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Summary

Temporal segmentation of medical procedures holds the potential to improve patient safety, provide
decision support to clinicians, and serve as the basis for context-aware robotic assistance systems.
However, clinical adoption remains hindered by two key challenges: the scarcity of annotated data and
limited generalizability across diverse surgical settings. This thesis therefore explores 2D skeleton-
based temporal segmentation as a privacy-preserving and data-efficient alternative to conventional
RGB-based methods. Using the CAG-skeleton dataset, which consists of pose sequences extracted
from external cardiac angiography (CAG) recordings, the study investigates various model architec-
tures and limited supervision strategies for identifying 14 procedural phases.

A two-stage framework, combining a skeleton-based feature extractor with a temporal model, was
adopted. A review and comparison of proven models revealed combinations of PR-GCN or MS-G3D
feature extractors with LSTM or TCN temporal models to hold the most promise in the low-data med-
ical domain. After training all combinations on low-data subsets of the CAG-skeleton dataset, it was
found that all models outperformed a non-learning baseline model, which always predicts the mean
procedure. Between the learning models, clip-wise segmentation accuracy differences held no sta-
tistical significance, but LSTM-based models showed a statistically significant superior understanding
of sequential order. Considering both sequential metrics and computational efficiency, the PR-GCN +
LSTM combination was selected for extensive evaluation, achieving a clip-wise segmentation accuracy
of 83.95% when trained on 146 CAG procedures.

To further address the data scarcity challenge, two limited supervision approaches were explored.
Transfer learning using the Kinetics-skeleton dataset showed no statistically significant performance
gains, suggesting that the knowledge learned from Kinetics-skeleton does not effectively transfer to
the surgical domain, and/or that the information transferred is relatively easy for the model to learn
from scratch during training. In contrast, pseudo-labeling via class-balanced self-training showed great
potential for reducing annotation requirements as it provided consistent improvements to the models’
clip-wise segmentation accuracy in the low data regime.

Overall, this study introduces skeleton-based representation as a modality holding large potential for
medical temporal segmentation and highlights pseudo-labeling as an effective strategy for reducing
annotation requirements.
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1
Introduction

The increasing integration of machine learning into medical settings may transform how we understand,
analyze, and support operative workflows. [1] One promising application is the temporal segmentation
of medical videos, where every frame of a procedure video is automatically assigned to a specific
procedural segment. A procedural segment represents a defined part of the surgical workflow, which
can bemodeled at different levels of granularity, ranging from coarse phases that describe major stages
of the procedure, to intermediate steps and fine-grained actions such as grasping, cutting, or suturing.

To illustrate this concept in a real-world clinical context, Figure 1.1 presents an overview of a cardiac
angiography (CAG) procedure recorded with an external camera. The figure demonstrates how a
procedure can be divided into distinct phases, each corresponding to a specific stage in the workflow.

If reliable temporal segmentation systems were deployed in clinical practice, they could directly improve
patient outcomes and healthcare quality. For example, automatic action recognition could enable real-
time detection of complications, ensure adherence to safety protocols, provide immediate decision
support to clinicians, and enhance medical training by offering detailed feedback on performance. [1;2;3]
Moreover, by providing continuous contextual information about the current procedural phase, temporal
segmentation systems can serve as the basis for context-aware robotic assistance systems, enabling
robots to anticipate upcoming steps and support surgeons in a timely and task-specific manner. