine-grained semantic understanding. To overcome these challenges at the

model level, this thesis proposes enhancing deep learning models with geometric features,
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such as object locations, depth information, and human skeleton data. By incorporating

these geometric cues, the proposed framework aims to reduce computational cost through

more efficient representations (Chapter 3), improve robustness against visual artifacts

(Chapter 4), and enable a more structured understanding of complex interactions and

fine-grained semantics in clinical videos (Chapter 5).

2.3 Clinical Video Acquisition and Challenges

Video analysis in clinical settings is essential for a wide range of applications, including

surgical workflow understanding [35], skill assessment, and patient monitoring [63]. As a

result, clinical videos could be acquired at various stages of medical procedures, including

intervention, diagnosis, and training. Each of these stages presents unique challenges for

video analysis.

2.3.1 Future Understanding in Intervention

Figure 2.4: An example frame of Minimally Invasive Surgery (MIS) from the Cholec80
dataset (CC BY 4.0) [2]. The setup involves inserting instruments through small incisions
in the patient’s body, allowing clinicians to operate with minimal physical intrusion.
Real-time surgical video is captured during the procedure, providing high-precision
visual feedback and enabling effective manipulation of surgical instruments.

In intervention settings, clinical video acquisition is most common in surgical environ-

ments, particularly in Minimally Invasive Surgery (MIS) and Robotic-Assisted Surgery

(RAS) [106] (see Fig. 2.4). In these scenarios, clinicians make critical, real-time decisions

by closely observing video streams captured through endoscopic cameras. These small,

single-view cameras are mounted on a holder or robotic arm and are inserted into the
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patient’s body through a small incision, providing internal views of the surgical field [107].

The camera transmits high-definition video to a monitor in real-time [108], enabling the

surgeon to navigate and perform procedures with minimal physical intrusion. This setup

provides continuous visual feedback, helping the surgeon make precise, anatomy-based

decisions.

Understanding the future course of action in surgical video analysis is particularly

important to ensure smooth communication between the surgical team and safe interven-

tions [21]. Predicting upcoming surgical phases or anticipating necessary adjustments

enables the surgical team to prepare the appropriate tools and make timely decisions [21],

ultimately improving workflow efficiency and patient outcomes. In longer surgeries, this

forward-looking analysis is crucial for reducing procedural delays and preventing compli-

cations that may arise from unexpected developments [4]. However, achieving accurate

future understanding presents significant challenges. The narrow field of view [10], vari-

able lighting conditions [109], and potential obstructions, such as smoke or blood [109],

complicate real-time video analysis. These factors, combined with the inherent com-

plexity and variability of surgical procedures, make it difficult for current video analysis

methods to reliably predict the sequence of actions or identify the next steps in dynamic

surgical environments.

2.3.2 Video Quality in Diagnosis

Figure 2.5: An example frame of gastrointestinal endoscopy for inner-body examination
from the HyperKvasir dataset (CC BY 4.0) [6]. Endoscopy is a flexible and minimally
invasive diagnostic procedure compared to MIS and RAS, as it allows real-time video to
be captured by inserting the endoscope through natural openings, such as the mouth,
without the need for surgical incisions.

27



2.3. Clinical Video Acquisition and Challenges

For diagnosis, endoscopic video is commonly acquired in inner-body examinations

(see Fig. 2.5), particularly in areas such as the gastrointestinal tract [110] and respiratory

system [111]. The camera is often inserted through a natural orifice, such as oral or nasal,

rather than creating a new incision as in RAS [112], providing vital visual information

that helps clinicians identify abnormalities, such as polyps [113], tumors [114], or signs

of infection within internal organs [115].

Clear and high-quality video is essential in endoscopic diagnostics [13], where ac-

curate visual assessment directly impacts early diagnosis and disease management. Im-

proved video quality allows clinicians to detect and analyze potential pathologies more

effectively, enhancing the overall reliability of the diagnostic process. Nevertheless,

endoscopic video analysis faces significant challenges. Obstructions, such as mucus or

blood [116], and variations in lighting conditions [14] can often interfere with real-time

analysis, complicating efforts to obtain consistent and clear visuals needed for precise

diagnosis.

2.3.3 Fine-grained Semantic Understanding in Training

Figure 2.6: An example of a training video recording for CPR from the dataset we
collected in Chapter 5. The recording setup for these videos is simpler compared to
endoscopic videos. In this case, a subject performs a practice captured from multiple
cameras.

In training contexts, third-person videos captured by standard RGB cameras are

commonly used (see Fig. 2.6), particularly in areas such as physical therapy [117] and

nursing skills development [118]. These videos provide a comprehensive view of partici-

pants’ actions, allowing trainers to evaluate body movements, posture, and interactions

with equipment or simulated stations, such as dummy pads. This fine-grained semantic

understanding is essential in assessing how well practitioners adhere to training guide-
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lines and standards during simulated scenarios [119]. Trainers also rely on contextual

information, such as participants’ interactions with their environment, to deliver accurate

skill assessment and feedback [120].

Achieving this level of detailed understanding in video analysis is challenging. Factors

such as self-occlusion, where parts of the body obscure one another [121], and complex

recording backgrounds, often found in hospital training settings [122], could hinder the

accurate analysis of actions. These challenges are further complicated when single-view

recordings are used [15], as they limit the depth and perspective needed to fully capture

nuanced interactions and movements essential for effective training feedback.

In summary, clinical videos acquired during interventions, diagnoses, and training

present unique challenges for video analysis, including long-term future understanding

under narrow fields of view and obstructions, maintaining consistent video quality

despite dynamic artifacts like smoke and highlights, and achieving fine-grained semantic

understanding despite occlusions and limited viewpoints. To address these clinical data

challenges, this thesis leverages geometric feature enhanced deep learning, including

structured spatial modeling for surgical workflow anticipation (Chapter 3), depth-guided

video inpainting for robust endoscopic video quality improvement (Chapter 4), and

multi-view skeleton modeling for comprehensive clinical skill assessment (Chapter 5).

2.4 Anticipation in Long-term Video Analysis

Future understanding is essential in clinical video analysis, but the complexity and length

of clinical videos present challenges not typically encountered in everyday video scenar-

ios. While many existing solutions focus on long-term future understanding through

action anticipation in general contexts [123], the unique demands of clinical videos,

particularly in surgical settings [2], require specialized approaches. These methods must

address the extended duration and evolving contexts within clinical environments, such

as frequent interactions between instruments and anatomy [21], as well as unexpected

events like bleeding [124]. Despite these challenges, real-time understanding remains

crucial for ensuring timely decisions [35], further highlighting the difficulty of applying

such methods effectively in clinical settings.

29



2.4. Anticipation in Long-term Video Analysis

2.4.1 Long-term Video Understanding

Transformers have emerged as a pivotal architecture in the analysis of long video se-

quences due to their ability to capture complex temporal relationships. To enable efficient

long-sequence modeling, a common approach is to perform self-attention between frames

only after extracting visual features using an existing CNN model. Self-attention allows

the model to focus on different parts of the input sequence, enhancing its capability to

capture long-term dependencies. For example, Zhou et al. [125] utilize a multi-layer

CNN to extract spatial features from videos, which are then fed into a transformer model

to capture long-term relationships between frames for accurate video captioning that

describes what happens in a video. However, these models require substantial compu-

tational resources [103], as the self-attention mechanism scales quadratically with the

number of frames, making them computationally intensive for long sequences.

To achieve a more computationally efficient solution for long-term video understand-

ing, Temporal Convolutional Network (TCN) [126] has been proposed. TCNs effectively

handle longer sequences by leveraging dilated convolutions to expand the receptive field

without significantly sacrificing performance. This enables TCNs to capture long-term

relationships while maintaining a reasonable computational cost. For example, Farha

et al. [127] propose Multi-Stage Temporal Convolutional Network (MS-TCN), which

connects multiple TCN layers in series to learn 3D CNN features for each small clip,

allowing for more refined temporal feature learning in action segmentation tasks. The

advantages of low-cost online inference and ease of training make TCNs a popular alter-

native for long video analysis [35], even though TCNs may be less powerful compared to

transformers.

Despite these advancements, existing solutions provide limited understanding for

long-term video analysis, as most focus only on recognizing the current situation [35],

such as clinical intervention recognition. However, in many assistance systems for clinical

video, it is essential not only to understand what is happening now but also to predict

future events. This capability is crucial for keeping the clinical team informed about

upcoming steps, significantly enhancing the potential for real-world applications while

improving intervention safety [21].
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2.4.2 Long-term Video Action Anticipation

In general computer vision, action anticipation is a common task aimed at achieving a bet-

ter understanding of future states in video sequences [81]. This capability is particularly

valuable in clinical video analysis, as action anticipation helps predict the next steps in sur-

gical procedures or other clinical interventions [21], thereby enhancing decision-making

and improving patient outcomes.

The common solution for long-term action anticipation is to predict a sequence of

future actions and their durations by capturing historical action features [81]. This is

accomplished by dividing the video into smaller, equally sized segments called snip-

pets [81], each representing a short time interval. These snippets are then processed

using pre-trained models, such as CNNs, to extract meaningful spatial and temporal

features. Additionally, RNNs or transformers are employed to analyze the relationships

and dependencies among these snippets over time, enabling effective forecasting of future

actions. For example, TempAgg [128] extract frame-level features from visual modalities

using pre-trained networks like I3D, pool them into multi-scale snippet features via

max-pooling, and apply self-attention through non-local blocks to couple recent and

long-range temporal representations for action anticipation.

Though these existing solutions for long-term action anticipation demonstrate rea-

sonable performance on benchmarks for everyday scenarios [81], such as cooking [129],

where the procedure is quite easy to understand, the differences between everyday sce-

narios and complex, dynamic clinical video recordings may necessitate a specific design

for anticipation applications in clinical settings to provide a robust understanding of

complex clinical procedures and varied recording scenarios.

2.4.3 Surgical Workflow Anticipation

A current popular adaption for action anticipation into the clinical setting is surgical

workflow anticipation. Surgical workflow anticipation supports RAS by predicting the

next likely step a surgeon will take [21]. Unlike imminent tasks such as movement

prediction [130–132], this approach focuses on long-term event anticipation. Currently,

most methods rely on pixel-level visual features extracted using established visual feature

31



2.5. VideoQuality Improvement

extraction frameworks [4, 21, 73, 133–135]. Among them, early work such as TimeL-

STM [136] combines CNN-extracted features with LSTM networks for surgical phase

anticipation, requiring phase annotations during training. RSDNet [133] improves its

usability by directly predicting the remaining surgery duration without relying on phase

labels.

Though specialized solutions exist to make these methods suitable for surgical scenar-

ios, they often introduce auxiliary tasks, such as surgeon experience classification [134],

to enhance the model’s understanding of complex surgical semantics. In addition, some

methods incorporate a specially designed dropout strategy [4] in their network design to

increase robustness in complex surgical scenarios. However, as they only use extracted

RGB visual features to represent the spatial features of surgical scenarios, they often fail

to capture important structured and abstract relationships within surgical videos, such

as instrument interactions [21]. As a result, these limitations significantly affect their

anticipation performance due to an insufficient understanding of surgical progress.

In summary, long-term surgical workflow anticipation is a meaningful task that

addresses the deficiencies in feature understanding in current long-term clinical video

analysis. However, current solutions often miss the structured understanding of complex

surgical interactions. To overcome these limitations, this thesis proposes integrating

geometric features, such as object locations and structured interaction modeling, into

the anticipation framework. By combining geometric information with deep learning,

the proposed approach aims to improve the understanding of surgical workflows and

enhance long-term prediction accuracy in complex clinical scenarios (Chapter 3).

2.5 Video Quality Improvement

Video quality is a critical factor influencing the complexity of clinical diagnosis analysis

and the accuracy of downstream computer-assisted systems [13]. While existing methods

in general computer vision provide solutions for video quality improvement [28], clinical

videos present unique challenges. A major issue is the lack of ground truth [13], which

complicates the optimization of deep learning models. Moreover, clinical videos require

not only 2D texture fidelity, which many existing video quality improvement methods
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Figure 2.7: Illustration of the U-Net architecture for frame-level enhancement [7, 8].
The input frame passes through a contracting path (left side) composed of repeated con-
volutional and downsampling (green arrows) operations, capturing contextual features
at multiple scales. The expanding path (right side) uses upsampling (orange arrows) and
concatenation with corresponding features from the contracting path via skip connec-
tions, enabling precise localization and reconstruction of fine details. The final output is
a high-quality enhanced frame. This encoder-decoder structure with skip connections
helps preserve local spatial details, which is essential for improving clinical video frames
affected by noise, occlusion, or low visibility.

aim to optimize [28], but also 3D fidelity to help reconstructed or enhanced content better

reflect its meaningful spatial structure for downstream tasks [137]. These challenges

underscore the need for specialized designs tailored to clinical video quality enhancement.

2.5.1 Video Quality Enhancement

Deep learning has emerged as a powerful approach for enhancing video quality by

leveraging complex patterns and features from the data, where a common solution is an

image enhancement, defined as the process of improving the visual quality of an image to

make it more suitable for analysis or interpretation [28]. One classic model for improving

frame quality in video is the U-Net architecture [7] (example U-Net design shown in

Fig. 2.7). U-Net is a CNN originally designed for biomedical image segmentation. Its

architecture consists of a contracting path to capture context and a symmetric expanding

path that enables precise localization. This structure is characterized by skip connections

that link the encoder and decoder layers, allowing the network to retain high-resolution
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features that can be beneficial for detailed image processing. In the context of video

quality enhancement, for example, Huang et al. [8] utilize a U-Net with added average

pooling and multiplication between the encoding and decoding features. This approach

effectively captures the overall characteristics of the input image, significantly improving

its perceptual quality on mobile devices by alleviating visual artifacts.

While there is significant potential for enhancement, these previous deep learning so-

lutions often struggle to handle the unique challenges presented by clinical video data [10],

especially in dynamic environments where occlusions and artifacts are common [10].

Common enhancement methods primarily focus on adjusting image quality across the

entire frame [138], which could ignore localized artifacts that are more prevalent in

clinical videos [139]. Furthermore, classic enhancement techniques tend to concentrate

on improving individual frames without adequately considering the temporal context be-

tween video frames [28]. This failure could lead to inconsistencies and suboptimal results,

as the lack of utilization of the temporal information inherent in video sequences may

result in a less cohesive visual experience, ultimately impacting the analysis performed

by computer-assisted systems.

2.5.2 Video Inpainting

Another critical method for improving clinical video quality is video inpainting, which

specifically targets reconstructing missing or corrupted regions within video frames [140].

Video inpainting goes beyond general enhancement by focusing on restoring visual

continuity in localized areas affected by corruption. In this process, neighboring frames

serve as references to generate plausible content in the corrupted regions [61], enabling

effective interpolation of information. This approach is particularly beneficial in clinical

settings, where occlusions can obscure vital anatomical details or affect downstream

computer vision assistance systems [13]. Classical methods, such as the automatic

region-filling approach proposed by Arnold et al. [141], which uses motion-compensated

interpolation and spatio-temporal consistency to guide the filling process, and the patch-

based optimization framework introduced by Newson et al. [12], which globally matches

and aggregates similar spatio-temporal patches, demonstrate promising results. However,

these methods assume relatively simple motion patterns and either static or smoothly
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Figure 2.8: Illustration of a GAN-based video inpainting framework [9]. The input
consists of a corrupted video frame with missing regions (black holes). A generator
network synthesizes the missing content by leveraging information from the surrounding
context and temporal clues. The output is a fully reconstructed frame where corrupted
areas are realistically restored. A discriminator network evaluates the authenticity of
the generated frame, distinguishing between real (ground truth) and fake (generated)
frames. This adversarial training setup encourages the generator to produce visually
coherent restorations, which is crucial for clinical video applications where preserving
plausible and fine-grained details is essential, yet often hindered by occlusions [10].

varying backgrounds, which limits their applicability in complex scenarios.

Recent advancements in deep learning have significantly improved video inpainting

approaches, enabling networks to learn from extensive training data and generate more

diverse content. To train efficiently, Generative Adversarial Network (GAN) [142] (exam-

ple GAN-based inpainting shown in Fig. 2.8) is a common training strategy to enhance

the quality of inpainting results [140], as it could effectively learn to generate realistic

and coherent visual content by minimizing the difference between generated frames

and ground truth data. This adversarial training involves two networks: a generator

that creates inpainted frames and a discriminator that evaluates their authenticity, thus

driving the generator to produce more accurate and high-fidelity reconstructions. For

example, Zeng et al. [61] use temporal patch-GAN to enhance their video transformer,

where they split the input video clip into smaller patches and compute the correlation

between these patches to capture spatial-temporal correlation. During their training,

temporal patch-GAN uses a 3D convolution discriminator to assess the generated content

in the temporal dimension, resulting in outputs that are more temporally consistent when

optimizing with these adversarial losses from discrimination.

With these advancements, transferring video inpainting techniques into clinical video
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still presents challenges. One challenge is the online inference ability [10]. Most video

inpainting methods require dense reference points from both past and future frames to

make inferences [60, 61, 143]. However, in some clinical scenarios, such as endoscopy

checks, a fast and timely online assistance may be necessary. Another challenge is the

lack of ground truth in real clinical videos [13]. In real-world recordings, corrupted

regions, such as occlusions or specular highlights, occur naturally during video capture

rather than being artificially introduced [13]. As a result, it is impossible to obtain

corresponding uncorrupted reference frames for these regions. This differs from common

video inpainting benchmarks, where corruption is artificially introduced into clean videos,

and the ground truth is readily available for supervised learning [144].

2.5.3 Endoscopic Video Inpainting

To tackle the specific challenges in clinical videos, several attempts have been made,

especially for endoscopic video inpainting [10, 13, 46, 145]. Improving the quality of endo-

scopic videos is essential for enhancing diagnostic accuracy and facilitating downstream

computer vision tasks by reducing noise. High-quality footage allows healthcare pro-

fessionals to observe critical anatomical structures and conditions more effectively [10],

leading to clearer observations of inner-body situations. Additionally, clearer videos ben-

efit automated systems reliant on computer vision techniques, as they can operate more

effectively by minimizing noise and artifacts [13]. This results in more reliable outputs

for tasks such as key region tracking or 3D reconstruction [13], ultimately supporting

robust automated analysis in clinical environments.

To facilitate the potential of online video inpainting, Tukra et al. [10] propose STV-Net,

a densely connected fully convolutional encoder-decoder network that includes 2D and

3D convolutions to capture both spatial and temporal relationships within videos. They

train the network with a bespoke loss function combining adversarial, reconstruction,

perceptual, style, and temporal losses to achieve accurate and temporally coherent occlu-

sion reconstructions on endoscopic video data. Their methods have been tested on both

endoscopic view video and natural scenes, achieving reasonable performance.

To overcome the lack of ground truth, Daher et al. [13] propose a pseudo mask

generation method for highlighting inpainting in endoscopic videos. They first detect
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the corrupted highlight regions in the raw video and then shift the corrupted mask to

the right, translating the detected specular masks to new positions over non-occluded

regions, ensuring that the areas covered contain known textures. This process allows the

model to be trained in a fully unsupervised manner by providing paired data for training,

thus enabling effective inpainting of occluded areas caused by specular highlights in

endoscopic video streams. Based on this pseudo ground truth, they train a spatial-

temporal transformer [61] and find that their inpainting model could achieve reasonable

performance and help downstream tasks such as point matching.

While these advancements are noteworthy, current methods [10, 13] often rely on

inpainting frameworks based on 2D RGB or optical flow information. In clinical scenarios,

such as endoscopic video, the relationships between RGB and spatial information are

not easily matched, as the boundaries of different anatomical structures in endoscopic

views are often vague [146]. This leads to challenges in preserving vital 3D spatial details,

resulting in artifacts and spatial inconsistencies in the inpainted regions, which limits

their reliability for clinical applications.

In summary, video inpainting could be an important task for improving clinical video

quality. However, the current clinical applications of video inpainting [10, 13] may not

sufficiently account for the complex environments in clinical settings, limiting their ability

to generate realistic content. To address these limitations, this thesis proposes a depth-

guided endoscopic video inpainting framework that leverages geometric features to better

preserve spatial consistency and anatomical structures during inpainting. This approach

aims to enhance the reliability of video quality improvement in clinical environments, as

detailed in Chapter 4.

2.6 Fine-Grained Semantic Analysis in Video

Fine-grained semantic analysis is crucial for clinical videos, as it helps clinicians evaluate

whether a clinical operation has been performed correctly. While general approaches,

such as those used in Action Quality Assessment (AQA) for sports or daily activities [68],

have been successful, they often fail to meet the specific demands of clinical training.

Clinical scenarios require evaluating complex details, such as hand motions and human-
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object interactions [147], which are critical for tasks like emergency nursing skill training

[148] or physical therapy assessment [149]. These requirements highlight the need for

tailored solutions that address the unique challenges of clinical video analysis.

2.6.1 Action Quality Assessment

In general computer vision, Action Quality Assessment (AQA) is a task that requires a

fine-grained understanding of videos to evaluate the quality of actions performed within

them [68, 150]. The common pipeline for AQA typically begins with feature extraction,

where deep learning methods are employed to obtain relevant features from the video

frames. One of the most commonly utilized architectures for this purpose is the 3D

CNN [68]. This architecture uses 3D convolutional layers to capture both spatial and

temporal information from video sequences, enabling a comprehensive representation of

features. Following feature extraction, the extracted features are processed through an

action evaluation module, which typically employs one of two evaluation approaches:

regression scoring [151, 152], which predicts a continuous score based on the extracted

features and is often used in sports contexts, and pairwise sorting [153, 154], which

assesses the quality of actions by comparing pairs of videos to determine which action is

of higher quality based on the features extracted.

While these frameworks have shown reasonable performance in distinguishing fine-

grained differences in the same action across different subjects, their reliance on single-

view analysis [68] limits their applicability to clinical settings. In AQA for clinical videos,

the focus often shifts to evaluating dense and complex hand motions or interactions

with tools [147], which require capturing detailed spatial and temporal relationships.

Single-view methods may miss critical context information, making it difficult to accu-

rately assess complex actions. Therefore, clinical applications necessitate multi-view

perspectives or enhanced spatial modeling to capture the nuanced details required for

reliable performance assessment.
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2.6.2 Clinical Skill Assessment

Clinical skill assessment represents a specific application of AQA in clinical settings,

aimed at evaluating the proficiency of practitioners in performing clinical tasks through

video analysis. This approach typically focuses on grading actions into skill levels, such

as junior or expert, based on a range of performance aspects [80]. Most existing clinical

skill assessment studies have focused on surgical skill assessment [80] and rehabilitation

assessment [155]. The methodologies for surgical skill assessments are largely similar

to general AQA pipelines in computer vision, beginning with feature extraction from

clinical videos and followed by evaluationmodeling to generate a skill score. These studies

frequently employ CNN backbones to extract latent features from video clips [156, 157],

which are then used for further modeling and assessment. In contrast, rehabilitation

assessments often rely on keypoint extraction algorithms to model joint movements and

body interactions [158, 159].

Although these works have demonstrated significant performance in their respective

domains, a notable challenge persists with general AQA methods: the reliance on single-

view analysis. This limitation reduces their effectiveness in clinical practice, where

tasks often involve intricate hand interactions and detailed tool usage [147]. In real-

world training and evaluations, critical details may be obscured by self-occlusion or the

complexity of interactions with medical tools [69]. While Abdelaal et al. [69] proposed a

multi-view system for surgical skill assessment, their approach relies on specially designed

feedback devices for tracking surgical tool movements, resulting in a highly specific

assessment method that is far from a generalized solution. Therefore, incorporating multi-

view perspectives remains an ongoing challenge in clinical skill assessment, requiring

further development to provide more comprehensive and scalable practice evaluation

methods [160].

2.6.3 Current Datasets for Clinical Skill Assessment

One reason current clinical skill assessments often ignore the importance of multi-view

analysis is that most publicly available datasets involve only single-view recordings [168].

A summary of these existing public datasets could be found in Table 2.1. From this
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table, we can see that the current publicly available datasets primarily use single-view

recordings, which limits the depth of analysis for deep learning frameworks in clinical

skill assessment. Therefore, it may be necessary to introduce datasets with more diverse

view captures.

In summary, AQA provides a potential solution for understanding the clinical video

semantics in a fine-grained way, particularly in the context of clinical skill assessment.

However, current clinical skill assessments often rely on single-view recordings, which

may be affected by frequent self-occlusion in clinical practice, thereby impacting their

assessment accuracy. To address these limitations, this thesis proposes a multi-view

geometric feature-enhanced framework that models human skeleton interactions across

multiple viewpoints, aiming to improve fine-grained semantic understanding and enhance

the robustness of clinical skill assessment. Furthermore, to support research in this area,

we introduce two new multi-view clinical skill assessment datasets for TCM physical

therapy and CPR, specifically designed to capture complex interactions and mitigate the

limitations of existing single-view datasets. These contributions are detailed in Chapter 5.

2.7 Features in Video Analysis

Features are essential components of video analysis, providing the foundation for an-

alytical frameworks in both general and clinical contexts. Selecting the appropriate

features is crucial for achieving accurate and efficient analysis, particularly in clinical

settings where precision and reliability are paramount. In video frames, features can be

broadly categorized into visual features and geometric features [48], each offering unique

contributions to the understanding and interpretation of video data.

2.7.1 Visual Features

Visual features are fundamental for analyzing and interpreting video data in both general

and clinical contexts. These features include color and texture properties [48, 169], which

are widely used in traditional video analysis, as well as features extracted from pre-trained

deep learning models [170], which capture essential information about the content and

context of video frames. In general applications, visual features contribute to tasks such
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as object detection [171] and scene segmentation [172], enabling robust and versatile

video understanding. In clinical settings, visual features take on an equally critical role,

but with a focus on specialized tasks. They are essential for identifying abnormalities,

such as lesions or polyps [173], and tracking surgical tools [156]. These applications

demand a high degree of precision and context awareness, highlighting the importance

of tailoring visual feature extraction to meet the unique requirements of clinical video

analysis.

Color and Texture Features

Color features represent the distribution and intensity of colors within a video frame [174].

These features can provide valuable insights into the state of tissues and organs, helping to

distinguish between healthy and abnormal conditions. Common techniques for extracting

color features include color histograms [174], which visualize the frequency of each color

in a given frame, allowing for the identification of specific color patterns that may indicate

various tissue types or abnormalities. Another technique is color moments [174], which

provide statistical measures of color distribution, such as mean, variance, and skewness,

capturing color characteristics in a more compact form. Color features are particularly

useful in scenarios such as endoscopic examinations [48], where color changes can signal

the presence of lesions or infections.

Texture features describe the pattern properties of objects within the video frames [48],

capturing patterns that characterize the structure of tissues. These features are crucial

for understanding the texture of surfaces, which can be indicative of pathology. Common

methods for extracting texture features include Local Binary Patterns [175], which encode

the local texture information by comparing each pixel with its neighbors, providing a

robust representation of local textures. Another common method is the Gray Level

Co-occurrence Matrix [175], which analyzes the spatial relationship between pixels

of different intensity levels, allowing for the extraction of texture descriptors such as

contrast, correlation, energy, and homogeneity. Texture features are particularly valuable

in identifying conditions like fibrosis or other structural changes in tissues.

In addition to these traditional methods, more advanced local descriptors, such

as Scale-Invariant Feature Transform (SIFT) [176] and Speeded-Up Robust Features
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(SURF) [177], have been developed to capture distinctive texture patterns. SIFT identifies

and describes keypoints in an image that are invariant to scale, rotation, and illumination

changes by detecting extrema in Difference-of-Gaussians space and computing gradient-

based descriptors. SURF improves upon SIFT by using an approximation based on the

Hessian matrix for keypoint detection and Haar wavelet responses for feature description,

which significantly accelerates the computation while maintaining robustness to trans-

formations. These methods have been widely adopted in medical imaging applications

for tasks such as structure tracking.

Despite their utility, color and texture features face key limitations, particularly re-

garding variability in recording quality and the fixed nature of their extraction methods.

Fluctuations in lighting conditions and image clarity can adversely affect the accuracy

of these features [178], leading to inconsistent tissue representation and potential mis-

interpretation of clinical conditions. Additionally, because the extraction methods for

these features are not adaptable or powerful enough for specific tasks [179], they lack the

flexibility needed to optimize performance in complex distributions or patterns across

diverse clinical scenarios, which often degrades their effectiveness in various analytical

frameworks.

Deep Learning Visual Features

Deep learning methods have significantly enhanced the extraction of visual features by

enabling models to learn hierarchical and task-specific representations directly from raw

video data. Unlike traditional handcrafted features, deep learning models automatically

learn multi-level abstractions, as shown by a visualization study [180] that analyzes

activations at different layers. These results reveal that early layers typically capture

low-level patterns such as edges, corners, and textures, while deeper layers encode more

complex structures, including object parts, shapes, and semantic relationships.

These hierarchical features are typically learned through deep neural network archi-

tectures such as CNNs (also mentioned in our Section 2.2.1). Popular models, including

ResNet [181], VGGNet [182], Inception networks [183], and DenseNet [184], have been

widely used for visual feature extraction. These models learn spatial hierarchies of fea-

tures through stacked convolutional operations and pooling layers. For example, ResNet
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introduces residual connections that improve the learning of high-level features in very

deep networks, Inception modules allow multi-scale feature extraction by combining

different convolutional filters within the same layer, and DenseNet improves feature

reuse and gradient flow by densely connecting each layer to every other layer.

More recently, ViTs [5] mentioned in our Section 2.2.3 and their derivatives, such

as DeiT [185] and Swin Transformer [186], have offered an alternative way of learning

features. Instead of relying on local convolutional operations, these models divide images

into patches and apply self-attention to capture global contextual relationships between

regions. DeiT is a data-efficient variant of ViT that achieves strong performance without

requiring extremely large datasets, while Swin Transformer introduces a hierarchical

structure with shifted windows to efficiently model both local and global patterns. As

a result, transformer-based models can learn richer long-range dependencies and offer

strong global feature representations.

These models are typically pretrained and benchmarked on large-scale datasets such

as ImageNet [187], which contains millions of labeled natural images across diverse

categories. Benchmarking on such datasets allows for standardized evaluation and

comparison across architectures. The learned features serve as robust general-purpose

visual representations and are widely transferred to a variety of downstream tasks.

Despite their success, transferring these features to clinical videos poses challenges.

Clinical imagery often differs substantially from natural scenes, and the presence of

artifacts such as smoke in minimally invasive surgery videos [27] or specular highlights

in endoscopic footage [13] can introduce noise into the extracted feature maps. These arti-

facts may degrade model performance in downstream tasks like action recognition [188].

Therefore, effective deployment in clinical applications often requires fine-tuning on

domain-specific datasets or additional adaptations to address clinical data characteristics.

2.7.2 Geometric Features

In computer vision, geometric features refer to quantitative representations that describe

the shape, size, and spatial relationships of objects within a given environment [189,

190]. Despite advancements in machine learning and deep learning methods for video

analysis, challenges remain in clinical settings, particularly in complex environments
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and scenarios involving occlusions [26]. By providing structured information about the

spatial relationships between semantics and RGB frames, geometric features can improve

various tasks.

These geometric features can generally be categorized into 2D and 3D features [191].

2D geometric features include bounding boxes captured by object detection [192] and

segmentation maps produced by semantic segmentation [193]. 3D features encompass

depth maps captured by depth estimation [14] and point clouds generated by 3D recon-

struction [194]. Additionally, keypoint detection, including keypoints for anatomical

structures [195] and joint points detected through human pose estimation [15], could

exist in either 2D or 3D, depending on the design of the landmarks.

2D Geometric Features

2D geometric features are essential in computer vision as they provide critical information

regarding the spatial layout and relationships of objects within images or video frames

[196]. Although they do not reflect the real-world coordinates of objects, they can

capture direct information from the cameras, serving as an important cue for end-users

to understand the real 3D world [197].

These features are particularly useful in clinical video analysis, where accurate detec-

tion and tracking of instruments, anatomical structures, or abnormalities are vital for

effective diagnostics and treatment [198–200]. Moreover, 2D geometric features help

users understand complex procedures more effectively [156], assisting learners in clinical

training. For instance, precise identification and localization of objects within a surgi-

cal video can significantly enhance the efficiency and safety of procedures while also

providing valuable feedback for trainees developing their skills [201].

One significant application of 2D geometric features is keypoint detection, which

involves identifying specific points of interest in an image that correspond to critical

landmarks or features [202]. In clinical applications, keypoints can represent various

elements, such as the joints of a human body in pose estimation [66] or specific features on

surgical instruments [203]. For human body 2D pose estimation, most clinical applications

utilize established pose estimation pipelines, such as OpenPose [204], which employs

a multi-stage CNN architecture to detect body keypoints by first generating a coarse
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heatmap for each joint and then refining these predictions through successive stages to

produce accurate 2D coordinates of human skeletal joints. For other keypoint detection

tasks, manual annotation is often necessary to retrain the model for specific applications

[203, 205]. A commonly used tool is DeepLabCut [206], which supports both 2D and

3D pose estimation. DeepLabCut utilizes transfer learning to adapt a pre-trained CNN

model to specific keypoint detection tasks, allowing for efficient annotation and improved

accuracy. However, due to the challenges associated withmanual annotation for obtaining

3D coordinate annotations, clinical applications tend to focus primarily on 2D keypoint

detection [203,205]. Despite their utility, the interpretation of keypoints can be subjective

for human annotators [207], leading to inconsistencies in labeling when creating new

datasets, which may affect the model’s performance and reliability in clinical settings.

Bounding boxes are another key component of 2D geometric features. These rect-

angular annotations specify the location and size of objects within an image or video

frame [208]. Bounding boxes are widely used in object detection tasks, enabling the

identification and tracking of relevant items in clinical settings, such as surgical in-

struments [192] or anatomical structures [209]. Typically, object detection models for

bounding boxes are trained using existing architectures, provided they are fine-tuned

with datasets specific to the required clinical scenarios. One popular architecture for

bounding box detection is You Only Look Once (YOLO) [210], which operates by predict-

ing bounding boxes and class probabilities directly from full images in a single evaluation.

YOLO’s speed and efficiency make it particularly suitable for real-time applications, which

is crucial in clinical scenarios. Since annotating objects only requires a few clicks to

select a rectangle [211], this method is easy to implement, making it widely used in

clinical settings [212]. Additionally, as bounding boxes contain the size of objects in the

video frames, they could provide some indication of the distance from the camera [132],

which contributes to a more comprehensive understanding of the 3D spatial relationships

compared to keypoint detection.

Segmentation maps are also a critical aspect of 2D geometric features. These maps

partition an image into multiple segments or regions [213], assigning a label to each pixel

based on the object it represents. This technique is essential for the precise delineation

of structures in clinical images, allowing for improved visualization and analysis of
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pathological conditions or surgical areas [214]. Similar to object detection, segmentation

for clinical applications typically requires retraining existing segmentation models on the

given clinical dataset [214]. One commonly used model is U-Net [7], which is a symmetric

convolutional network that encodes input images into a latent feature space and then

decodes these latent features into segmentation masks. However, despite providing more

precise location information for objects, the dense pixel-level annotations required for

segmentation make it less accessible for deployment [215] compared to object detection.

Additionally, segmentation accuracy is often affected by various low imaging quality

factors [216], such as frequent occlusions and varying resolutions, which are common in

clinical settings.

While these 2D geometric features are important for clinical video analysis in describ-

ing abstract relationships in the video, many clinical procedures involve complex actions

in a 3D coordinate system, such as interactions between clinical trainees and training

environment [217]. Thus, while 2D features efficiently represent abstract relationships

and structured understanding in the recorded frames, they may sometimes be insufficient

if the task requires more understanding in the real 3D coordinate system.

3D Geometric Feature

3D geometric features are crucial for enhancing the understanding of spatial relationships

in video analysis, particularly in clinical settings. Unlike their 2D counterparts, which

provide limited information about the depth and the volumetric structure of objects,

3D features offer a more detailed representation, enabling precise spatial mapping of

movements and relevant objects within the video [218]. By capturing three-dimensional

aspects such as depth [14] and spatial location [15], these features facilitate a more

accurate interpretation of clinical scenarios.

Keypoints could be captured in a 3D format to provide spatial awareness that closely

resembles real-world coordinates. This is commonly used for human skeleton data pose

estimation in clinical applications. Existing solutions for 3D joint keypoint estimation

include algorithms integrated into depth cameras, such as the Azure Kinect, which

provide 2D or 3D coordinates of human skeletal joints [219]. Moreover, pipelines such as

MediaPipe Hands [220] could infer 3D hand joints at high speed from single-view live
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video. The efficient representation of spatial movement for clinicians or patients makes

the use of 3D keypoints in human skeleton data very common in rehabilitation [155].

Additionally, depth maps are a crucial form of 3D information that represent the

distance from the camera to various objects in a scene [221]. This information is essential

in clinical video analysis, as it enables the reconstruction of three-dimensional structures

from two-dimensional images, enhancing spatial understanding during procedures such

as endoscopy or surgery. Depth maps are commonly utilized in clinical settings because

they can either be directly estimated from raw monocular videos or captured using

external devices, making them highly suitable for clinical applications. Due to the lack

of ground truth data, self-supervised learning has emerged as a prevalent method for

monocular depth estimation in clinical contexts, addressing issues of accessibility [137].

This approach leverages disparity information [14], which refers to differences in pixel

positions between two views of the same scene. By utilizing warping-based view synthesis

and simultaneous depth and ego-motion estimation, the appearance differences between

the target and synthesized frames serve as a supervisory signal for training. Thus, depth

maps can be considered an accessible solution for depth estimation in clinical settings, as

they can be generated without requiring extensive annotations..

Another important 3D geometric feature is the point cloud, which consists of a

collection of data points in three-dimensional space, each representing the surface of an

object or scene [222]. Point clouds could be generated through techniques such as 3D

reconstruction using 3D scanners or LiDAR [222], enabling detailed spatial mapping of

clinical environments. However, these methods typically require additional hardware,

which limits their application in standard inner-body scenarios such as surgery, where

additional cameras or sensors are generally not installed [108]. These limitations reduce

the feasibility of directly using point clouds in clinical settings.

In addition to direct point cloud capture, alternative approaches attempt to construct

dense 3D representations from multi-view frames without the need for external devices,

often leveraging Structure-from-Motion (SfM) techniques [223]. SfM uses keypoint

matching across frames to estimate camera poses and reconstruct the 3D geometry of a

scene. While these methods are hardware-independent, they rely heavily on accurate

camera pose estimation and reliable keypoint tracking to effectively combine data across
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frames. Unfortunately, in clinical settings, challenges such as occlusion, limited fields of

view, and difficulties in maintaining stable keypoints on textureless surfaces often lead to

inaccuracies in pose estimation [224]. These issues significantly limit the application of

SfM in clinical settings, particularly in surgical and endoscopic scenarios.

Similarly, volumetric scene representations have recently gained popularity as a

3D geometric feature. Neural Radiance Fields (NeRF) has emerged as a novel method

for synthesizing complex 3D scenes from 2D images by modeling volumetric scene

representations [225]. Recent efforts have aimed to adapt this technology for clinical

applications [226,227]. For example, Gerats et al. [227] use NeRF to reconstruct 3D scenes

of surgical procedures from sparse-view RGB-D videos, combining time-of-flight sensor

data and dense depth estimations to create geometrically accurate visual representations

with fewer cameras. However, NeRF also requires accurate camera pose estimation and

typically demands significant computational resources and time for inference. It is not

designed for real-time applications [228], which limits its widespread use in clinical video

analysis.

Recently, 3D Gaussian Splatting (3DGS) [229] has emerged as a promising alternative

to NeRF for 3D scene reconstruction. Instead of modeling a continuous volumetric field

through neural networks, 3DGS represents a scene using a set of anisotropic Gaussian

functions directly placed in 3D space, allowing for efficient real-time rendering with-

out expensive ray marching. Compared to NeRF, 3DGS achieves faster training times

and significantly higher rendering speed while maintaining competitive visual quality.

However, despite its advantages, 3DGS also has limitations. It typically requires accurate

camera poses and high-quality multi-view images for effective reconstruction, which are

difficult to obtain in clinical settings where camera movement is restricted and views are

often sparse or occluded. Moreover, the representation assumes static scenes, making it

less suitable for highly dynamic environments such as surgeries or endoscopic examina-

tions [10]. As a result, while 3DGS offers SOTA performance in general 3D reconstruction,

its application to clinical video analysis remains challenging and largely unexplored.
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2.7.3 Justification of Feature Selection in This Thesis

In this review, both visual and geometric features are explored for clinical video analysis.

While visual features, including color, texture, and deep learning-based representations,

provide semantic information about the appearance of clinical scenes, their effectiveness

often diminishes in the presence of noise, lighting variation, and occlusion [13]. To address

these challenges, this thesis emphasizes geometric features, which encode structured

spatial information about the scene and complement visual features with enhanced

robustness and interpretability.

However, not all geometric features are equally suitable for clinical applications.

Complex 3D representations such as volumetric reconstructions [225, 229] or dense point

clouds often require multi-view hardware setups or high-quality camera pose estimation.

These conditions are difficult to meet in real-world clinical environments. On the other

hand, simpler 2D representations like keypoints may lack sufficient spatial context. Thus,

the selected features are carefully chosen based on their task relevance, practicality, and

balance between 2D and 3D information.

Bounding boxes are selected for the surgical workflow anticipation task (Chapter 3)

due to their strong performance in object localization and tracking while maintain-

ing simplicity and ease of annotation. Compared to keypoints or segmentation masks,

bounding boxes provide a structured and interpretable way to model temporal object

interactions without requiring detailed annotations [208]. For long-term anticipation

tasks, this lightweight representation enables efficient modeling of tool trajectories and

object presence over time, which are critical cues for predicting future procedural steps.

Depth maps are used for endoscopic video inpainting (Chapter 4) because they offer

accessible 3D structural information that enhances visual recovery in degraded frames.

Unlike surface-level 2D features or expensive volumetric methods, depth maps could be

estimated directly from monocular video using self-supervised learning [14], avoiding

the need for special hardware. This makes them highly practical for clinical enhance-

ment, where occlusions, lighting artifacts, and fluid interference often obscure essential

anatomical details. Integrating depth helps guide the reconstruction toward spatially

consistent and clinically plausible content.

3D skeleton data is employed for clinical skill assessment (Chapter 5) because it
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captures detailed motion patterns that are critical for evaluating procedural accuracy.

Compared to bounding boxes, skeletons provide explicit joint-level representations of

the hands and body [219], which are necessary for analyzing fine motor skills such as

needle manipulation in acupuncture or chest compression techniques in CPR training.

This level of detail enables more precise tracking of skill execution. Furthermore, 3D

skeletons support multi-view motion modeling, improving robustness to occlusion and

allowing consistent evaluation from different camera angles, which is essential in clinical

training environments.

In summary, this thesis selects bounding boxes for temporal workflow modeling,

depth maps for spatial restoration, and 3D skeletons for motion-level analysis. These

choices reflect a task-specific strategy to balance precision, computational efficiency, and

practicality in diverse clinical video scenarios.

2.8 Geometric feature enhanced Deep Learning for

Video Analysis

Geometric features significantly enhance the effectiveness of deep learning models in clin-

ical video analysis by providing a more structured understanding of spatial relationships

and interactions within the videos [21,54]. In contrast to purely visual features, geometric

features, such as bounding boxes, depth maps, and key points, offer valuable spatial

information that enables a deeper interpretation of clinical events, instrument interac-

tions, and the performance of clinical tasks. This section explores three key areas where

geometric feature enhanced deep learning is making a substantial impact: long-term

anticipation, video quality enhancement, and fine-grained semantic understanding.

2.8.1 Geometric Feature Enhanced Long-term Anticipation

In long-term video anticipation, geometric features such as bounding boxes are valuable

for capturing spatial relationships that purely visual features may overlook. A common

approach involves utilizing existing object detection models to generate bounding boxes

for objects and embedding these geometric features into neural network layers to enhance
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the overall framework [21, 132, 230]. In general computer vision, for example, Furnari et

al. [230] use bounding boxes to represent object occurrences, which are then fused with

visual features through an attention mechanism to anticipate the next action.

In clinical settings, bounding boxes have also been introduced to enhance anticipa-

tion frameworks. For example, Yuan et al. [21] propose Instrument Interaction Aware

Anticipation Network (IIA-Net), which improves surgical workflow anticipation by incor-

porating geometric features such as bounding boxes to represent interactions between

instruments. These features are encoded and fused with visual information to enhance

the model’s ability to predict surgical steps.

Despite these advancements, their method focuses primarily on instrument bounding

boxes, limiting its ability to track the movement of anatomical structures and neglecting

critical interactions between instruments and anatomy. Incorporating more detailed

geometric features, such as bounding boxes of anatomical structures, could provide a

more comprehensive understanding of the surgical context and significantly enhance the

accuracy of event predictions.

2.8.2 Geometric Feature Enhanced Video Quality Improvement

Geometric features, such as depth information, are critical for improving video quality

tasks. In general video inpainting, depth maps are employed to reconstruct missing or

occluded parts of a video by embedding depth features, concatenating them with RGB

visual features, and using the combined depth-enhanced features to guide the inpainting

process [231, 232]. However, many methods rely on specialized equipment, such as

LiDAR [231], or require precise depth ground truth during inference [232], which is often

impractical in clinical settings, particularly for endoscopic video capture [108].

In clinical scenarios, some attempts have been made to leverage depth information.

For instance, Chen et al. [52] proposed a framework for improving endoscopic video

resolution using depth information, focusing solely on texture refinement relative to

depth ranges and single-image processing without incorporating temporal information.

This limitation hinders the framework’s ability to effectively address spatial structure

understanding in videos, reducing its applicability for improving endoscopic video quality.

To the best of our knowledge, no other methods besides the approach introduced in
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Chapter 4 have utilized depth information specifically for video inpainting in endoscopic

settings. Given the critical need for real-time video analysis in endoscopy, existing

geometric-based methods relying on depth maps often require customized solutions to

effectively address the unique challenges posed by these environments.

2.8.3 Geometric Feature Enhanced Fine-Grained Semantic Under-

standing

Geometric features, such as human skeleton data, which represent key points correspond-

ing to joints and body movements, have become essential inputs for skill assessment

frameworks requiring fine-grained semantic understanding [150]. Early clinical training

systems directly modeled skeleton sequences using RNNs. For example, STNN [22]

employs a LSTM [97] network to assess physical rehabilitation exercises based on human

pose data.

To better capture both spatial and temporal dependencies in human motion, Graph

Convolutional Network (GCN)-based methods have been proposed. Unlike traditional

convolutional networks that operate on regular grids such as images, GCNs generalize

convolution operations to graph-structured data [233], where nodes represent entities

(e.g., joints) and edges represent relationships (e.g., bones or connections between joints).

By aggregating information from neighboring nodes, GCNs are well-suited to model the

spatial structure of the human body. Building upon this idea, Spatial-Temporal Graph

Convolutional Network (ST-GCN) [234] extend GCNs by introducing temporal edges

across consecutive frames, allowing the model to jointly learn spatial relationships within

a frame and temporal dynamics across frames. This enables structured and efficient

modeling of joint movement patterns over time. Many recent clinical training systems

adopt ST-GCN-based architectures for fine-grained semantic understanding in clinical

applications [158, 235]. For example, STGCN-LSTM [158] integrates an LSTM module

into the ST-GCN framework to model long-term temporal patterns for rehabilitation

assessment, while STGCN-RI [235] further enhances the ST-GCN by incorporating joint

rotation matrices to improve robustness in skeleton-based skill evaluation.

Despite these advantages, these frameworks often rely on single-view data [158, 235],

which limits their ability to address occlusions commonly encountered in clinical practice,
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thereby hindering comprehensive movement analysis. Furthermore, as these methods

primarily focus on the skeleton of the practitioner, they overlook critical interactions with

the environment, such as equipment or other trainees [158, 235]. Therefore, by relying

solely on single-view skeleton data, these frameworks may fail to provide sufficient

context for evaluating complex movement patterns and assessing how effectively the

trainee interacts with their surroundings, which are essential components of clinical

performance.

In summary, geometric feature-enhanced deep learning holds significant potential

for advancing clinical video analysis. From long-term video modeling to video enhance-

ment and fine-grained semantic understanding, the integration of geometric features

provides a richer and more structured interpretation of clinical scenarios. However,

there remains considerable scope for improvement, particularly in capturing the interac-

tions between instruments and anatomy, developing specialized solutions for enhancing

endoscopic video quality with depth assistance, and achieving a comprehensive multi-

view understanding of skill interactions within clinical environments. To address these

gaps, this thesis proposes multiple geometric feature enhanced clinical video analysis

frameworks. Specifically, it introduces structured object-location modeling for improving

long-term surgical workflow anticipation (Chapter 3), depth-guided video inpainting for

robust endoscopic video quality improvement (Chapter 4), and multi-view human-object

interaction modeling using skeleton features for fine-grained clinical skill assessment

(Chapter 5).
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CHAPTER 3

Surgical Workflow Anticipation Leveraging Geometric

Features

Portions of this chapter have previously been published in the following peer-reviewed

publications:

• Zhang, F. X., Moubayed, N. A., & Shum, H. P. H. (2022). Towards graph represen-

tation learning based surgical workflow anticipation. In Proceedings of the IEEE

International Conference on Biomedical and Health Informatics (BHI ’22), pages 1-4,

IEEE.

• Zhang, F. X., Deng, J., Lieck, R., & Shum, H. P. H. (2025). Adaptive graph learning

from spatial information for surgical workflow anticipation. IEEE Transactions on

Medical Robotics and Bionics, 7 (1), 266–280.

In this chapter, we explore how geometric features could enhance long-term video

anticipation in clinical settings, focusing on the challenging task of surgical workflow

anticipation. This task involves managing extended time scales and interpreting abstract

interactions between surgical instruments and anatomical structures [21], making it a
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compelling validation case for long-term video understanding in clinical applications. As

the opening chapter of this thesis, and in contrast to subsequent sections (Chapter 4 and

Chapter 5) that explore the fusion of geometric and visual features, this work emphasizes

the potential of geometric features as standalone robust representations for complex

clinical scenarios, without relying on fusion with other features. It demonstrates their

ability to support deep learning models in capturing long-term dynamics in clinical

videos.

To address this challenge, we propose a surgical workflow anticipation method

that uses geometric features of both surgical instruments and anatomical targets as

primary inputs. Extending earlier work focused solely on instruments, this chapter

incorporates both instruments and targets to model complex interactions. An adaptive

graph method dynamically selects optimal graph representations for each video frame,

while a multi-horizon objective balances learning across time horizons, enabling flexible

predictions. Evaluations on two benchmarks show a 3% error reduction in surgical phase

anticipation and 9% in predicting surgical duration, demonstrating improved short-to-

mid-term anticipation. These results highlight the method’s potential to enhance surgery

team coordination and emphasize the role of geometric features in advancing long-term

clinical video analysis.

3.1 Introduction

Surgical workflow anticipation is the task of automatically predicting the timing of

relevant surgical events from live video data, such as the remaining time before a surgical

instrument is changed or the remaining duration of the entire surgery. The capability

of this task facilitates efficient instrument preparation and the design of intelligent

robotic assistance systems [4]. Additionally, it can enhance patient safety and facilitate

communication in the operating room [74]. Consequently, usingmachine learningmodels

to improve surgical workflow anticipation has become an important research topic in

surgical vision [4, 133, 134, 136] and is critical for the efficiency and safety of Minimally

Invasive Surgery (MIS) [21].

To make accurate surgical workflow predictions, it is crucial to consider the interac-
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tions between surgical instruments and targets (e.g., a gripper fixating tissue) [73], as

these directly influence subsequent steps and surgical outcomes. This process requires

integrating geometric features [236], with a particular emphasis on tracking changes

in location and size over time. Such tracking helps describe the rational movement

and interaction relationships between surgical instruments and targets [237]. Recent

approaches [21] utilize these geometric features, which are easily captured by existing

object detection models, and demonstrate robustness even during frequent partial oc-

clusions in complex surgical environments [199] (as shown in Fig. 3.1, where object

detection could still detect robust geometric features for surgical instruments and targets

during complex interactions). Similarly, in our initial attempt for this task [135], we

also used the bounding box of surgical instruments as our primary input and designed

a graph convolution to model the relationships between these instruments, showing

a significant improvement in short-term anticipation. However, previous works and

our early attempts often did not give enough attention to tracking the surgical target,

which misses the important interactions between instruments and surgical targets. This

limitation restricts the potential for a comprehensive representation of surgical scenarios.

Anticipation models are generally trained and evaluated based on their prediction

accuracy as measured by the Mean Absolute Error (MAE). In practice, immediately

impending events are more important than those in the remote future. In the surgical

workflow anticipation field, it is therefore common to define a so-called time horizon h

(e.g., 2min/3min/5min) [4, 21], which sets a temporal threshold to differentiate between

in-horizon events (t ≤ h) and out-of-horizon events (t > h). These two types of events

are evaluated differently [4]: in-horizon events occur within the given time horizon

and should be predicted as accurately as possible, whereas out-of-horizon events occur

beyond the given time horizon and should be largely ignored by setting the error to

zero as long as the model predicts any time greater than h. The reason for setting

the error to zero is to avoid penalizing the model for imprecise predictions of events

that are too far in the future to be clinically actionable [238]. This design focuses the

evaluation on near-future anticipation accuracy, which is more relevant for real-time

decision-making in surgical settings. However, previous works [4, 21] typically use a

fixed duration for h (i.e., a fixed horizon [239]). This approach limits the model’s ability to
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adapt to varying surgical durations because it cannot optimize for different time horizons

within a single framework (i.e., multi-horizon modeling [135]). As the length of surgery

can vary depending on the patient’s condition [133], relying on a fixed time horizon

restricts the model’s generalizability across a broader patient population.

We identified three major challenges for employing geometric features for surgical

workflow anticipation. First, existing methods provide an incomplete and unreliable

representation of the surgical scene [21, 135]. Their representation is limited to surgical

instruments, which ignores surgical targets as well as the uncertainty associated with the

process of geometric feature extraction. This lack of comprehensive information limits

their ability to represent interactions effectively. Second, previous methods [205] and

our early attempts [135] use static graphs that cannot capture the dynamic interactions

between instruments and surgical targets, whichmay vary significantly across the surgery.

For example, in the cholecystectomy shown in Fig. 3.1, the graspers are initially used

to position the gallbladder for broad exposure. As the procedure progresses, the hook

joins in to separate the gallbladder from the liver, necessitating a different interaction

representation for the current frames. These changes in interaction cannot be captured

by static graphs and require adaptive graphs. Third, existing anticipation methods,

including those based on geometric approaches [21, 135], struggle with the diverse time

span requirements of surgical anticipation. They typically employ a fixed time horizon in

their model training and evaluation. When training, any prediction times exceeding the

given time horizon are adjusted back to the fixed time horizon value. This approach limits

their applicability to scenarios with a fixed horizon, while the time scales of surgical

scenarios can vary significantly [133].

To address these challenges, we present an adaptive graph learning framework for sur-

gical workflow anticipation based on a novel geometric representation. First, to represent

the surgical scene more comprehensively, we propose a new geometric representation

based on bounding boxes. This representation includes both surgical instruments and

targets, along with their detection confidence levels. Due to the lack of annotations for

surgical targets in popular benchmark datasets, namely the Cholec80 cholecystectomy

video dataset [2] and the Cataract101 cataract surgery video dataset [162], we provide

additional annotations for surgical targets. These annotations enable us to train object
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detection models for both surgical instruments and targets. Second, we introduce an

adaptive graph learning approach to promote a dynamic understanding of the surgical

procedure. Unlike our prior static methods for graph selection [135], our method dy-

namically selects suitable candidate graphs for each frame in the video thus adapting

the graph representation over time according to the current surgical situation. Third, to

meet the diverse time horizon requirements of complex surgical settings, we introduce

a multi-horizon objective that combines the loss functions for different time horizons

using learnable weights. This optimizes a generalized prediction across different horizons

without manual weight adjustment.

Comprehensive experiments on two benchmark datasets indicate that our method

outperforms existing surgical anticipation methods. To promote a fair comparison with

previous methods, we employed the commonly used variants of MAE as an evaluation

metric, where a higher MAE implies inaccurate predictions that may delay the timely han-

dling of relevant events and adversely affect patient outcomes [4]. Specifically, compared

to SOTA method proposed by Yuan et al. [21], our approach achieves a ∼3% reduction in

MAE for predicting the beginning of the next surgical phase (surgical phase anticipation)

and a ∼9% reduction for predicting the end of the surgery (remaining surgery duration

anticipation) compared to existing benchmarks. This highlights the potential of our

method for enhancing preparation and coordination within the surgery team, which

helps improve surgical safety and the efficiency of operating room usage.

A demonstration of our framework running on live surgical video can be found in

the shared video1. Our main contributions are as follows:

1. We propose a novel geometric representation based on bounding boxes to extract

geometric features about both instruments and surgical targets, along with their

detection confidence levels. To train our object detection models and address the

current gap in surgical target detection, we provide additional object annotations

in two benchmark datasets.

2. We introduce an adaptive graph learning approach to dynamically select a num-

ber of candidate graphs for the current time frame that represent interactions

1https://www.youtube.com/watch?v=kme1_oJsyeA
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Figure 3.1: Comparison of semantic segmentation (Top) with object detection (Bottom)
across three consecutive seconds: We compare our trained YOLOv5 model with Segment
Anything [11], a state-of-the-art foundation model for segmentation. Segmentation
masks significantly change across frames even when their positions remain static. In
contrast, bounding boxes consistently provide a stable representation of both location
and size.

among surgical instruments and targets. With graph convolution and temporal

convolution, this allows for leveraging dynamic geometric features to improve our

predictions in complex surgical settings.

3. We design amulti-horizon training strategy that incorporates loss terms formultiple

time horizons, thus eliminating the need for choosing a single, fixed horizon. Our

multi-horizon objective allows for automatically balancing the terms for different

horizons, thereby making our approach more flexible and broadly applicable.

3.2 Method Overview

Our method uses a series of raw video frames as input and predicts the timing of various

surgical events as output. It consists of three main processing stages, depicted in Fig. 3.2

and described in more detail in Sections 3.3–3.5.

Geometric Feature (Section 3.3): In the first stage, we extract bounding boxes from

the raw video frames using YOLOv5 [240]. By providing essential geometric features (i.e.,

location and size) with less complexity, bounding boxes offer a more stable geometric

representation compared to pixel-level segmentation. At the same time, they provide all

the necessary geometric features required for subsequent steps. To further improve the
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Figure 3.2: Overview of our method. Given a sequence of video frames as input, our
model has three main processing stages (Sections 3.3–3.5): (1): From the raw frames,
we extract bounding boxes of surgical instruments and targets. (2): This information is
further processed using adaptive graphs by (2.A) selecting a number of candidate graphs
(red, yellow, green), (2.B1) using graph convolution to process the node features based
on the graph’s connectivity; (2.B2) fusing nodes from the multiple candidate graphs,
and (2.B3) performing temporal convolution over the nodes from different video frames.
(3): The final node features are used to produce an unconstrained prediction of various
surgical events trained using a multi-horizon objective.

quality and robustness of the basic YOLOv5 model, we created additional annotations

(Fig. 3.3) and fine-tuned YOLOv5 on these datasets (3.3.1). Moreover, we employ con-

fidence estimates as a quantifiable reference of potential uncertainty in the geometric

feature extraction (3.3.2).

Adaptive Graphs (Section 3.4): A core contribution of our work is the use of adaptive

graphs to model the interaction between surgical instruments and targets over time. This

involves two phases, first, the selection of candidate graphs based on both prior statistics

about typical interactions as well as geometric features that are dynamically extracted

from the bounding boxes (3.4.1), and, second, further processing of the node features

through graph convolutions, node fusion, and temporal convolutions (3.4.2).

Multi-Horizon Objective (Section 3.5): It is common to train models for only predict-

ing events within a fixed time horizon h (2min/3min/5min) using dedicated loss functions.

In contrast, our model is trained to predict the actual timing of events, independently of

any artificially imposed time horizon constraints. When evaluating the model on existing

fixed-horizon benchmarks, the model output is clipped to the respective horizon h. For
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Figure 3.3: Additional annotation for existing datasets. We provide additional anno-
tations for the Cholec80 dataset focusing on surgical targets and for the Cataract101
dataset covering both surgical targets and instruments.

training, we combine the loss functions for multiple horizons with a learnable weighting

to a single multi-horizon loss. This allows our model to make unbounded predictions

while still putting higher weight on the more relevant short-term predictions.

3.3 Geometric Feature Representation

Amajor challenge in leveraging geometric features for surgical workflow anticipation [21, 135]

is the lack of a stable representation of both instruments and surgical targets. This absence

limits their effectiveness in representing critical interactions during surgery. Although

previous efforts have utilized segmentations to represent surgical targets [21], this method

primarily captures the shape of the surgical scene. Compared to object detection, seg-

mentation often fails to directly describe the motion of instruments and surgical targets,

which is crucial for understanding surgical workflows. Additionally, in the highly non-

rigid surgical environment [23], the shape of estimated segmentation masks frequently

changes during interactions between instruments and targets. This variability often

introduces noise into the training process, as demonstrated in the top part of Fig. 3.1.

To address this challenge, our framework employs bounding boxes to represent

both instruments and surgical targets. It provides a stable geometric representation by

focusing on key characteristics such as location and size, which remain consistent during

interactions between instruments and targets, as illustrated in the bottom part of Fig. 3.1.
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3.3.1 Additional Data Annotation

There are two significant issues with existing datasets. First, they do not include annota-

tions for surgical targets [162, 192]. Second, most annotations are on selected high-quality

images. This results in models being susceptible to image artifacts, such as reflection and

motion blur, that can impair object detection performance.

To address these issues, we provide additional bounding box annotations on existing

datasets for both instruments and surgical targets. Importantly, our annotations include

a variety of image qualities without specifically selecting for high quality. This allows

object detection models trained on our dataset to better handle the artifacts presented in

real-world surgical settings. The annotations were performed by the PhD candidate (the

author of this thesis), who holds a medical bachelor’s degree, providing relevant domain

knowledge to guide the annotation process.

Specifically, our additional annotations are based on two popular surgical video

datasets: the Cholec80 cholecystectomy dataset [2] and the Cataract101 cataract surgery

dataset [162]. Figure 3.3 showcases examples of these additional annotations.

For surgical target annotations, we define surgical targets as the tissue regions most

frequently interacted with by instruments, identified based on our observation of the

entire video for each surgical case. For the Cholec80 dataset, we provide additional

annotations for 5,137 frames, focusing on surgical targets (i.e., the gallbladder and ad-

jacent tissues targeted for removal). For the Cataract101 dataset, we provide additional

annotations for 2,157 frames of surgical targets (i.e., the pupil).

For instrument annotations, we leverage existing datasets. For Cholec80, we use the

m2cai16-tool-locations dataset [192]. For the Cataract101 dataset, we provide additional

annotations for 2,990 frames, employing a simplified instrument definition adapted from

Fox et al. [241].

We employ YOLOv5 [240] to extract geometric feature (Section 3.3.2). YOLOv5 is

known for its effectiveness in challenging conditions. This is due to its advanced data

augmentation techniques that simulate visual distortions and its multiscale architecture,

which is capable of capturing objects of various sizes. We additionally fine-tune YOLOv5

on our new datasets to further enhance its object detection robustness. This enables us

to accurately detect instruments or surgical targets despite environmental variability,
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facilitating effective geometric feature extraction.

3.3.2 Confidence Estimates

Previous anticipationmethods [21,135] that leverage geometric features (whether through

bounding boxes or semantic segmentation) typically do not account for the uncertainty of

their geometric feature. This ignorance often leads to reliance on potentially inaccurate

geometric features. Such overconfidence often leads to incorrect information being

used for anticipation, particularly in complex surgical scenarios where the extraction of

geometric features is noisy.

To address this issue, our approach includes bounding boxes and their detection

confidence levels. This integration provides subsequent models with a quantifiable

reference of potential uncertainty in the current geometric feature extraction [210]. This

method offers improved reliability over models that exclusively use segmentation or

bounding boxes.

Specifically, we extract the bounding box features as:

bt = {xt, yt, wt, ht, ct} , (3.1)

where xt and yt denote the x and y coordinates of the center of a surgical element in

frame t, wt and ht represent the detected width and height of each surgical element in

frame t, and ct denotes the detection confidence score directly output from the object

detection model, indicating the reliability of the bounding box. Including ct in the

geometric representation allows the model to account for the trustworthiness of each

spatial input and reduce the impact of noise from potentially unstable detections. The

observed sequence {b0 · · · bT }, spanning from time point 0 to the current observed time

point T , is utilized to anticipate when surgical event e occurs. Denoting the number of

instruments and surgical targets in the surgery type to anticipate as N and the feature

number in the bounding box as B, the observed geometric feature bT ∈ RT ×N×B . To

further improve the robustness of our representation against potential inaccuracies, we

adopt a learnable weighting for our representation to discern potential reliable frames

through a temporal attention mechanism [242]. This mechanism assigns weights to
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frames based on object detection results and their associated confidence levels.

3.4 Adaptive Graph Learning

A major challenge for our early attempt [135] employing geometric features is their

reliance on a single static graph to describe the interaction relationships between instru-

ments and surgical targets. This approach assumes fixed surgical interactions throughout

the surgical procedure and fails to accurately capture the dynamic interactions between

various instruments and surgical targets during surgery. Consequently, a single static

graph often cannot offer an appropriate representation of interactions for different frames

within a surgical video.

To address this challenge for dynamic surgical interactions, we design our anticipa-

tion feature learning to leverage adaptive graphs. These adaptive graphs automatically

select different suitable representations for each frame, accurately reflecting the dynamic

surgical interactions. Our method comprises two main steps: Candidate Graph Selection

(Section 3.4.1) which determines the graph representation policy for each frame, and

Graph-based Feature Learning (Section 3.4.2) which transforms geometric feature into

spatio-temporal features for anticipation based on the selected graphs for each frame,

and then transforms the feature representation into the final anticipation output. The

procedure is illustrated in Fig. 3.4.

3.4.1 Candidate Graph Selection

Two key issues arise when employing graph selections for surgical interaction analysis.

First, the selected graphs should accurately represent surgical interactions [243]. Secondly,

it is critical to design a graph selection process that is learnable to optimize it for the

specific prediction task.

To address these issues, our candidate graph selection process involves two steps.

First, before training, we generate an initial set of fully connected candidate graphs. This

set includes the most frequently occurring combinations of instruments and surgical

targets, according to object detection results from each frame in the training set. This

approach identifies themost representative interactionswithin the dataset. Second, during
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Figure 3.4: The architecture of our adaptive graph learning consists of two main com-
ponents: Left: Candidate Graph Selection selects the suitable graph representations for
each frame from the most common interactions observed in the training data. Right:
Graph-based Feature Learning transforms geometric features into spatio-temporal fea-
tures for anticipation based on the selected graphs for each frame, and then transforms
the feature representation into the final anticipation output.

Figure 3.5: Example of object detection results and graph representation from a
cholecystectomy [2]. Left: A frame showing the grasper and hook dissecting the tis-
sue plane. Right: Fully connected candidate graph representing interactions among
instruments and surgical targets. Gray nodes represent objects that do not appear in
the frame. Node legend: 0: surgical target; 1: grasper; 2: bipolar; 3: hook; 4: scissors; 5:
clipper; 6: irrigator; 7: specimen bag.

66



Chapter 3. Surgical Workflow Anticipation Leveraging Geometric Features

training and inference, we employ a policy network enhanced by the Gumbel-Sinkhorn

operation [244] (further explained in Eq. 3.3) to select the most relevant candidate graphs

for each frame. The whole graph selection process is end-to-end differentiable, allowing

us to optimize it for our anticipation tasks.

Specifically, in our first step, we construct a raw candidate graph set, denoted as

G. This set comprises various graphs that encapsulate all possible combinations of

instruments and surgical targets, which are identified from object detection results in

each frame of the training data. Within these graphs, we define a node set V with N

node where N denotes the number of instruments or surgical targets in the current

frame. Each node vi represents a bounding box of a surgical instrument or the surgical

target and N denotes the number of instruments or surgical targets in the current

frame. The edge set E encapsulates the interactions between these nodes, defined as

E = {vivj|i, j ∈ H, i ̸= j}, where H represents the set of all observed interactions based

on the all possible combinations of instruments and surgical targets. Each graph in G

is associated with an N × N adjacency matrix A, where an entry Aij = 1 signifies an

interaction (i.e., an edge) between nodes vi and vj . Figure 3.5 provides a visual example

of object detection results and their corresponding graph representation.

To concentrate on the most representative interactions, we select C graphs with the

most common combinations according to their frequency of occurrence in the dataset.

These form the initial candidate graph set GC ∈ RC . This set is then applied to the

sequence of frames in our observed surgical videos, creating a corresponding sequence

of initial candidate graph sets denoted as GT ∈ RT ×C .

Then, in our second step, we derive a preliminary permutation likelihood matrix

sequence MT ∈ RT ×C×C from b̂T via a policy network Policy, which is a lp-layer causal

TCN [21] with lp layers. This sequence guides the reordering of GT :

MT = Policy(b̂T ) (3.2)

To convert the likelihoods into a binary permutation matrix but still enabling gradient

backpropagation for end-to-end learning, we utilize the Gumbel-Sinkhorn algorithm [244],

allowing for differentiable binarization of matrix Mt ∈ RC×C of each matrix from MT .
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This approach first introduces a Gumbel noise term GEt to inject randomness into the

permutation process, promoting that the model explores diverse permutations during

training. Then, the Sinkhorn algorithm iteratively refines the matrix towards a doubly

stochastic matrix that approximates binary permutation values:

M0
t = exp(Mt + GEt)

Mn
t = τc(τr(M l−1

t ))

M̂t = Softmax (Mn
t /τ) ,

(3.3)

where GEt = − log(− log(Ut)) and Ut is sampled from a uniform i.i.d distribution.

Mn
t denotes the permutation matrix at the n-th Sinkhorn iteration. This iterative pro-

cess refines M0
t to approximate binary values by sequentially applying column-wise

normalization τc and row-wise normalization τr to P l−1
t . M̂t ∈ {0, 1}C×C denotes

the optimized permutation matrix of each frame and forms the permutation matrices

M̂T ∈ {0, 1}T ×C×C for observed frames. τ denotes the temperature parameter adjusting

the sharpness of approximation. Balancing computation cost and performance, we set

the Sinkhorn iterations to 10.

Finally, we reorder GT by multiplying it with the optimized permutation matrices

M̂T . To focus on the most relevant candidate graphs for each frame, we leverage the top

k rows from the reordered matrices. This forms the final candidate graph set for each

frame and a sequence of final candidate graph sets ĜT ∈ RT ×k for the observed video

frames.

3.4.2 Graph-based Feature Learning

A key limitation of existing graph-based feature learning in surgical workflow anticipation

is the application of a fixed single graph and its graph convolutions to every frame in

a surgery video [135]. This approach cannot accommodate the need for diverse graph

convolutions to update graph node features based on varying surgical interactions because

of the different graph representations selected across frames.

To overcome this limitation, we design a specific graph-based feature learning process

that effectively incorporates selected candidate graphs. First, it employs independent
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graph convolutions for each selected candidate graph. This method promotes tailored

updates to node features according to the distinct characteristics of different graphs. Sec-

ond, we introduce a channel attention mechanism [242] to efficiently fuse node features

across various graphs, providing the flexibility to integrate diverse graph combinations.

Third, we incorporate dilated causal 2D convolutions to effectively aggregate current

node features with those from previous frames. This embeds a broad temporal dimension

into the feature learning to capture long-term temporal correlations.

In particular, first, each graph ĜTk
from ĜT is processed through 2-layers of geo-

metric graph convolutions to encode geometric relationships and inject more semantic

information into input geometric feature [233] where H̃0 = b̂T :

H̃
(s)
lg

= Λ−1/2
k (Ak + I)Λ−1/2

k H̃
(k)
lg−1W

(k)
lg

, (3.4)

where H̃
(k)
lg

∈ RT ×CH̃×N denotes the output features for the k-th selected graph after

lg layers, CH̃ is its channel number, Ak denotes the adjacency matrix of the k-th se-

lected graph, Λk denotes the degree matrix, normalizing ĜTk
for smooth information

propagation. Notably, W (k)
lg

refers to the unique set of learnable convolution parameters

allocated for the k-th graph, supporting node feature updates according to the specific

graph structure. The collective feature set H̃lg ∈ RT ×CH̃×N×k concatenates the outputs

across all selected graphs, creating a comprehensive representation that encapsulates

diverse surgical interactions.

Second, our Squeeze-and-Excitation channel attention mechanism [245] facilitates

adaptive graph fusion:
Attng = σ(WgAvgPool(H̃lg))

H ′ = MeanS(H̃lgAttng),
(3.5)

where H ′ ∈ RT ×CH′ ×N represents the attention-weighted geometric graph features, CH′

is its feature channel number, Attng ∈ RT ×S is the attention matrix, σ is the sigmoid

activation function, Wg represents the weight parameters, AvgPool denotes the average

pooling operation and MeanS denotes the mean operation along the optimal graph axis.

Third, our lt-layer dilated causal 2D convolutions model temporal relationships across
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Figure 3.6: Example illustration of evaluating a model for a fixed time horizon of
h = 3min. The relevant event (use of scissors) occurs at t = 14min. The ground truth is
clipped to be between 0 and h.

frames with more spatio-temporal interaction information where Ĥ0 = H ′:

Ĥlt = Conv2Dlt(Ĥlt−1), (3.6)

where Ĥlt ∈ RCĤ×T ×N denotes the temporal feature output in lt layer, CĤ is its channel

number, Conv2Dlt denotes causal 2D convolutions that apply 2lt−1 dilation along the

time axis to broaden the receptive field in deeper layers, promoting ability to understand

broader temporal contexts at a manageable computational cost [21]. The causal design

facilitates online inference for each frame [21].

Finally, anticipation outcomes ŶT ∈ RT ×E are generated from our feature Ĥlt through

a 2-layer fully connected neural network with ReLU activation functions.

3.5 Multi-Horizon Objective

A major challenge in previous works [4, 21, 135] is achieving balanced anticipation per-

formance for diverse time horizons. Previous works train and evaluate models using

objectives for a fixed time horizon h, typically set at 2, 3, or 5 minutes. The model is

supposed to predict the timing in the range of 0 to h, where 0 denotes that the event is

currently occurring (e.g., a certain instrument is currently being used) and h denotes that

the (beginning of the) event lies h or more in the future (this is also illustrated in Fig. 3.6).

A problem with this setup is that setting the horizon h is challenging. When h is small,

the model cannot anticipate any long-term events. Conversely, when the horizon is set

large, the significant loss for long-term anticipation may compromise the optimization

for short-term accuracy.

To address this challenge, we propose a multi-horizon objective training strategy that
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enables precise anticipation over different time horizons. Unlike previous methods with

different outcomes of separate models for different h, our training and evaluation for

different h are based on one model and one outcome ŶT , which increases the flexibility

of our model. We introduce learnable variance representations [246] to evenly distribute

objectives across horizons, leading to a more balanced optimization process. This ap-

proach enables our training to adapt automatically to the optimal set of horizon weights

for various surgical scenarios, enhancing the model’s applicability and effectiveness.

In particular, learnable variance representations, denoted by λ, are adopted to adap-

tively normalize the loss for each training epoch for different tasks (i.e., horizons or dif-

ferent surgical events) [246]. We employ two modified Mean Absolute Errors (MAEs) [4]

to form our loss function, optimizing the anticipation for different parts of the ground

truth: inMAE, where the ground truth is between (0, h); oMAE, where the ground

truth falls outside the (0, h) range. Illustrations of these can be found in Fig. 3.6. If the

event is more than h in the future (out-of-horizon) the model is supposed to return a

value of h, otherwise (in-horizon), it is supposed to predict the actual timing. For eval-

uation, the MAE can be split into its in-horizon part (inMAE) and its out-of-horizon

part (oMAE) [4]: inMAE measures the accuracy of predicting imminent events, while

oMAE assesses the ability of a model to recognize that the event is not expected to occur

in the near future. The multi-horizon loss L is defined as:

λ̂h = log(1 + eλh)

L = oMAEH +
H∑
h

(inMAEh

2λ̂h

+ log(λ̂h)),
(3.7)

where oMAEH denotes the oMAE for the largest horizon. For anticipation tasks without

a fixed largest horizon, such as remaining surgery duration anticipation, this term is

omitted. inMAEh and λ̂h represent MAE and the learnable parameters for anticipation

based on the specific horizon h, respectively. The SoftPlus transformation log(1 + e(·))

keeps the variance representation positive and makes it more suitable for modeling

uncertainty in multi-task learning scenarios. The terms log(λ̂h) serve as a regularizer to

prevent risks such as overfitting or learning instabilities from extremely large learnable

variances [246].
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At the beginning of training, each λh is set to 1 to reflect an ideal situation where

each horizon is balanced naturally [246]. With this initialization, no specific horizon is

favored over others, which prevents any pre-existing bias towards a specific horizon in

our learning process for different surgeries.

3.6 Experimental Setup

Data Split and Evaluation Procedures

To demonstrate the effectiveness of our system, we test our method for two types of

tasks: 1. Surgical instrument and phase anticipation: They predict the countdown time

for when an instrument will be used and when a surgical phase will start, respectively.

2. Remaining Surgical Duration (RSD) anticipation: It predicts the countdown time for

when surgery will end.

For surgical instruments and phase anticipation, we primarily used the most common

metrics from previous benchmarks [4, 21]. Our main metric is wMAE, the average value

of inMAE and oMAE. As explained in Section 3.5, inMAE measures the error for

imminent in-horizon events that lie less than h in the future, while oMAE measures

the error for out-of-horizon events that lie more than h in the future. Thus, wMAE

provides an overall performance measure that balances in-horizon and out-of-horizon

performance. Additionally, we use eMAE [21, 73], which measures the very-short-term

prediction accuracy for events that lie less than 0.1 h in the future (e.g. 12 sec for a time

horizon of h = 2min). For all these metrics, lower values indicate better performance.

For surgical instruments and phase anticipation, we conducted our comparison on the

Cholec80 dataset [2]. It includes 80 laparoscopic cholecystectomy videos, ranging from

15 to 90 minutes in duration. Adhering to the same data splitting and testing protocol in

the benchmark [2], we downsampled the videos to 1 Frames Per Second (FPS) for model

input, allocating 60 videos for training and 20 for testing. We conducted training four

times, each with a different random seed. Following previous works [21], the average

performance of both the baseline methods and our method was reported for comparison.

In addition, the standard deviation was computed and reported only for our proposed

method based on multiple training runs to demonstrate its stability. Our task aimed to
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anticipate the occurrence of 5 surgical instruments and 6 surgical phases over horizons

of 2, 3, or 5 minutes when they are not occurring [21]. To facilitate meaningful outputs

under multi-horizon training, we defined a function A(O) for the model outputs O:

A(O) =


h if O > h

O otherwise
(3.8)

For RSD anticipation, we used the samemetrics as previous benchmarks for evaluation

[134]: the MAE calculated from the start of 2 minutes remaining, 5 minutes remaining,

and from the beginning for the entirety of the minutes remaining. Our comparison

is conducted on the Cataract101 dataset [162]. It includes 101 cataract surgeries, with

durations ranging from 2 to 20 minutes. Adhering to the same data splitting and testing

protocol as established in the benchmark [134], we downsampled the videos to 2.5 FPS

and employed 6-fold cross-validation. The test results reflect the average performance

across the 6 folds [134]. The primary task focused on predicting the RSD for the entire

duration of the procedure [134].

We employ online inference during both training and testing. For consistency with

previous works, results on the Cholec80 dataset are reported solely with the mean

error [21], while those on the Cataract101 dataset are presented with both mean error

and standard deviation [134].

Hyperparameters for Networks and Model Training

The method was implemented in PyTorch 1.10 and trained on a Linux server with an

Nvidia GeForce GTX 2080 Ti GPU.

For our models applied to the Cholec80 and Cataract101 datasets, we customized the

network hyperparameters to optimize performance for distinct tasks. Specifically, for

Cholec80, we set both the policy network layers (lp) and temporal convolution layers

(lt) to 8, expanding the receptive field to leverage more past information for accurate

anticipation. For the Cataract101 dataset, specifically for RSD anticipation, we increased

lp and lt to 11, enhancing the network capability for long-term understanding. For both

datasets, we set the number of initial graphs (C) and the number of selections (k) to
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10 and 3, respectively. It is based on our statistical analysis showing that the top 10

graphs cover most interactions. C = 10 effectively captures the diversity of dynamic

surgical interactions without overfitting to extremely rare interactions in the training

data. Setting k to 3 allows us to concentrate on the most relevant candidate graphs for

each frame, promoting efficient graph selection.

The horizon sets for our multi-horizon objectives are {2, 3, 5, 7} minutes for the

Cholec80 dataset and {2, 5, +∞} (indicating an open-ended horizon) for the Cataract101

dataset. These intervals align with the range of single fixed training objectives found in

previous works [4, 21, 134]. They are selected to cover a broad spectrum of short to long-

term anticipations. During training, the ground truth values are clipped at the maximum

horizon value to prevent overestimation. For model evaluation on benchmarks with

predefined horizons, our output is adjusted to match the specified horizon h, facilitating

compatibility with established evaluation standards.

We optimized additional hyperparameters using Bayesian hyper-parameter search

on the Weights & Biases platform [247]. For the Cholec80 dataset, the optimization

determined an epoch count of 100, a learning rate of 0.002, a weight decay of 0.00002,

and a batch size of 2. Similarly, for Cataract101, the settings were an epoch count of 100,

a learning rate of 0.0003, a weight decay of 0.00005, and a batch size of 4. Furthermore, to

facilitate a fair comparison across benchmarks [134], we incorporated auxiliary tasks, in-

cluding surgical phase recognition and surgeon experience classification, during training

to enhance RSD anticipation performance.

Benchmark Models

For the instrument and phase anticipation, we compared our framework with the follow-

ing recent methods: 1.TimeLSTM [136]: A method that utilizes LSTM to model visual

features extracted from videos and requires phase recognition labels during training. 2.

RSDNet [133]: A method similar to TimeLSTM [136], but does not require additional

annotations. 3. TempAgg [128]: A self-attention-based video anticipation method. 4.

B-CNN-LSTM [4]: An initial method for surgical instrument anticipation that uses LSTM

to model visual features from videos. 5. IIA-Net [21]: The SOTA method that integrates

visual and non-visual features for surgical workflow anticipation. 6. GCN-MSTCN [135]:
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Our earlier method proposed in [135], which is an initial approach that uses geometric

features as the primary input.

For the RSD anticipation, we compared our framework with the following recent

methods: 1) TimeLSTM [136]. 2) RSDNet [133]. 3) TempAgg [128]. 4) CataNet [134]: The

SOTA method in this task, which uses a similar design to TimeLSTM [136] and requires

phase recognition and surgeon experience labels during training. 5) GCN-MSTCN [135].

We omitted other RSD anticipation works [248, 249] from our comparison due to their

different experimental settings.

We sourced performance data directly from SOTA papers [21, 134]. For evaluating

TimeLSTM [136], RSDNet [133] on the instrument and phase anticipation task as well as

TempAgg [128] for both tasks, we retrained their model using our protocols and metrics.

GCN-MSTCN [135], due to the different evaluation metrics used in our earlier attempt,

we retrained the model using our protocols and metrics.

3.7 Experimental Results

3.7.1 Comparison with Benchmarks

Table 3.1: wMAE comparison on Cholec80 with best and second best scores.

wMAE
Comparison

Instrument Anticipation Phase Anticipation
2 min 3 min 5 min Mean2,3,5 2 min 3 min 5 min Mean2,3,5

TimeLSTM [136] 0.51 0.76 1.32 0.86 0.47 0.64 1.07 0.72
RSDNet [133] 0.48 0.73 1.26 0.82 0.43 0.63 1.10 0.72
TempAgg [128] 0.65 0.92 1.47 1.01 0.38 0.50 1.18 0.68
B-CNN-LSTM [4] 0.43 0.66 1.09 0.73 0.39 0.59 0.85 0.61

IIA-Net [21] 0.38 0.58 0.92 0.63 0.36 0.49 0.68 0.51
GCN-MSTCN [135] 0.48 0.72 1.21 0.80 0.45 0.67 1.06 0.73

Ours 0.39±0.002 0.57±0.01 1.03±0.01 0.66 0.35±0.01 0.47±0.01 0.80±0.01 0.54
w/o AG 0.45±0.08 0.70±0.16 1.33±0.30 0.83 0.45±0.15 0.66±0.25 1.16±0.44 0.76
w/o MHO 0.43±0.02 0.61±0.02 1.00±0.02 0.68 0.37±0.01 0.51±0.01 0.80±0.02 0.56

AG: Adaptive Graph Learning; MHO: Multi-Horizon Objective.

Table 3.1 shows the comparison of our proposed method with existing methods in

surgical instruments and phase anticipation based on the widely used wMAE metric.

It is important to note that other methods, including the SOTA work IIA-Net in Table

3.1, trained individual models for each time horizon. In contrast, our approach trained a

single model for all time horizons. Despite this, our method still demonstrates comparable

or better performance for the 2-minute and 3-minute time horizons.
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In instrument anticipation, our model achieved comparable performance to IIA-

Net at the 2-minute horizon and outperformed it by 2% at the 3-minute horizon. For

phase anticipation, our method surpassed IIA-Net by 3% and 4% at the 2-minute and

3-minute horizons, respectively. These improvements demonstrate the effectiveness of

our framework in short-term anticipation, which is particularly valuable for real-time

surgical assistance. For example, during a laparoscopic cholecystectomy, accurately

predicting when the dissector will be needed allows the surgical team to prepare the

instrument in advance [250], reducing delays and enhancing procedural safety.

Although the absolute wMAE differences between our method and IIA-Net are

relatively small in some settings (within ±0.03), they are achieved using a single unified

model across all time horizons, whereas IIA-Net requires a separately trained model for

each horizon. This highlights the efficiency and generalization ability of our approach.

It is worth noting that our model shows a higher wMAE for phase anticipation

at the 5-minute horizon (0.80 vs. 0.68), representing a relative performance drop of

approximately 18%. While this is a noticeable gap, its impact is mitigated by the clinical

context: shorter horizons (e.g., 2 and 3 minutes) are often more critical for intraoperative

decisions, as they typically require short-term alerts [251]. Our stronger performance in

those timeframes aligns well with the practical demands of robotic-assisted surgery and

real-time surgical planning.

Table 3.2: eMAE comparison with best and second best scores.

eMAE
Comparison

Instrument Anticipation Phase Anticipation
2 min 3 min 5 min 2 min 3 min 5 min

TimeLSTM [136] 1.56 2.26 3.62 1.29 1.73 2.60
RSDNet [133] 1.25 1.80 2.61 1.15 1.55 2.40
TempAgg [128] 1.27 1.35 1.85 1.42 1.49 1.09
B-CNN-LSTM [4] 1.12 1.65 2.68 1.02 1.47 1.54

IIA-Net [21] 1.01 1.46 2.14 1.18 1.42 1.09
GCN-MSTCN [135] 0.87 1.26 1.90 0.77 1.06 1.46

Ours 0.99±0.01 1.21±0.01 1.49±0.04 0.95±0.05 1.03±0.04 1.06±0.03
w/o AG 0.87±0.12 1.06±0.13 1.34±0.14 0.94±0.12 1.07±0.19 1.18±0.27
w/o MHO 0.99±0.16 1.42±0.24 2.25±0.30 0.88±0.14 1.17±0.19 1.63±0.23

AG: Adaptive Graph Learning; MHO: Multi-Horizon Objective.

For eMAE (Table 3.2), our framework displayed improvements in both instrument

and phase anticipation across all horizons. This indicates that our method is well-suited

for rapid-response scenarios, providing accurate predictions even in very short time

frames. Lower eMAE scores are particularly important for evaluating very short-term
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anticipation, which is crucial for RASwhere immediate adjustments are necessary. During

RAS, the ability to quickly predict the need for specific instruments or actions significantly

enhances the responsiveness of the surgical robots [4]. This further reduces response

time and improves the coordination between the surgeon and the robots.

In RSD anticipation (Table 3.3), our model significantly outperforms both CataNet

[134] and our previously proposed GCN-MSTCN [135], with improvements of 9% and

57% for the 2-minute horizons, and 9% and 68% for the 5-minute horizons, respectively.

The substantial accuracy reduction of GCN-MSTCN suggests the our earlier static graph

method may not generalize well for various surgeries. Additionally, even when training

our method without auxiliary labels, our method exhibited a significantly smaller perfor-

mance reduction than CataNet [134], which demonstrates the generalization ability of our

method. These error reductions for RSD highlight the potential of our proposed frame-

work to not only benefit planning within a single surgery but also improve operation

arrangements across different surgery patients. This advantage enhances the hospital’s

ability to manage operating rooms more effectively [134], which in turn provides more

patients the opportunity to receive timely treatment.

Table 3.3: MAE comparison for RSD Anticipation on Cataract101 with best and
second best: scores.

Method 2 min 5 min All Mean2,5,All
TimeLSTM [136] 1.22±0.32 1.47±0.78 1.66±0.79 1.45
RSDNet [133] 1.23±0.53 1.37±0.83 1.59±0.69 1.40
TempAgg [128] 0.66±0.41 0.88±0.27 1.47±0.80 1.00
CataNet [134] 0.35±0.20 0.64±0.56 0.99±0.65 0.66

CataNet (Only RSD) [134] 0.39±0.28 0.76±0.41 1.11±0.62 0.75
GCN-MSTCN [135] 0.74±0.09 1.82±0.23 3.08±1.40 1.88

Ours 0.32±0.22 0.58±0.27 0.99±0.55 0.63
Ours (Only RSD) 0.36±0.26 0.65±0.31 1.00±0.52 0.67

3.7.2 Ablation Study

Ablation studies in Table 3.1 and Table 3.2 evaluate the contributions of the adaptive

graph learning module and the multi-horizon training objective. While removing the

adaptive graph module slightly improves performance in extreme short-term instrument

anticipation (e.g., achieving a lower eMAE of 0.87 at the 2-minute anticipation horizon),

it results in a noticeable performance drop in longer-term predictions. For instance, 5-min

wMAE rises from 0.66 to 0.83, indicating reduced accuracy when forecasting further into
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Table 3.4: inMAE comparison with best and second best scores.

inMAE
Comparison

Instrument Anticipation Phase Anticipation
2 min 3 min 5 min 2 min 3 min 5 min

TimeLSTM [136] 0.86 1.24 1.98 0.68 0.96 1.54
RSDNet [133] 0.73 1.05 1.62 0.65 0.93 1.55
TempAgg [128] 0.87 1.20 1.78 0.71 0.95 1.40
B-CNN-LSTM [4] 0.77 1.17 1.75 0.63 0.86 1.17

IIA-Net [21] 0.66 0.97 1.40 0.62 0.81 1.08
GCN-MSTCN [135] 0.64 0.93 1.43 0.61 0.86 1.28

Ours 0.72 0.96 1.33 0.63 0.77 1.06

Table 3.5: oMAE comparison with best and second best scores.

oMAE
Comparison

Instrument Anticipation Phase Anticipation
2 min 3 min 5 min 2 min 3 min 5 min

TimeLSTM [136] 0.16 0.29 0.67 0.22 0.32 0.60
RSDNet [133] 0.23 0.42 0.90 0.20 0.33 0.65
TempAgg [128] 0.43 0.64 1.16 0.06 0.06 0.97
B-CNN-LSTM [4] 0.08 0.15 0.44 0.15 0.32 0.52

IIA-Net [21] 0.10 0.19 0.44 0.10 0.18 0.28
GCN-MSTCN [135] 0.33 0.52 0.99 0.29 0.47 0.85

Ours 0.07 0.19 0.73 0.07 0.17 0.55

the future. This trade-off suggests that without graph adaptation, the model may overfit

to immediate interactions while ignoring how instrument and target relationships evolve

across surgical stages. The static graph fails to model these temporal variations effectively.

In contrast, our adaptive graph design dynamically selects relevant interactions for each

frame, enabling the model to capture both the immediate context and long-term surgical

flow more reliably. In addition, the standard deviations of the results, reported for our

proposed method, are lower than those of its ablations, demonstrating the stability of

the full model and highlighting that the removal of key components tends to increase

performance variability.

By combining this adaptive graph representation with the multi-horizon prediction

strategy, our full model consistently achieves the best overall performance, demonstrating

stronger robustness and generalization across various time horizons and clinical scenarios.

3.7.3 Detailed Performance Analysis for wMAE

For further analyzing our anticipation performance for surgical instruments and phases,

we also report the results of inMAE (Table 3.4) and oMAE (Table 3.5), which represent

in-horizon and out-of-horizon performance, respectively. Their mean corresponds to

the wMAE (Table 3.1). Our results show significant advancements, in particular, in

instrument anticipation for inMAE, we surpass the SOTA by 5% in the 5-minute time
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Figure 3.7: RSD anticipation visualization on the Cataract101 dataset. Top: Standard
scenario — a standard case without significant inflammation. Bottom: Challenging
scenario — a challenging surgery with significant post-inflammation scarring.

horizon, and in phase anticipation, we outperform IIA-Net by 2% in the 5-minute time

horizon. Lower inMAE values imply an increased precision in predicting imminent

events, ensuring timely interventions during surgery. For example, during cataract

surgery, accurate anticipation of the need for specific instruments allows the surgical

team to prepare and respond promptly, thereby reducing delays and improving overall

surgical efficiency [134]. Additionally, our framework often ranks second-best for oMAE.

These low oMAE values demonstrate the robustness of our approach in predicting

events that occur later in the surgery, which is crucial for long-term procedures where

maintaining prediction accuracy over extended periods is essential. This reliability is

vital for maintaining operational efficiency and patient safety.

3.7.4 Qualitative Study

Our qualitative study, as illustrated in Fig. 3.7, highlights the adaptability of our system

across diverse surgical scenarios. Specifically, on the Cataract101 dataset, we analyzed

the performance differences between challenging surgical cases and standard cases. In

cataract surgery, significant inflammation in the eye can lead to a challenging case [252].

Hence, we classified our test set, which consists of 20 cases, based on the observation of

significant inflammation or post-inflammatory scar tissue. We found that 8 out of the 20

videos had significant inflammation and classified them as challenging cases, while 12 out

of 20 were considered normal situations with no significant inflammation. The MAE for

these challenging cases is 1.17, while theMAE for the standard cases is 0.88. Since the error

in challenging cases is only slightly higher than the overall MAE (including both standard
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and challenging cases), this demonstrates that our framework can reliably anticipate

both challenging and standard cases. Examples of our anticipation in both standard and

challenging cases can be found in Fig. 3.7. Our system performed well with standard

cases (Fig. 3.7 Top) but encountered greater errors at the beginning of challenging cases,

which often represent more complex surgical procedures. Nonetheless, the reduced

countdown speed in difficult cases (Fig. 3.7 Bottom, where dark post-inflammatory scars

can be observed around the pupil) indicates our method’s ability to adjust its outputs in

challenging scenarios.

3.7.5 Robustness Analysis

Figure 3.8: Bounding box performance under various common surgical imaging artifacts.
Despite the presence of artifacts in frames (Right), the position and size of bounding
boxes remain consistent with adjacent frames with fewer artifacts (Left), demonstrating
our method’s resilience to varying imaging qualities in surgical endoscopy.

The visualization in Fig. 3.8 illustrates the performance of our bounding box in han-

dling common surgical artifacts, such as motion blurring and illumination variation [46].

Despite the presence of artifacts, the position and size of bounding boxes remain consis-

tent with those in adjacent frames with fewer artifacts. This demonstrates the resilience

of our method to varying imaging qualities in surgical videos.
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3.7.6 Analysis of Training Horizon Settings

Table 3.6: The effect of different horizon settings for training, wMAE for instrument
anticipation. Bold:the best scores.

Horizon Setting 2 min 3 min 5 min
2 min 0.53 - -
2, 3 min 0.40 0.62 -
2, 3, 5 min 0.40 0.59 1.19
2, 3, 5, 7 min 0.39 0.57 1.03
2, 3, 5, 7, 9 min 0.41 0.61 1.12

The impact of different training horizon settings on instrument anticipation is detailed

in Table 3.6. The table reveals that extending the training horizon from 2 minutes to 7

minutes consistently improves the wMAE across the 2, 3, and 5-minute anticipations,

achieving optimal results of 0.39, 0.57, and 1.03, respectively. Interestingly, further

extending the horizon to 9 minutes slightly decreases the performance. Thus, a training

horizon of 2, 3, 5, and 7 minutes emerges as the most effective setting. These results

demonstrate our assumption that an appropriate multi-horizon training setting offers

a global insight for each horizon to augment performance, while also suggesting the

efficacy of our adaptive learning strategy.

3.8 Summary

In this chapter, we explored how geometric features serve as robust representations

to improve long-term video anticipation in complex surgical settings. Through our

investigation, we found that geometric features such as the location and size of surgical

instruments and targets, when combined with detection confidence, provide a stable

and reliable input even under common visual artifacts like motion blur and illumination

variation.

We introduced a novel approach for surgical workflow anticipation using live video

data, outperforming existing methods on several benchmarks. Our method extracts

geometric features, such as the location and size of surgical instruments and targets,

while accounting for detection uncertainty. These features proved particularly robust

against common visual artifacts, such as motion blur and variable lighting conditions.

We further integrated these features into an adaptive graph learning framework to model
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dynamic interactions, enhancing performance. A multi-horizon objective was employed

to balance short- and long-term predictions, enabling generalization across varying

surgery durations. Notably, our model achieved a 3% improvement in surgical phase

anticipation and a 9% improvement in RSD prediction, outperforming specialized state-

of-the-art models. By combining geometric features, adaptive graph learning, and a

multi-horizon learning strategy, our method improves preparation and coordination

within surgical teams, potentially reducing intraoperative risks and enhancing patient

outcomes. Additionally, the increased accuracy may optimize operating room resources,

enabling more timely treatments for patients.

For future research, we will focus on advancing temporal feature modeling, and

developing a more detailed representation of surgical anatomy. First, while our model

advances temporal feature modeling, its capacity for long-term dependencies can be

enhanced. Future efforts might leverage diffusion-based models to strengthen long-term

anticipation [253]. Second, despite the state-of-the-art results of our current model based

on bounding boxes, a more detailed representation of surgical anatomy could refine

our predictions. Future iterations could integrate wider contextual spatial and visual

information to more accurately reflect the surgical dynamics [196].

This chapter demonstrated how geometric features, when combined with adaptive

graph learning, could substantially enhance long-term surgical workflow anticipation.

While this contribution focuses on temporal prediction, clinical video analysis also

demands improvements in the visual quality of input videos themselves [13]. The next

chapter (Chapter 4) addresses this by exploring a depth-guided video inpainting method,

extending the role of geometric features to the video quality improvement domain.
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CHAPTER 4

Endoscopic Video Inpainting Enhanced by Geometric

Features

Portions of this chapter have previously been published in the following peer-reviewed

publication:

• Zhang, F. X., Chen, S., Xie, X., & Shum, H. P. H. (2024). Depth-aware endoscopic

video inpainting. In Proceedings of the 2024 International Conference on Medical

Image Computing and Computer Assisted Intervention (MICCAI ’24), Springer, Mar-

rakesh, Morocco, pp. 143–153.

In the previous chapter (Chapter 3), we demonstrated how geometric features can

strengthen long-term surgical workflow anticipation by improving temporal understand-

ing. However, clinical video analysis also requires high-quality visual inputs to fully

realize the benefits of such geometric representations.

Shifting focus from temporal prediction to visual assistance, this chapter explores how

geometric features can enhance video quality in clinical settings, particularly through

endoscopic video inpainting. While the surgical workflow anticipation task discussed in
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Chapter 3 highlighted the importance of robust geometric representations and long-term

understanding, endoscopic video inpainting addresses more immediate and practical

needs, such as enhancing visual quality. Because pixel information is essential for

reconstructing plausible textures in inpainting tasks [140], this chapter emphasizes the

fusion of geometric and visual features rather than relying solely on robust geometric

representations.

Among various geometric representations, depth information is particularly well

suited for inpainting. Although endoscopic cameras lack metric calibration [108], relative

depth estimated directly from visual features could sufficiently capture surface continuity

and spatial relationships [52]. Instead of measuring real-world distances or delineating

precise object boundaries, our approach leverages depth to provide a global geometric

context that guides the model in reasoning about occluded regions more coherently.

In this context, precise object boundaries in the depth map are not essential. While

high-resolution boundary information is important for tasks such as segmentation or

anatomical landmark detection [254], our inpainting framework has different require-

ments. It uses depth primarily to provide coarse geometric context, including the general

layout of anatomical structures, rather than to delineate exact edges. Visual features are

already well suited for capturing low-level texture and boundary cues [255]. In contrast,

depth maps offer complementary information that enhances spatial reasoning, partic-

ularly in cluttered or low-visibility scenes where visual cues may be compromised. By

prioritizing relative depth over pixel-accurate delineation, the framework remains robust

to estimation noise and occlusions, which are common in endoscopic videos. This design

choice improves generalizability across diverse clinical conditions without depending on

precise boundary accuracy.

Alternative geometric solutions, such as optical calibration or albedo modeling, can

mitigate certain types of corruption by modeling light–camera geometry [256]. However,

these methods require specialized hardware setups [257, 258] and are rarely compatible

with the standardized equipment used in routine clinical workflows [108]. Moreover,

variations in lighting and motion across procedures further hinder their practical deploy-

ment [14]. In contrast, inpainting offers a retrospective, hardware-agnostic solution that

can be directly applied to monocular endoscopic recordings [13], addressing a wide range
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of corruptions such as specular highlights, minor instrument occlusions, and bleeding

artifacts [10].

Building on this foundation, this chapter introduces a novel Depth-Aware Endoscopic

Video Inpainting (DAEVI) framework, which efficiently fuses geometric and visual fea-

tures. It incorporates a Spatial-Temporal Guided Depth Estimation module for direct

depth estimation from visual features, a Bi-Modal Paired Channel Fusion module for

a channel-by-channel fusion of visual and depth information, and a Depth Enhanced

Discriminator to assess the fidelity of the RGB-D sequence, comprising the inpainted

frames and estimated depth images. Experimental evaluations on established benchmarks

demonstrate the superiority of our framework, achieving a 2% improvement in PSNR

and a 6% reduction in MSE compared to state-of-the-art methods. Qualitative analyses

further validate its ability to inpaint fine details, underscoring the benefits of integrating

depth information into endoscopic video inpainting.

4.1 Introduction

In endoscopic videos, occlusions or artifacts, such as reflections or instrument shadows,

significantly degrade the visual quality. This issue is commonly known as corruptions,

hiding critical anatomical details required for endoscopy examinations and surgeries,

affecting clinical decisions significantly [259]. The inpainting framework itself does

not involve corruption detection [10, 13]. Instead, these corruptions could typically

be obtained using highlight-based filters, thresholding methods [260], or directly from

existing benchmark datasets that provide annotated masks [13].

As a technique to improve video quality by reconstructing the corrupted regions based

on the uncorrupted information, video inpainting is introduced by [10,13,46,145] into the

endoscopic scenario to mitigate the corruptions, known as endoscopic video inpainting.

While these methods could reconstruct 2D visual information in corrupted endoscopic

videos, they suffer from preserving vital 3D spatial details, resulting in artifacts and

spatial inconsistency at the inpainted regions, such low-fidelity performance limits their

reliability for clinical applications.

Employing depth maps to complement 3D geometric understanding is widely applied
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in general video painting [231,232,261], which offers a promising solution to preserve 3D

spatial awareness for endoscopic video inpainting. Nevertheless, applying this solution is

hindered by three significant challenges: First, it is not feasible to pre-acquire endoscopic

depth maps, as the depth sensor is not available in standard monocular endoscopic

cameras [108]. Second, given the learned depth features from deep-learning-based

methods, simply concatenating visual features channel-wise and using vanilla convolution

for fusion [261] fails to effectively exploit the depth representation, as they tend to

capture redundant representations from visual features [262], losing the 3D spatial details

complemented by depth maps. Third, none of these methods [231, 232, 261] assess the 3D

spatial fidelity in RGB inpainted outputs, which compromises the reliability of inpainted

content.

To address these challenges, we propose the Depth-Aware Endoscopic Video Inpaint-

ing (DAEVI) framework that provides more reliable inpainted details for improved clinical

reference. It consists of a Spatial-Temporal Guided Depth Estimation (STGDE) module, a

Bi-Modal Paired Channel Fusion (BMPCF) module, and a Depth-Enhanced Discriminator

(DED), each designed to overcome the respective challenge. First, our STGDE module ex-

tracts depth information during visual feature learning to provide 3D spatial information,

thus avoiding the requirement for pre-acquired depth maps as input. Second, the BMPCF

module conducts a tailor-made feature fusion algorithm to better correlate the 3D spatial

relevancy between visual and depth features by pair-wise fusing each visual and depth

feature. Third, our DED assesses the 3D spatial fidelity of the RGB-D sequence formed

by the inpainted frames and estimated depths, promoting realistic outputs with plausible

3D spatial details.

We evaluate ourmethod on the HyperKvasir endoscopic video dataset [6] and compare

it with the corresponding benchmark [13, 61]. The quantitative experiments demonstrate

that our proposed DAEVI outperforms state-of-the-art approaches [13], achieving approx-

imately 2% better Peak Signal-to-Noise Ratio (PSNR) and 6% lower Mean Squared Error

(MSE). Our qualitative results (Section 4.4.3) show that DAEVI inpaints more fine-grained

details, such as microvessels and the boundary of instruments. Furthermore, we directly

apply our DAEVI trained on HyperKvasir to the SERV-CT datasets [263], demonstrating

our method’s generalizability in endoscopic video inpainting.

86



Chapter 4. Endoscopic Video Inpainting Enhanced by Geometric Features

Our work contributes in several ways, as outlined below:

1. To the best of our knowledge, Depth-Aware Endoscopic Video Inpainting (DAEVI)

is the first endoscopic video inpainting framework to incorporate depth information.

The effectiveness is demonstrated by comprehensive experiments.

2. We propose a Spatial-Temporal Guided Depth Estimation module to translate

depth representation directly from latent visual features, hence circumventing the

challenge of acquiring depth maps during endoscopic surgery.

3. We design a Bi-Modal Paired Channel Fusionmodule that fuses each pair of channels

from visual and depth features, which effectively leverages 3D spatial details in

endoscopic inpainting.

4. We introduce a Depth-Enhanced Discriminator within our end-to-end optimization,

which assesses the fidelity of the inpainted RGB-D sequence, promoting realistic

outputs with more plausible 3D spatial details.

4.2 Methods

Given the input endoscopic video frames X ∈ RT ×H×W ×3, we leverage the binary mask

M ∈ RT ×H×W ×1, which identifies the corrupted regions, to get the input XM = X ⊙ M .

After processing by our DAEVI to generate the uncorrupted output Ŷ ∈ RT ×H×W ×3. ⊙

is the element-wise product, H × W is the spatial dimension. The whole formulation

is denoted as: Ŷ = DAEV I(XM). This chapter primarily focuses on inpainting rather

than corruption detection, so corruption mask generation is not included as part of our

framework. The binary masks for corrupted regions can be obtained using highlight-

based filters, thresholding methods [260] in live video settings, or directly from existing

benchmark datasets that provide annotated masks [13].

The overall architecture is shown in Fig. 4.1. First, DAEVI employs a convolutional

encoder to embed XM into compact visual features F ∈ RH
4 × W

4 ×4C to effectively repre-

sent local visual features. Following this, our Spatial-Temporal Guided Depth Estimation

(STGDE) module learns multi-level visual features and translates them into depth maps.

Subsequently, the proposed Bi-Modal Paired Channel Fusion (BMPCF) module fuses
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Figure 4.1: The overview of our framework. First, our Spatial-Temporal Guided Depth
Estimation module translates depth information from corrupted frames (See 4.2.1).
Second, our Bi-Modal Paired Channel Fusion module effectively fuses visual features
with depth features (See 4.2.2). Third, our Depth Enhanced Discriminator assesses the
fidelity of the inpainted RGB-D sequence (See 4.2.3).

visual and depth features to obtain an integrated representation with enhanced 3D spatial

details. After that, a convolutional decoder reconstructs the final inpainted frames Ŷ .

During training, our Depth-Enhanced Discriminator (DED) assesses the visual and spatial

fidelities of the inpainted RGB-D sequence.

4.2.1 Spatial-Temporal Guided Depth Estimation (STGDE)

Depth-aware endoscopic video inpainting faces a unique challenge in acquiring depth

data, as the standard endoscopic cameras are technically unable to provide the raw

depth [108]. To address this challenge, we propose a STGDE module to translate depth

features from latent visual features. STGDE involves multiple transformer blocks TB and

a depth decoder DecD. Each TB is a spatial-temporal transformer block [61] with a spatial

enhancement to enhance the local feature learning, thereby improving the representation

ability. DecD aims to gather the latent visual feature across all TBs for effective depth

estimation.

Specifically, after the encoder, corrupted framesXM are embedded as visual featuresF ,

which are fed into the first transformer block TB1. The output from TBi is subsequently

fed into the following TBi+1, where i ∈ (1, Ns − 1) and Ns is the number of TBs. The

F i−1, as the input for each TBi, are linearly transformed into query Qi, key Ki, and value
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V i separately. Different from STTN [61], we introduce a 3 × 3 depth-wise convolution

P ′i
V (·) to enhance the V i for better spatial feature learning:

Qi = P i
Q(F i−1),

Ki = P i
K(F i−1),

V i = P i
V (F i−1) + P ′i

V (F i−1),

(4.1)

where P i
Q(·), P i

K(·), and P i
V (·) are 1 × 1 convolutional layers, and P ′i

V (·) is a 3 × 3 depth-

wise convolution that enhances the spatial sensitivity of V i. After that, we split each

of Qi, Ki, and V i into n = r1 × r2 smaller patches Qi
p, Ki

p, and V i
p ∈ RT n×c×h/r1×w/r2 ,

where h/r1 × w/r2 is the spatial dimension of patches. Then we utilize the patched Qi
p,

Ki
p, and V i

p to get the attention output F i
att:

Si =
Qi

p(Ki
p)⊤

√
r1 × r2 × c

, (4.2)

F i
att = softmax(Si ⊙ M)V i

p , (4.3)

where Si is the attention score, and M denotes a resized binary mask matrix indicating

the currupted regions [61]. Then, after a convolutional projection P i
F followed by a

feed-forward network FFN i, we obtain the output F i of TBi:

F i = FFN i
(
P i

F

(
F i

att

))
. (4.4)

To translate depth maps D̂ from latent visual features, we aggregate Fatt across all

TBs to gather the multi-layer visual representation. After a convolutional projection P i
D,

the depth decoder generates the depth maps D̂:

D̂ = DecD

(
Ns∑
i=1

P i
D

(
F i

att

))
. (4.5)

It is important to note that the depth maps generated by the STGDE module are in a

relative, rather than metric, scale due to the lack of calibration in standard monocular

endoscopic cameras. However, relative depth is sufficient for our framework, as the goal

is not to measure absolute distances but to enhance spatial coherence and structural
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consistency in the inpainted regions. By capturing spatial dependencies through depth

estimation [52], relative depth provides the geometric context necessary to guide more

realistic texture reconstruction and enable effective spatial reasoning during inpainting.

4.2.2 Bi-Modal Paired Channel Fusion (BMPCF)

Endoscopic depth-aware inpainting encounters a challenge in effectively integrating

depth with visual information, as the simple channel-wise concatenation followed by a

vanilla convolution is unable to fully exploit the correlation between depth and visual

feature, especially in endoscopic scenes such a complex nature involving varied spatial

structures [14].

To address this challenge and effectively enhance visual information with 3D spatial

details, we design a BMPCF module to correlate each visual and depth feature by a

tailor-made pair-wise fusion algorithm.

Specifically, given the depth maps D̂ translated by DecD, we first enlarge the channel

capacity of D̂ with a depth encoder EncD to obtain the embedded depth feature FD,

which has the same number of channels as the STGDE’s output F Ns . Then, to ensure each

depth correlates precisely to the corresponding visual feature, we sequentially interleave

the sliced F Ns and FD in channel-wise:

Fpair[:, 2i] =


F Ns[:, i] for i = 0, 2, . . . , c − 2,

FD[:, i] for i = 1, 3, . . . , c − 1,

(4.6)

where c is the channel number of F Ns and FD, also indicating the number of pairs. After

that, the group-wise convolution G(·) [264] is employed on Fpair. This operation divides

the channels into groups, where each group comprises one visual channel and one depth

channel. Within each group, the convolutional kernel processes the visual and depth

features together, facilitating their fusion. The result is the fused output Ff ∈ RT ×c×h×w:

Ff = G(Fpair). (4.7)

In this way, each convolutional kernel facilitates the fusion between every two

adjacent channels consisting of one visual feature and one depth feature. Subsequently, a
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convolutional decoder reconstructs inpainted frames Ŷ from Ff .

4.2.3 Depth-Enhanced Discriminator (DED)

Effectively assessing spatial fidelity is critical in endoscopic depth-aware inpainting,

as minor inaccuracies, such as incorrect anatomical details, could significantly impact

clinical decisions [265]. While GAN strategies [266] in previous depth-aware inpainting

methods [232, 261] only enhance the fidelity of RGB content and ignore the fidelity in

3D spatial details, resulting in unreliable outputs for clinical reference [261]. To this

end, we introduce DED during training, to comprehensively assess the RGB-D inpainted

endoscopic frames across spatial, temporal, and depth dimensions.

Specifically, we follow [267] to build our DED with 6 3D convolutional blocks to learn

both spatial and temporal features for assessment. The inpainted frames and depth are

concatenated as the RGB-D data to be the input of DED. To facilitate the assessment

of the fidelity of the whole frames after inpainting, both corrupted and non-corrupted

regions are included for the adversarial loss LADV = LGEN + LDED adopted from [266]:

LDED = E(D,Y )∼PData
[Relu(1 − DED([D, Y ]))]+

E(D̂,Ŷ )∼PG
[Relu(DED([D̂, Ŷ ]))],

(4.8)

LGEN = −E(D̂,Ŷ )∼PG
[DED([D̂, Ŷ ])], (4.9)

To enhance parameter optimization efficiency, we adopt an end-to-end optimization

strategy for our DAEVI. Our full loss function is as follows:

L = λDLD + λILI + λGENLGEN + λP LP + λSLS, (4.10)

where λ denotes the weight of each loss term. LD and LI are the L1 reconstruction

loss [143] for translated depth and inpainted frames, respectively. LP and LS denote the

perceptual loss and style loss, respectively [268]. In each iteration, L and LDED optimize

our inpainting network and our DED, respectively.
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4.3 Experimental Setting

We evaluate our method against the existing benchmark established [13] on the Hy-

perKvasir endoscopic video dataset [6]. This dataset includes 373 videos with a total of

889,372 frames, 343 for training and 30 for testing. Depth ground truth is derived from

a pre-trained endoscopic depth estimator [14] on unmasked frames, which is needed

only in training. Following the benchmark setting [13], we employ the same masks and

pseudo ground truth from [13] to identify corrupted regions in frames and evaluate Peak

Signal-to-Noise Ratio (PSNR), Structural Similarity Index Measure (SSIM), and Mean

Squared Error (MSE) specifically for corrupted regions.

We configure the block number Ns = 8 and set the weights for λD, λP , λS , λI , and

λGEN to [0.1, 0.1, 250, 1, 0.01]. We employ Adam optimizer with learning rate = 1e-4, β1:

0, β2: 0.99. All experiments are trained on an NVIDIA TITAN RTX 24G GPU with a batch

size of 4 for 200k iterations. Training iterations alternate between selecting 5 random

or consecutive frames resized to 288 x 288 pixels. For inference, the model processes

every 5 corrupted frames alongside 10 nearby corrupted frames sampled for reference,

reassembling them into the full video with a real-time processing speed of approximately

0.03 seconds per frame (≈33.3 FPS).

4.4 Results

4.4.1 Comparison with Existing Methods

In Table 4.1, we benchmark our DAEVI framework against the following methods: 1.

Arnold et al. [141], a diffusion-based approach. 2. Newson et al. [12], which employs

temporal patches. 3. Spatial-Temporal Transformer Network (STTN) [61], a transformer-

based method for video inpainting. 4. Daher et al. [13], the current SOTA method for

endoscopic video inpainting, which combines STTN with transfer learning to better adapt

transformer attention to the endoscopic domain.

In this comparison, our DAEVI framework achieves a 2% improvement in PSNR and

a 6% reduction in MSE compared to the current SOTA method by Daher et al., while also

achieving a 1.5% increase in SSIM (0.797 vs. 0.785). These results highlight the significant
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Table 4.1: Inpainting Performance Comparison and Ablation Study. w/o STGDE: A
pre-trained depth estimator is leveraged for depth estimation instead of STGDE; w/o
BMPCF: Simple concatenation is used for fusion instead of BMPCF; w/o DED: A standard
RGB discriminator is used in GAN training instead of DED.

Methods PSNRCrop ↑ SSIMCrop ↑ MSECrop ↓
Arnold et al. [141] 19.909 0.559 895.222
Newson et al. [12] 22.27 0.650 543.636
STTN [61] 28.683 0.793 119.541
Daher et al. [13] 29.542 0.785 104.719
DAEVI (Full Framework) 30.126 0.797 97.873
w/o STGDE 29.801 0.788 105.150
w/o BMPCF 29.695 0.791 103.861
w/o DED 29.286 0.797 108.903

advancements enabled by integrating depth information into endoscopic video inpainting.

Clinically, these improvements are pivotal for enhancing the accuracy and reliability

of endoscopic diagnosis. High-quality, inpainted videos with fewer reconstruction errors

enable clinicians to visualize critical anatomical structures and pathological features

more effectively, even in the presence of obstructions such as smoke, blood, or surgical

instruments [10]. For instance, a clear and consistent view of mucosal patterns or

vascular structures is essential for identifying lesions, polyps, or tumors during diagnostic

endoscopy. Reduced inpainting errors also mitigate the risk of misinterpretation caused

by visual artifacts [269], thereby supporting more accurate decision-making in both

diagnostic and therapeutic procedures. Moreover, the improved video quality facilitates

streamlined workflows by reducing the need for repeated inspections and minimizing

overall procedural time [46], ultimately enhancing efficiency and improving patient

outcomes.

4.4.2 Ablation Study

Our ablation study in Table 4.1 demonstrates that the complete DAEVI framework

achieves the best overall performance, highlighting the importance of each proposed

module.

When the STGDE module is replaced with a pre-trained depth estimator, the PSNR

decreases from 30.126 to 29.801, and the MSE increases from 97.873 to 105.150. This
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result indicates that learning depth features directly from corrupted inputs, as done in

STGDE, is more effective than using externally estimated depth maps, which may fail to

generalize to masked or occluded areas.

When the BMPCF module is removed and replaced with simple channel-wise con-

catenation followed by vanilla convolution, the performance further drops. Specifically,

the PSNR falls to 29.695 and the MSE rises to 103.861. This suggests that the pair-wise

fusion design in BMPCF plays a crucial role in correlating visual and geometric features

more effectively, especially in complex endoscopic environments where spatial structure

is highly variable.

Finally, when the DED module is replaced with a standard RGB-only discriminator,

the PSNR decreases to 29.286, and the MSE increases to 108.903, although the SSIM

remains unchanged at 0.797. This outcome suggests that the DED primarily contributes

to improving spatial consistency and overall realism, effects that are not fully captured

by SSIM. This is because the DED is explicitly designed to enhance 3D spatial fidelity

by jointly evaluating RGB and depth coherence during adversarial training. While this

improves the structural plausibility and spatial relationships in the inpainted regions,

SSIM remains more sensitive to local luminance, contrast, and texture similarity, rather

than high-level geometric consistency [270]. As such, the benefits of DEDmay not always

be reflected in SSIM, but are nevertheless crucial for clinically reliable inpainting.

These observations confirm that each component contributes meaningfully to the

final performance of the framework, and removing any one of them leads to a measurable

reduction in effectiveness.

4.4.3 Qualitative Results

Structural Preservation Ability

To evaluate the structural preservation performance of our inpainting method on cor-

rupted regions, we removed specular and high reflections from the instruments in the

HyperKvasir dataset [6] and selected neighboring, less corrupted frames as references.

Figure 4.2 illustrates how our method effectively restores fine details, such as microvessels

and the interface between instruments and organs, which are crucial for safer and more
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Figure 4.2: Comparison with previous methods by Newson et al. [12] and Daher et
al. [13] on corrupted frames from the HyperKvasir dataset [6]. Red boxes highlight
significant differences. Reference frames are near frames with less corruption. Our
inpainted content is not only visually plausible but also contextually realistic in terms of
spatial structure and temporal consistency.

efficient endoscopic procedures [271].

Figure 4.3: More cases from the HyperKvasir dataset [6]: These examples further
demonstrate that our method outperforms others, particularly in generating fewer
artifacts and more plausible details during endoscopic inpainting. This highlights our
approach’s superior ability to remove corruption while reconstructing realistic textures.

Texture Reconstruction Ability

Additionally, to assess the performance of our inpaintingmethod in texture reconstruction,

we selected other frames for qualitative analysis, as demonstrated in Figure 4.3. These

examples highlight how our approach preserves the natural appearance of polyps and

other anatomical surfaces in the intestinal tract, excelling in reconstructing realistic

textures. Such improvements in texture and detail restoration are essential for accurate

diagnosis and successful endoscopic operations.
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4.4.4 Generalization Ability Analysis

Figure 4.4: Examples from the SERV-CT dataset [6]: These cases demonstrate that our
method outperforms others in generating fewer artifacts during inpainting, even without
fine-tuning. This highlights the superior generalization capability of our approach.

To evaluate generalization ability, we conducted a zero-shot test on the SERV-CT

dataset, an external-body endoscopic dataset with depth ground truth provided [263].

We applied our model to this dataset without any fine-tuning. As shown in Fig. 4.4,

our DAEVI method produced the most plausible details in the corrupted regions and

generated significantly fewer artifacts than other methods, further demonstrating its

superior generalization capability.

4.4.5 Analysis of Depth Preservation Capability

Depth Preservation During Model Inference

We evaluated how well our model reconstructs the spatial structure of input corrupted

frames during inference. As shown in Fig. 4.5, the output depth map from our STGDE

module (far right) is compared against the depth map estimated by the pre-trained

endoscopic depth estimator DepthNet [14] (second from right) on masked corrupted

frames. The ground truth depth maps were derived from unmasked frames for reference.

Our STGDEmodule demonstrates more accurate depth estimation, producing depth maps

that better align with the ground truth, particularly in preserving the spatial structure

of anatomical features. This superior performance highlights the module’s ability to

reconstruct a more consistent and realistic depth representation, even under challenging

conditions. Given that the STGDE output depth map is subsequently used for depth

96



Chapter 4. Endoscopic Video Inpainting Enhanced by Geometric Features

Figure 4.5: Comparison of Depth Estimation Performance forMasked Corrupted Frames:
The Spatial-Temporal Guided Depth Estimation (STGDE) module (far right) is compared
to a pre-trained endoscopic depth estimator DepthNet [14] (second from right) on
masked corrupted frames. Ground truth depth maps derived from unmasked frames
(second from left) serve as a reference. The STGDE module demonstrates superior depth
estimation, preserving spatial structures and anatomical details more accurately under
challenging conditions.

and visual feature fusion in the BMPCF module and adversarial training in the DED

module within our DAEVI framework, these results validate that our framework preserves

more accurate depth information throughout the model’s understanding process. This

improved depth preservation directly contributes to the framework’s ability to effectively

enhance inpainting quality and maintain spatial awareness.

Depth Preservation in Output

We also evaluated the depth preservation capabilities of our inpainted outputs by assessing

their retention of spatial details. Figure 4.6 a) demonstrates our method’s ability to

generate highly plausible content on the SERV-CT dataset without specific fine-tuning,

highlighting its robust generalization capabilities. To further assess the preservation of

3D spatial details, we applied a pre-trained DepthNet [14] to the inpainted frames. As

shown in Figure 4.6 b), while the visual differences may not be highly pronounced due to

the pre-trained DepthNet already being fine-tuned for highlight removal in the previous

work [14], our method achieved the lowest Root Mean Squared Error (RMSE) between

the ground truth depth and the depth estimations derived from the inpainted frames.

These results underscore our framework’s effectiveness in preserving depth information

and 3D spatial details, outperforming existing methods.
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Figure 4.6: Comparison of inpainting performance on the SERV-CT dataset, highlighting
depth preservation. (a) Generalization Capability: Inpainted frames generated by our
method exhibit higher visual plausibility compared to other methods when tested on the
SERV-CT dataset without fine-tuning again. (b) Depth Information Preservation: Using
a pre-trained DepthNet [14], we evaluated the accuracy of depth information preserved
in the inpainted frames. Our method achieves the lowest RMSE between the estimated
depth and ground truth depth maps, demonstrating superior 3D spatial detail retention
and outperforming existing approaches.

Table 4.2: Performance Analysis Across Depth Estimation Block Configurations.

Methods PSNRCrop ↑SSIMCrop ↑ MSECrop ↓
DAEVI (First 4 Blocks) 29.921 0.792 100.851
DAEVI (Last 4 Blocks) 29.900 0.796 101.313
DAEVI (All 8 Blocks) 30.126 0.797 97.873

4.4.6 Depth Estimation Block Configuration Analysis

In a deep neural network, shallower layers learn low-level texture features, while deeper

layers learn high-level semantics features [272]. Table 4.2 evaluates inpainting perfor-

mance using different configurations of the first 4, last 4, and all 8 blocks of STGCN for

depth estimation within the DAEVI framework. This analysis reveals that employing all

8 blocks, which combines both low-level and high-level features, achieves optimal perfor-

mance. This demonstrates the efficacy of the STGDE design in integrating multi-level

features for optimal inpainting results.
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Table 4.3: Online Inference Performance Analysis

Methods PSNRCrop ↑ SSIMCrop ↑ MSECrop ↓
Daher et al. 29.542 0.785 104.719
DAEVI 30.126 0.797 97.873
DAEVI (Online) 30.117 0.797 98.147

4.4.7 Online Inference Performance Analysis

Online real-time inference is essential for immediate endoscopic navigation [273]. How-

ever, the existing SOTA method by Daher et al. [13] still relies on both past and future

frames during inference, falling short of clinical real-time needs. Table 4.3 evaluates

the online inference performance of our DAEVI framework by modifying the sampling

strategy to use only past frames as reference, making it suitable for real-time applications.

Even in this online setting, our framework achieves a PSNR of 30.117, surpassing Daher

et al. [13], which still uses both past and future frames, by approximately 2%. Similarly,

our method maintains a higher SSIM (0.797 vs. 0.785), reflecting a 1.5% improvement in

structural similarity. Additionally, we achieve a 6% reduction in MSE compared to Daher

et al. (98.147 vs. 104.719). These results underscore the robustness of our approach in live

endoscopic video processing and highlight its potential for clinical translation, where

online real-time performance is a critical requirement.

4.5 Summary

In this chapter, we explore how geometric features can improve clinical video quality

through the case of endoscopic video inpainting. Through our investigation, we found

that geometric features, particularly depth information, could serve not only as robust

representations for future video understanding, as discussed in Chapter 3, but also as

powerful priors to directly improve visual recording quality in clinical settings. This

demonstrates that geometric features are effective both for anticipating future states

and for improving the quality of current visual data, providing immediate support for

clinicians.

We propose the DAEVI framework, the first endoscopic video inpainting approach

designed to incorporate depth information for achieving reliable 3D spatial details. This
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work offers a promising solution to enhance the quality of endoscopic videos, facilitating

better clinical decision-making and supporting downstream tasks such as depth estima-

tion [14]. Our DAEVI framework extracts depth information from latent visual features in

corrupted endoscopic frames using STGDE, effectively fuses visual and depth information

through BMPCF, and assesses the fidelity of the RGB-D content with DED. Quantita-

tive experiments demonstrate that DAEVI outperforms state-of-the-art approaches [13],

achieving approximately 2% higher Peak Signal-to-Noise Ratio (PSNR) and 6% lower Mean

Squared Error (MSE). These results highlight the significant improvements achieved by in-

tegrating depth information. This chapter illustrates how the incorporation of geometric

features can enhance clinical video quality, even in highly demanding endoscopic scenar-

ios, while also underscoring the potential for similar advancements in less challenging

clinical environments.

While our framework demonstrates improvements in inpainting performance, it is

not without limitations. As our work focuses on corruption inpainting, the real-world ap-

plicability of DAEVI depends on the quality of the external corruption detection backbone.

An inaccurate mask may result in undesired consequences. For example, if diagnostically

relevant regions are mistakenly labeled as corrupted, inpainting could unintentionally

obscure pathological cues that clinicians rely on. To reduce this risk, future work could

incorporate more reliable endoscopic corruption detection techniques, such as semantic

segmentation or reflection-aware highlight detection [46], and involve clinical expertise

to help distinguish between technical artifacts and diagnostically meaningful content. In

clinical settings, the inpainting output should be used as a supportive reference rather

than a replacement for direct interpretation of the original video data.

While this chapter focused on improving the visual quality of clinical videos, a

deeper understanding of clinical performance also demands fine-grained modeling of

human–object interactions across multiple viewpoints. Therefore, the next chapter

(Chapter 5) explores structured multi-view modeling, where geometric features such as

human skeletons and object relations are leveraged to achieve robust skill assessment in

clinical procedures.
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CHAPTER 5

Clinical Skills Assessment Enhanced by Multi-view

Geometric Features

Portions of this chapter have previously been published or will be submitted to the

following peer-reviewed publications:

• Constable, M. D., Zhang, F. X., Conner, T., Monk, D., Rajsic, J., Ford, C., Park,

L. J., Platt, A., Porteous, D., Grierson, L., & Shum, H. P. H. (2024). Advancing

Healthcare Practice and Education via Data Sharing: Demonstrating the Utility of

Open Data by Training an Artificial Intelligence Model to Assess Cardiopulmonary

Resuscitation Skills. In Advances in Health Sciences Education, pp. 1-21.

• Zhang, F. X., Yao, H., Chen, S., Jia, X., Zheng, S., & Shum, H. P. H. (2025). To-

wards cross-view multimodality action quality assessment for Traditional Chinese

Medicine physical therapy. Rejected with invitation to resubmit in March 2025;

revision in preparation for IEEE Transactions on Instrumentation and Measurement.

Building on the previous chapters (Chapter 3, Chapter 4) where geometric features

enhanced temporal understanding and visual quality, this chapter advances their role
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towards a new application: clinical skill assessment. While anticipation and inpainting

improve video analysis, they are not sufficient for tasks that demand deeper semantic un-

derstanding. Clinical skill assessment presents a more structured and practical challenge,

requiring fine-grained semantic interpretation to distinguish subtle variations in motion

smoothness, posture alignment, and force control. Unlike video anticipation or quality

improvement, skill assessment benefits from standardized procedures and controlled

environments, reducing variability and regulatory complexity and making real-world

deployment of automated feedback systems more feasible [274]. Here, we explore how

multi-view geometric features can bridge the gap between passive video analysis and

active performance feedback, enabling structured, objective, and scalable evaluation in

medical education.

Clinical skill assessment presents a unique challenge that requires fine-grained se-

mantic understanding. In this context, fine-grained refers to the ability to detect subtle

differences in how a task is performed [275]. These include variations in motion smooth-

ness, posture alignment, force control, or spatial accuracy during the same procedure.

Rather than focusing on what action is taking place, the task centers on evaluating how

well the action is executed [68]. This involves interpreting detailed visual and geometric

cues that reflect the performer’s technique and level of proficiency. Such distinctions

carry important clinical meaning and are necessary for providing meaningful feedback.

Single-view systems often miss important information due to occlusions or limited per-

spective, which limits their ability to capture the depth of performance quality needed

for reliable assessment.

To address these challenges, this chapter introduces the Cross-view Multimodality

Enhanced Action Quality Assessment (CME-AQA) framework, which combines geometric

and visual features from multiple views for clinical skill assessment. The CME-AQA

framework includes an Attention based Visual-Pose Fusion (AVPF) module for feature

fusion and an Multiscale View Alignment (MVA) strategy that enables learning from

multiple views while still allowing single view inference during deployment.
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5.1 Introduction

Clinical skill assessment, as an application of Action Quality Assessment (AQA) in clinical

settings, employs various computer vision methods to evaluate the quality of actions

performed during therapy sessions. It has proven effective in providing feedback for

sports and rehabilitation training [276, 277]. Predominantly, these frameworks utilize

pose-based data captured using sensor-based or markerless methods to detail body

positions and movements, which are crucial for minimizing environmental noise and

capturing detailed motion information [278]. However, they often analyze full-body

motions from a single-view perspective and ignore interactions with the environment.

This limitation is particularly significant in many common physical therapy practices,

such as Traditional Chinese Medicine (TCM) physical therapy, including acupuncture

and tui na, where training emphasizes the precision of hand motions frequently obscured

due to self-occlusion [279]. Additionally, varied interactions between hands and objects,

such as acupuncture needles or practice pads, highlight the critical need to incorporate

enhanced environmental visual information [280].

To address these limitations in current frameworks for clinical skill assessment, we

have identified two major challenges. First, existing approaches, particularly in physical

therapy training [22, 158, 159], rely on pose estimation data that fail to capture the

environmental context, including the interactions between hands and various objects

and surfaces during therapy sessions. This limitation restricts the effectiveness of clinical

skill assessment methods in evaluating all relevant aspects of physical therapy. Second,

current skill assessment methods [281,282], typically based on single-view video settings,

do not adequately address frequent self-occlusions, where parts of the body often obscure

other parts. This shortcoming compromises the reliability of these methods in real-world

applications.

To overcome these challenges in applying existing clinical skill methods, we propose a

Cross-view Multimodality Enhanced Action Quality Assessment (CME-AQA) framework

for clinical skill assessment. This framework integrates view translation of both pose

and visual modality features between two different viewpoints. It consists of two main

components: the Attention based Visual-Pose Fusion (AVPF) module and Multiscale View

Alignment (MVA) training strategy, each designed to tackle specific challenges. First, the
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AVPF module utilizes cross-attention to employ visuals as the query and pose data as the

key and value, fusing the most relevant information between visual and pose features to

provide a comprehensive feature representation for the practice video. Second, the MVA

training strategy leverages different view videos in training, allowing our framework to

have multi-view awareness even when provided with only a single view input video.

To evaluate the effectiveness of the proposed CME-AQA framework across different

types of clinical skills, we selected two representative applications: Traditional Chinese

Medicine (TCM) procedures and Cardiopulmonary Resuscitation (CPR). These tasks offer

distinct challenges and help assess the framework’s ability to generalize across diverse

clinical competencies. TCM procedures such as acupuncture and tui na involve complex

hand techniques and localized manipulations [283, 284], including precise control over

needle depth, angle, and movement frequency. These actions require accurate motor

coordination and spatial awareness, making them a rigorous test case for evaluating

the model’s ability to capture clinically meaningful motion patterns. In contrast, CPR

emphasizes coordinated full-body movements that must maintain consistent force and

rhythm [285], requiring robust recognition of postural alignment and temporal regularity.

These contrasting requirements allow for a comprehensive assessment of our framework’s

generalizability across diverse clinical competencies.

To facilitate experimentation and broaden the dataset resources available for future

research, we introduce two novel multi-view video datasets for TCM and CPR skill

assessment. Experimental results demonstrate that CME-AQA significantly enhances

the evaluation of complex clinical actions, achieving over 30% higher accuracy and F1

scores in tasks such as Needle Depth and Quick Needle Movements. On the CPR dataset,

our framework performs comparably to human experts. These impressive results verify

the assumption of this chapter: integrating multi-view geometric and visual information

enables more accurate and reliable assessment of complex clinical skills. By capturing

both global body posture and fine-grained hand-object interactions across different tasks,

the proposed framework demonstrates strong potential for real-world deployment in

diverse medical training contexts, paving the way for scalable, data-driven skill evaluation

in clinical education.

The source code and the annotated dataset, including sample videos and labels, used
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in our work are available on GitHub1. Our main contributions are as follows:

1. To the best of our knowledge, we propose the first Cross-view Multimodality

Enhanced Action Quality Assessment (CME-AQA) framework for clinical skill

assessment that integrates both pose and visual modality features. Additionally,

we have created TCM-AQA61, a new multi-view video dataset containing first-

person and third-person videos of 61 subjects practicing two common TCM physical

therapy treatments: acupuncture and Chinese massage.

2. We introduce the Attention based Visual-Pose Fusion (AVPF) module that efficiently

fuses the most relevant information between visual and pose features to provide a

comprehensive feature representation for the practice video, thereby enhancing

the environmental description.

3. We design a Multiscale View Alignment (MVA) training strategy that leverages

both egocentric and exocentric view videos in training, allowing our framework

to have multi-view awareness even when provided with only a single view input

video.

4. We additionally created a multi-view video dataset for CPR and compared our

proposed method with human experts to demonstrate its real-world translation

potential.

5.2 Data Collection

To the best of our knowledge, no public dataset for multi-view clinical training was

available, prompting us to create the TCM-AQA61 dataset for this chapter. This dataset

features simultaneous dual-view recordings, as illustrated in Fig. 5.1: a first-person view

(i.e., egocentric view) and a third-person view (i.e., exocentric view). We focused on

TCM physical therapy, specifically acupuncture and tui na, due to their prevalence, their

demonstrated potential in treating various motion disorders [286], and the complex hand

interactions they involve [283], which present significant challenges for existing clinical

1https://github.com/FrancisXZhang/cme-aqa
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Figure 5.1: Example frame from TCM-AQA61. Video recordings were captured using two
GoPro 8 motion cameras: one mounted on the subject’s forehead to provide a first-person
perspective, and another positioned to capture a side view of the subject’s hands. This
setup was designed to simultaneously capture hand motions from both the practitioner’s
perspective and an observer’s perspective, which could provide comprehensive insights
into hand-object interactions.

skill assessment methods. The dual-view setup was specifically designed to capture hand

motions from both the practitioner’s perspective and an observer’s perspective, providing

comprehensive insights into hand-object interactions and enabling the verification of the

effectiveness of leveraging cross-view geometric features.

In detail, the data collection encompassed simulated acupuncture and tui na prac-

tice sessions conducted by 61 medical students from the Beijing University of Chinese

Medicine. Instead of practicing on real patients, participants performed their techniques

on silicone pads designed for training purposes. These pads provide a safe and standard-

ized surface for simulating needle insertion and massage maneuvers. Video recordings

were captured using two GoPro 8 cameras: one mounted on the subject’s forehead for

an egocentric view and one positioned laterally to capture hand motions. The cameras

were time-synchronized but not geometrically calibrated, as our method does not rely

on multi-view triangulation or 3D pose lifting. Instead, feature alignment is handled

at the representation level through our multi-view training strategy, which is robust to

viewpoint variations and does not require precise camera geometry. We chose a head-

mounted egocentric camera over a fixed front-facing one to capture fine hand-object

interactions from the practitioner’s perspective [287]. This dynamic viewpoint enhances

visibility of subtle actions often occluded in static views and reflects the visual focus

of the operator, which is critical for assessing clinically relevant skills. It also supports

future extensions into VR-based immersive training [288].

After data collection, two experienced TCMphysical therapists (HY and SC) conducted
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two rounds of manual AQA for each subject. Videos from both views were available

to them during their review. In the first round, the therapists reviewed the videos

individually. In the second round, they discussed their differing ratings to reach a

consensus for each skill assessed. The skill subjects for acupuncture included Needle

Holding, Needle Angle, Needle Depth, Quick Needle Movements, Lifting and Thrusting

Frequency, Lifting and Thrusting Amplitude, Twisting Frequency, Twisting Amplitude,

and Quick Needle Withdrawal. For tuina, the assessed skills included Sinking Shoulders,

dropping elbows, Suspended Wrists, Hollow Palms, Solid Fingers, Elbow/Forearm Force,

Depth, and Frequency. Notably, although the absolute needle depth is difficult to measure

from video alone, the needle length was fixed during data collection. This allowed the

therapists to estimate insertion depth by observing the relative change in needle insertion

across consecutive frames and comparing the visible remaining length of the needle.

Based on these observations, they were able to assess and annotate whether the needle

depth was clinically appropriate.

Sample videos along with their corresponding labels are available in our GitHub

repository2.

5.3 Methods

5.3.1 Methodology Overview

Our overview figure is shown in Fig. 5.2. During inference, the input consists of both

visual and geometric features extracted from a raw video captured from a single third-

person view, which is the most commonly used perspective in clinical skill assessment

[155]. Visual features are extracted using a pre-trained ResNet [181], while 3D hand

skeletons (x, y, and relative z) are obtained usingMediaPipeHands [220], a two-stage hand

tracking model that first detects hand regions with a palm detector and then regresses 21

hand landmarks with relative depth using a neural network. Although the resulting 3D

coordinates are not metrically calibrated, they provide sufficient geometric context for

clinical skill analysis. These extracted features serve as compact and informative inputs

2https://github.com/FrancisXZhang/cme-aqa
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Figure 5.2: Overview of the Cross-view Multimodality Enhanced Action Quality Assess-
ment (CME-AQA) framework when applied to the TCM-AQA61 dataset, where TB refers
to the transformer block. The framework comprises two main components designed to
leverage both first-person view (i.e., egocentric view) and a third-person view (i.e., exocen-
tric view) to train an AQA framework for TCM physical therapy: (1) The Attention based
Visual-Pose Fusion (AVPF) module (see Section 5.3.2), which employs a cross-attention
mechanism to fuse visual and pose features, enhancing the environmental description
of the practice video by correlating the most relevant visual and pose features. (2) The
Multiscale View Alignment (MVA) training strategy (see Section 5.3.3), which aligns
features across different scales from the AVPF module to maintain invariant features be-
tween egocentric and exocentric views, thereby enabling a more comprehensive feature
representation with awareness of both views. Notably, the presentation of this overview
figure and methodology emphasizes first-person and third-person views to align with
the TCM-AQA61 dataset. However, this setup may not be required for other clinical
practices, as demonstrated in Section 5.5, where our method generalizes effectively to
CPR training with a front-view and side-view configuration.
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for the learnable components of our framework.

The cross-attention mechanism in the Attention based Visual-Pose Fusion (AVPF)

module first correlates the visual and pose features, enhancing the integration of these

modalities and enabling more efficient encoding of dynamic hand-object interactions.

The self-attention mechanism then models temporal dependencies in the sequence, and

finally, fully connected layers predict scores for multiple clinically relevant skill items.

During training, the framework uses visual and geometric features from both first-

person and third-person views via the Multiscale View Alignment (MVA) strategy. This

design allows the model to align multi-view features across different scales and learn

more robust, view-invariant representations. At inference time, only third-person view

input is needed, making the system more practical and lightweight while retaining the

benefits of multi-view supervision.

It is worth noting that the presentation of the overview figure and methodology is

designed to clearly illustrate our method alongside the TCM-AQA61 dataset, with a focus

on the use of both first-person and third-person views. However, when applying our

framework to other clinical practices, this dual-view setup may not be necessary. As

demonstrated in Section 5.5, our method generalizes effectively to CPR training, even

with a front-view and side-view configuration.

5.3.2 Attention based Visual-Pose Fusion (AVPF) Module

Amajor challenge in applying existing methods [22,159,235] is their tendency to disregard

visual information, relying solely on human skeleton data. This approach is inadequate

for complex practices such as acupuncture [284], where complex movements involving

the needle, hand, and practice pad are critical. Relying exclusively on human skeleton

data fails to capture sufficient visual detail, thereby limiting the accuracy of inferences in

clinical training scenarios involving dense hand-object interactions.

To address this challenge, our AVPF module employs a multi-layer cross-attention

mechanism [289] to efficiently fuse the most relevant information between visual and

pose features. This approach not only provides a comprehensive feature representation

with environmental context, but also progressively enriches the visual features with

detailed pose information, thereby maintaining a structural understanding of human
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Figure 5.3: The architecture of our layer-normalization enhanced attention transformer
block. To improve robustness against feature inconsistencies caused by occlusions or
lighting variations in complex clinical settings [15], layer normalization is applied after
the 1D convolution to stabilize the modeling of the attention matrix.

skeleton data. Unlike direct fusion by concatenation, which fuses global features from

different modalities [290], this cross-attention method allows the module to focus on

relevant features across modalities and reduce redundancy, thereby improving the overall

accuracy of the AQA process.

In detail, visual features are extracted using an off-the-shelf, pre-trained visual feature

extraction model to create a compact feature representation, denoted as FV ∈ RT ×C ,

where T represents the video length and C represents the number of feature channels.

Similarly, pose features are extracted by a pre-trained 3D pose estimation pipeline to

describe the movements of the practitioner in 3D space. Following extraction, the human

skeleton pose features, denoted as FP ∈ RT ×C , are further processed by a multi-layer

Feedforward Neural Network (FFN) to adjust the pose feature dimensions to match those

of FV , thereby enhancing the efficiency of the pose feature representation. Each cross-

attention transformer block, indexed by i, processes F i
V and FP through our specially

designed layer-norm-enhanced attention mechanism (see Fig. 5.3) to mitigate noise

commonly appearing in visual and pose feature representations due to occlusion or

varying lighting conditions in complex practice scenarios [15]:

Attni(Q, K, V ) = softmax
(

LN(Q)LN(K)T

√
dk

)
LN(V ), (5.1)

where Q is the query matrix derived from F i
V via 1D convolution, and K and V are

the key and value matrices derived from FP via 1D convolution. LN denotes the layer
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normalization used to smooth the feature representation. After the attention computation,

a multi-layer FFN embeds the attention scores into the updated F i
V for the next layer,

continuing until the ith layer to produce the final fused feature F I
V . This selective

updating of only FV allows us to iteratively refine the visual features with pose data

while maintaining a stable pose reference across updates, promoting greater consistency

and reliability in action modeling.

Then, the refined fused feature F I
V from our cross-attention mechanism then serves

as the input to our designed layer-norm-enhanced self-attention mechanism, which is

similar in design to that illustrated in Fig. 5.3. Each self-attention transformer block,

indexed by j, processes the features:

Attnj(Q, K, V ) = softmax
(

LN(Q)LN(K)T

√
dk

)
LN(V ), (5.2)

where Q is the query matrix and K and V are the key and value matrices derived from

F j
V via 1D convolutions. The process continues until the jth transformer layer to produce

F J
V .

Finally, F J
V is input into a two-layer fully connected network to translate the latent

features into predicted action quality scores for each clinically relevant item.

5.3.3 Multiscale View Alignment (MVA) Training Strategy

Another challenge in applying common AQAmethods to assess complex clinical practices

is that existing methods [22, 159, 235] typically rely solely on a single third-person

view for both training and inference. However, in many clinical practices, such as

acupuncture, crucial hand actions often suffer from self-occlusion when recorded from a

single perspective [291].

To address this challenge while maintaining a simple deployment process, our MVA

training strategy incorporates two different views during training, utilizing both egocen-

tric and exocentric perspectives, but requires only a single-view input during inference.

This strategy aligns latent features at multiple stages, including the cross-attention pro-

cess, the output features of cross-attention, and the self-attention outputs of the AVPF

module. By aligning features across views at multiple scales, from early feature modeling
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to higher-level abstractions, the framework is better equipped to learn invariant features

at various hierarchical levels [292]. This integration of dual-view features enhances the

framework’s capacity to capture detailed semantics for skill assessment while allowing

single-view inference to benefit from multi-view training. In detail, the MVA alignment

loss is calculated as follows:

LAlign =
n∑

m=1
λm · ∥F m

V,View1 − F m
V,View2∥1, (5.3)

where F m
V,View1 and F m

V,View2 represent the feature representations at the m-th scale from

two different views (e.g., first-person view and third-person view, respectively, when

training on the TCM-AQA61 dataset), ∥ · ∥1 represents the L1 norm which measures the

distance between these two feature sets, and λm represent the weights assigned to each

scale, emphasizing the importance of alignment at different levels of feature abstraction.

This calculation aims to minimize discrepancies between different views, potentially

enhancing the model’s ability to generalize from both viewpoints.

The overall training loss for the framework is defined as:

L = αLAlign + βLAQA, (5.4)

where LAlign represents the cumulative L1 norm losses between corresponding features

in different views, and LAQA is the cross-entropy loss between the predicted quality

assessment labels ŶAQA and the true labels YAQA. The parameters α and β are weighting

factors that balance the importance of alignment and AQA accuracy in the overall loss

function. During training, the cross-attention in AVPF employs shared weights between

the different views to capture invariant correlations between visual and pose features.

Conversely, the self-attention in AVPF employs non-shared weights to ensure that the

final feature representation is specifically tailored and adaptive to the AQA tasks.

5.4 Experiment Design

We split our dataset into 5 folds to conduct cross-validation. We configured our network

hyperparameters with J = 8, L = 4, α = 0.5, and β = 0.5. The batch size is set at 2,
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and the training duration is 100 epochs. We employ the Adam optimizer with a learning

rate of 1 × 10−4, β1 = 0, and β2 = 0.99. All experiments were conducted on an NVIDIA

TITAN RTX 24G GPU.

For each skill subject, we comprehensively evaluated our approach using two metrics:

accuracy and F1 score, both expressed as unitless proportions ranging from 0 to 1. This

metric selection is justified because our task aligns more closely with other clinical

skill assessment tasks for clinical applications, which are often regarded as multiple-

category classification [68]. Accuracy measures the proportion of correctly identified

actions, reflecting the overall system performance. The F1 score balances precision

(the proportion of correctly identified actions among those predicted) and recall (the

proportion of correct actions that were actually identified). Clinically, high accuracy and

F1 scores indicate that the system provides precise and comprehensive feedback, which

is crucial for effective TCM physical therapy training.

5.4.1 Performance Metrics Analysis

We compare our proposed methods with the following baselines: 1. STGCN [234]: A

classical pose-based human action recognition method using graph neural networks. 2.

STNN [22]: An early method that leverages human pose for assessing physical reha-

bilitation exercises via Long Short-Term Memory (LSTM) [97]. 3. STGCN-LSTM [158]:

A method that extends STGCN with LSTM to assess physical rehabilitation exercises

using human pose data. 4. STGCN-RI [235]: A method that leverages human pose and

joint rotation matrices to assess physical rehabilitation exercises via STGCN. For fair

comparison, all baseline methods are retrained on our proposed dataset.

The results presented in Tables 5.1 and 5.2 demonstrate that our proposed CME-

AQA framework consistently outperforms other baseline methods across various skill

subjects in both acupuncture and tuina tasks. In acupuncture tasks, our framework

achieves the highest average accuracy/F1 score (0.83/0.71) across skills, compared to

0.75/0.54 for the next best baseline, STGCN-LSTM [158]. Significant improvements are

observed in tasks requiring fine-grained motion understanding, such as Needle Depth

and Quick Needle Movements, where our framework exceeds baseline accuracy by over

30% relative improvement. Similarly, in Twisting Frequency, our method outperforms
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previous approaches by over 10% in accuracy.

In tuina tasks, our method also demonstrates superior performance, achieving the

best average accuracy/F1 score (0.89/0.80) compared to 0.84/0.72 for STGCN-RI [235].

Notably, our method achieves over 15% higher F1 scores in Standard Action and Hollow

Palm compared to STNN [22] and STGCN-RI, while maintaining robust performance in

depth and frequency estimation.

This superior performance can be attributed to the effective integration of third-

person view insights and egocentric features, which enhance the model’s ability to

capture fine-grained details and reduce the effects of occlusion. By leveraging these

multi-view perspectives, the CME-AQA framework demonstrates strong generalization

and applicability across diverse clinical training scenarios.

Regarding real-world applicability, the accuracy values in Table 5.1 range from 0.70 to

0.95, reflecting the proportion of correctly classified skill assessments. In procedures such

as acupuncture and tui na, small differences in technique and hand-object interaction are

important [293] and are often difficult for human evaluators to assess consistently [294].

Achieving accuracy above 0.70 across multiple skill categories suggests that the system

is capable of reliably distinguishing between different performance levels. The high F1

scores, reaching up to 0.87, indicate a strong balance between precision and recall. This

balance is essential for providing consistent and meaningful feedback in clinical training.

5.4.2 Ablation Study

To comprehensively validate the effectiveness of each component in our proposed frame-

work, we conducted a detailed ablation study covering three aspects: view and modality,

framework design, and weight sharing strategies, as summarized in Table 5.3.

Overall, our complete model achieves the highest and most balanced performance,

with an average accuracy of 0.83 and F1 score of 0.71 across all acupuncture skills. This

highlights the effectiveness of integrating multi-view information, multimodal features,

and specialized architectural designs. Beyond the average scores, our full model also

demonstrates consistent robustness across diverse skills, especially in tasks requiring

fine-grained motion understanding, such as Twisting Frequency and Needle Depth.
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View and Modality Ablation

We assessed the impact of removing specific views (first-person view or third-person

view) and modalities (visual features or pose features) to understand their importance.

The results demonstrate that integrating both views and modalities leads to the best

performance. Notably, removing the first-person view caused significant drops in accuracy

and F1 scores for skills requiring fine hand movements, such as twisting and lifting,

underscoring the value of multiple viewpoints in mitigating occlusion issues. Similarly,

omitting pose features notably affected tasks that rely on precise spatial awareness such

as needle depth, indicating that both visual and pose features are essential and contribute

uniquely to the overall assessment.

Framework Design Ablation

We assessed the impact of removing key components of the framework. For the configu-

ration without AVPF, we replaced the cross-attention fusion mechanism with simple fully

connected layers, resulting in a significant performance drop, particularly in tasks requir-

ing complex action interpretation such as Needle Angle. This highlights the effectiveness

of cross-attention in fusing pose and visual data. Additionally, for the configuration with-

out MVA, where only the final output was aligned (as opposed to multiscale alignment),

we observed decreased performance across most metrics, particularly in tasks requiring

temporal consistency, such as Twisting Frequency. This suggests that multiscale feature

alignment plays a critical role in improving feature learning at different hierarchical

levels.

Weight Sharing Design

We explored various weight-sharing strategies within the model. In the "late share"

configuration, we did not share weights for cross-attention but shared weights for self-

attention in the AVPF module. In the "no share" configuration, no weights were shared

between different view inputs. Lastly, in the "all share" configuration, weights were

shared for both cross-attention and self-attention across views. The results indicate that

our current design where weights are shared for cross-attention but not for self-attention,

achieved the best performance. This suggests that while cross-attention benefits from
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shared weights to capture invariant correlations across views, self-attention requires

view-specific adaptations to achieve more accurate feature representation and improved

performance.

5.5 Generalized Analysis for CPR Skill Assessment

Figure 5.4: The recording setup for our CPR dataset, including camera positions and
the task area. Circles depict the location of the cameras. The checkerboard was placed
in front of the task space with one foam mat for the manikin and one foam mat for the
participant. Approximate distances between cameras are provided, although there was
some slight variation between days.

To validate the generalizability of our method across different practices and view config-

urations, as well as contribute to the development of multi-view clinical training datasets,

we further constructed a multi-view dataset for CPR training and compared our model’s

performance to that of human experts. When applying our CME-AQA framework to

this dataset, we utilized a front-view and side-view configuration, which differs from

the first-person and third-person views used in the TCM-AQA61 dataset. Additionally,

due to ethical agreements, substantial portions of the raw videos in this CPR dataset

were blurred to protect privacy, limiting the extraction of meaningful visual features.

Consequently, only skeleton data was employed in the CME-AQA framework for this
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analysis.

Data Collection

We collected a multi-view CPR training dataset from 53 participants, comprising nursing

students and staff from Northumbria University’s Department of Nursing and Midwifery.

Each participant performed four cycles of 30 chest compressions on a manikin, with

recordings captured using six synchronized GoPro cameras strategically positioned to

provide comprehensive coverage (see Fig. 5.4). Performance evaluations focused on key

metrics [285], including hand position, arm posture, shoulder position, compression

depth, compression release, and rate. Each of these items was scored from 0 to 4 by

expert raters, reflecting the number of compression cycles that met the expected criteria.

These scores indicate the count of successfully performed cycles rather than a physical

measurement. Raters independently evaluated each cycle for each item and assigned

one point for correct execution, with any disagreements resolved through consensus to

ensure consistency and alignment with clinical standards. The study was conducted in

compliance with ethical standards approved by Northumbria’s Ethics System (No. 44602).

Evaluation Setting

Figure 5.5: Example frames for the views used during training. To facilitate fair compar-
isons, data from the front view (camera 1) and the side view (camera 5) were used for
training, as these were the primary viewpoints utilized by experts during their evalua-
tions. Notably, only the front view was used for inference.

The evaluation of our automatic AQA framework employed Mean Absolute Error (MAE)

with fivefold cross-validation. In each fold, 80% of the data was allocated for training and

20% for testing, with training epochs set to 100.
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Unlike our TCM application, which involved a single practice session naturally suited

for classification, the CPR skill evaluation used cumulative scores ranging from 0 to 4 for

each item. These scores reflect the number of correctly performed compression cycles

across four CPR rounds and represent varying degrees of performance rather than binary

outcomes such as "correct" or "incorrect." Although the labels are discrete, we framed this

as a regression task because the scores are ordinal and evenly spaced, allowing the model

to learn the relative severity of mistakes. This approach captures detailed differences

in performance better than treating each score as an independent class. To evaluate

performance, we used Mean Absolute Error (MAE), which has the same units as the

original measurement (i.e., the rating score in our CPR assessment) and provides a direct

measure of average prediction error. MAE was appropriate for our evaluation, as it clearly

indicates how much the predicted scores differ from the true ratings. Since the expert

consensus scores served as the ground truth for MAE calculation, the MAE quantified

the average error between the model predictions and the consensus scores. Similarly, it

quantified the average error between individual expert ratings and the consensus.

To facilitate fair comparisons, data from the front view (camera 1) and the side view

(camera 5) were used during training, as these were the primary viewpoints utilized by

experts during their evaluations. Notably, only the front view was used for inference.

Example frames of these two views are shown in Fig. 5.5.

Results

Table 5.4: Mean Average Error (Human Experts vs. Our CME-AQA Framework)

Item Evaluator 1 Evaluator 2 MV-STGCN [295] STGCN-RI [235] Ours

Hand Position 1.62 1.08 0.33 0.39 0.33
Arm Position 0.70 0.15 0.07 0.13 0.07
Shoulder Position 0.40 0.34 0.13 0.19 0.13
Depth 0.49 0.30 0.69 0.77 0.69
Rate 0.89 0.11 1.67 1.81 1.81
Compression Release 1.04 0.98 1.00 1.06 1.02
Total 3.96 2.69 2.98 3.14 2.96

As shown in Table 5.4, Evaluator 1 and Evaluator 2 represent the MAE between the

experts’ individual ratings and the final consensus scores. Our CME-AQA framework

achieved a total MAE of 2.96, calculated by comparing the sum of ratings for each subject
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with the sum of expert consensus scores. This performance closely aligns with that of

the human evaluators (3.96 for Evaluator 1 and 2.69 for Evaluator 2). Compared to the

baseline method, STGCN-RI [235], which achieved a total MAE of 3.14, our framework

demonstrates improved accuracy across most metrics.

Notably, our framework achieved lower MAE scores in critical metrics such as Hand

Position (0.34) and Arm Position (0.08), outperforming both human evaluators and the

baseline method. Slight discrepancies were observed in metrics such as Depth and Rate,

likely due to the frequent interactions between the practitioner and the manikin in

these tasks. Since only human skeleton data was used as input in this analysis due

to data limitations, capturing these interactions fully proved challenging. This further

supports our assumption that visual information is also crucial in clinical skill assessment.

Nevertheless, our framework maintained accuracy comparable to both human evaluators

and the baseline method in these categories. These results highlight the potential of our

CME-AQA framework to provide reliable automated feedback during clinical training

sessions, supporting its viability for real-world clinical applications.

5.6 Summary

In this chapter, we explored how multi-view geometric features can enhance fine-grained

semantic understanding, using clinical skill assessment as the validation task. Through

our study, we found that multi-view geometric features, when combined with visual

information, significantly improve the ability to capture subtle performance differences

in clinical skills, enabling more accurate evaluation. This builds on previous chapters:

compared to Chapter 3, where geometric features were used to improve temporal under-

standing, and Chapter 4, where they guided video inpainting, here geometric features

are extended toward fine-grained semantic interpretation by leveraging multi-view per-

spectives. By moving beyond single-view limitations, we enable a more comprehensive

and clinically meaningful understanding of practitioner movements.

The main contribution of this chapter is the introduction of the Cross-view Multi-

modality Enhanced Action Quality Assessment (CME-AQA) framework, which incor-

porates the Attention based Visual-Pose Fusion (AVPF) module for efficient fusion of
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visual and pose features and the Multiscale View Alignment (MVA) training strategy for

multi-view awareness. Notably, this framework maintains its effectiveness even with

single-view input during inference. Additionally, this chapter introduces two multi-view

video datasets: one for TCM physical therapy and another for CPR. Our evaluations

demonstrated that integrating multi-view geometric features significantly improves

clinical skill assessment accuracy. Specifically, CME-AQA enhanced assessment perfor-

mance, particularly in complex tasks such as Needle Depth and Quick Needle Movements,

achieving over 30% higher accuracy and F1 scores. Furthermore, in experiments with

the CPR dataset, CME-AQA delivered performance comparable to human experts. This

comparable performance underscores its strong potential for real-world translation.

Although this work has shown promising results for fine-grained semantic under-

standing of clinical videos, particularly in differentiating performance levels for the same

clinical technique, several avenues for future research remain. First, our framework relied

on existing pose estimation methods to extract human skeleton data as geometric features.

These methods, often lacking temporal awareness, can produce inconsistent or noisy

outputs [296], potentially impacting downstream assessments. Future efforts could focus

on integrating pose estimation into an end-to-end learning process that incorporates

temporal information, thereby enhancing estimation accuracy. Second, to evaluate the

real-world impact of our framework, future research could deploy an offline version of the

system to junior clinical students and monitor its effectiveness in improving their skills

over time. This would provide valuable insights into the practical benefits of multi-view

geometric features for clinical skill development.
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CHAPTER 6

Conclusion

In this thesis, we systematically explored the evolving role of geometric feature enhanced

deep learning in clinical video analysis. Starting from structured geometric inputs for

modeling complex workflows, advancing through the fusion of geometric and visual

features for enhancing clinical video quality, and finally extending to multi-view geo-

metric feature integration for assessment of practitioner skills, we demonstrated how

geometric representations can drive robust, real-time, and fine-grained insights that

surpass traditional methods.

Our findings explicitly demonstrate that geometric features are not merely auxil-

iary signals but fundamental enablers for clinical video analysis. Whether structured

as primary inputs, fused with visual modalities, or integrated across multiple views,

geometric representations consistently enhanced robustness and real-world applicability

across diverse clinical tasks. This thesis thus establishes geometric feature enhanced

deep learning as a central strategy for advancing reliability, scalability, and clinical utility

in clinical video analysis.
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6.1 Achievement of Aims and Objectives

This thesis represents a deliberate and progressive expansion of the role of geometric

features in clinical video analysis: starting from structured inputs for understanding

dynamic processes, advancing through the fusion of geometric and visual features for

enhancing clinical video quality, and leveraging multi-view geometric features for fine-

grained skill evaluation.

The primary aim of this thesis was to explore how geometric feature enhanced deep

learning can address the key challenges in clinical video analysis. The progress made in

each technical objective demonstrates how this approach systematically evolved to meet

increasingly complex demands, as detailed below.

In Chapter 3, we laid the foundation by addressing the objective of enhancing real-

time long-term anticipation. We proposed a robust geometric feature representation

that includes instruments, surgical targets, and their detection confidence values. This

structured input enabled accurate modeling of dynamic workflows and surgical interac-

tions. The dynamic graph selection method further allowed the adaptive representation

of diverse procedural contexts. These advancements demonstrated the utility of geomet-

ric features as primary structured inputs for high-level predictive tasks, establishing a

foundation for future collaborative and semi-autonomous surgical systems.

Building upon this foundation, Chapter 4 addressed the challenge of improving video

quality in extreme clinical environments. Here, we extended the role of geometric features

by fusing them with visual modalities in the DAEVI framework. This fusion achieved

depth-aware reconstruction and enhanced video quality, even under severe degradation.

By preserving anatomical details and spatial structures, this work demonstrated how

geometric features could not only structure understanding but also directly enhance

visual clarity, meeting real-time diagnostic and interventional needs.

Finally, Chapter 5 expanded the scope further by introducing multi-view geometric

feature integration for fine-grained semantic understanding. The CME-AQA framework

combined visual and pose features from multiple viewpoints to mitigate self-occlusion

and capture comprehensive practitioner movements. By creating and releasing the TCM-

AQA61 and CPR datasets, we enabled broader research opportunities in clinical training.

This final step moved beyond immediate clinical needs to support educational settings,

123



6.2. Review of Contributions

highlighting the versatility and scalability of geometric feature enhanced learning in

controlled environments.

In summary, the integration of geometric features into deep learning frameworks has

demonstrated varying degrees of real-world applicability across different objectives:

• High-level Teamwork and Robotic System Assistance: The use of geomet-

ric features as the primary input supports anticipation tasks, offering high-level

assistance in surgical team dynamics and robotic systems.

• Direct Visual Assistance for Clinicians: The fusion of geometric and visual

features provides enhanced visual outputs that directly aid clinicians in diagnostic

and interventional tasks.

• Transferable Solutions for Clinical Training: The leveraging of multi-view

geometric features ensures broad applicability in non-critical settings like clinical

training, where safety constraints are less stringent, allowing for rapid deployment

and feedback in real-world scenarios.

Each chapter thus represents a step in a coherent progression: from structured

modeling of dynamic clinical processes, to enhancing visual realism, to achieving fine-

grained semantic understanding across views. Ultimately, this journey demonstrates the

potential of geometric feature enhanced deep learning to address diverse and critical

demands in clinical video analysis.

6.2 Review of Contributions

The main contributions of this thesis are summarized as follows:

• We demonstrated that using geometric features as primary inputs enhances long-

term temporal understanding in clinical video analysis, particularly for anticipation

tasks. To this end, we proposed an adaptive graph learning framework for surgi-

cal workflow anticipation that incorporates both surgical instruments and target

anatomy. The framework uses bounding boxes to extract geometric features re-

lated to instruments and targets, integrating their detection confidence levels. Our
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method dynamically selects candidate graphs to represent interactions between

surgical instruments and targets for each timeframe, leveraging graph and tem-

poral convolutions to effectively utilize dynamic geometric features and improve

predictions in complex clinical settings (see Chapter 3).

• We demonstrated that fusing geometric features and visual features enhances the

quality of clinical videos, particularly for video inpainting tasks. To achieve this, we

introduced a novel endoscopic video inpainting framework that integrates depth

information to achieve reliable 3D spatial details. This framework extracts depth

information during visual feature learning, eliminating the need for pre-acquired

depth maps. It employs a tailored feature fusion algorithm that correlates 3D

spatial relevance by pairwise fusing each visual feature with its corresponding

depth feature. Additionally, it assesses the 3D spatial fidelity of the RGB-D sequence

formed by the inpainted frames and estimated depths, enabling realistic outputs

with plausible 3D spatial details (see Chapter 4).

• We demonstrated that the introduction of multi-view geometric features enhances

the semantic understanding of clinical videos, particularly in clinical skill assess-

ment. To achieve this, we proposed a novel framework that fuses features from

multiple views, utilizing graph convolution on skeleton data derived from pose

estimation to facilitate precise performance assessments. The framework integrates

visual and geometric features while transferring cross-view features to different

views, enhancing robustness to frequent hand movements. To validate this ap-

proach, we collected and released a dataset for TCM physical therapy assessment,

annotated by two clinical experts. Additionally, we created and released a com-

prehensive dataset of multi-view CPR training videos, complete with skill ratings

provided by two clinical experts, and demonstrated that our proposed method

achieves performance comparable to human experts (see Chapter 5).

6.3 Future Research Directions

The integration of geometric features with deep learning in clinical video analysis has

demonstrated substantial potential, but several areas remain unexplored and ripe for
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future research to enhance model robustness, clinical applicability, and scalability.

6.3.1 Adaptive Geometric Features Selection

Further research could explore adaptive geometric feature selection in dynamic clinical

environments, enabling models to identify and prioritize the most relevant features for

specific tasks automatically. Current methods [21] often rely on prior assumptions about

the importance of certain geometric representations, which may not generalize across di-

verse clinical scenarios. For instance, in routine surgical procedures with clear anatomical

visibility, keypoint detection may capture critical landmarks effectively [297]. However,

for minimally invasive procedures with close instrument-anatomy interactions, bounding

boxes may be more suitable for tracking movements and spatial relationships [132]. Ad-

dressing these variations requires a flexible framework that dynamically adjusts feature

selection based on the task. A promising solution involves meta-learning combined with

model pruning [298], allowing models to evaluate multiple geometric features, such as

keypoints, bounding boxes, and depth maps, and retain only the most relevant ones. This

approach optimizes computational efficiency, adapts to varying conditions, and enhances

model performance in clinical video analysis. However, its implementation demands

substantial data and computational resources, highlighting the need for efficient and

scalable methods [299].

6.3.2 Privacy-Preserving Clinical Video Analysis

While geometric features such as key points and bounding boxes inherently offer a level of

privacy protection by abstracting spatial information without exposing sensitive details,

integrating them with visual features can raise privacy concerns, especially in clinical

settings where patient confidentiality is critical [300]. This challenge also complicates data

sharing across clinical centers [301], limiting the availability of sufficient data for deep

learning model training. A promising solution is Federated Learning (FL) [301], which

enables institutions to train models collaboratively while keeping data local. However,

applying FL to clinical video analysis is challenging due to the non-Independently and

Identically Distributed (IID) nature of video data, characterized by intricate temporal
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dependencies that complicate splits for validation across institutions [302]. Additionally,

the limited size of clinical video datasets often biases model evaluations [302], reflecting

dataset-specific traits rather than true generalization. Addressing these issues is crucial

for leveraging federated learning in clinical video analysis while preserving privacy and

ensuring robust, generalizable performance.

6.3.3 Causality-Driven Explainable Deep Learning

Explainable deep learning is essential in clinical video analysis to build trust among

patients and clinicians [303], facilitating the acceptance of deep learning-assisted systems.

While geometric features such as key points offer a potentially interpretable means of

explaining model inferences, especially for tasks such as clinical diagnosis [304], existing

explainability methods primarily focus on highlighting weights or attention values within

model layers. For example, Zhang et al. [305] visualize the attention values of human

joints in their framework for Parkinson’s tremor detection, demonstrating which joints

the model prioritizes to make inferences. However, in complex clinical tasks such as

surgical workflow anticipation [21], understanding the importance of individual points

alone is insufficient. While these points may reveal correlations, temporal causality

provides deeper insights by clarifying the sequence and interaction of events that lead to

specific outcomes [306], which is crucial in capturing the dynamics of long-term video

analysis. Future work could focus on developing causality-based explanations in clinical

video analysis, providing clearer, more actionable reports for clinical end-users to foster

trust and confidence in deep learning systems.

6.3.4 Human-in-the-Loop Clinical Video Analysis

Another concern for deep learning in clinical video analysis is ensuring safety when

the model operates autonomously. Incorporating clinicians into the model development

and evaluation process, often referred to as human-in-the-loop frameworks [307], offers

a promising solution to enhance the robustness and clinical relevance of deep learn-

ing systems. Unlike traditional supervised learning, human-in-the-loop methods allow

models to benefit from iterative feedback from human experts during both training and
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deployment. For instance, in surgical robot assistance systems, human expert feedback

enables models to learn recovery strategies for failure cases [308], allowing them to adapt

and successfully complete tasks even after initial errors. However, balancing the effort

required for human involvement with the need for model safety remains a significant

challenge, particularly given the typically very long videos in clinical settings [2]. Future

work should focus on developing efficient interfaces for expert-model interaction and

exploring active learning strategies to prioritize cases where expert feedback is most

impactful.

6.3.5 Developing Clinically Relevant Evaluation Metrics

Many current metrics for training and evaluating clinical video analysis models are

adapted from general computer vision tasks, such as action recognition or segmentation,

and may not fully align with the specific requirements of clinical applications [309].

These metrics often emphasize technical measures like pixel-level accuracy or area-

under-curve scores, which, while important, may overlook clinically relevant factors

such as procedural outcomes, decision-making efficacy, or the severity of errors. This

misalignment underscores the need for metrics that better reflect the priorities and

practical challenges of clinical settings. Clinically relevant metrics could incorporate

subgroup analyses to differentiate between varying patient conditions, providing a more

nuanced perspective on performance [310]. However, metrics developed within a single

clinical site risk introducing personal and institutional biases. To address this limitation,

future work could adopt consensus-driven approaches, such as the Delphi method, which

gathers input from a diverse group of clinical experts to establish more generalizable and

clinically meaningful evaluation frameworks [311].

6.3.6 Phased Real-world Verification

While the integration of clinical video analysis models with geometric feature estimation

has shown promising results in controlled research environments from this thesis, deploy-

ing these models in real-world clinical scenarios requires rigorous validation. Real-world

verification involves testing models across diverse settings to ensure they generalize effec-
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tively beyond the training data [312]. This process should include large-scale, multi-center

trials to evaluate performance across various institutions, patient demographics, and

equipment setups [313]. However, such comprehensive evaluations may be challenging

to implement initially due to resource constraints or logistical complexities. To address

this, a phased verification approach could be encouraged, which involves progressively

testing and refining models through increasingly complex and realistic scenarios, such as

transitioning from simulation environments to human body samples [314], followed by

small-scale clinical trials, and ultimately large-scale multi-center studies.
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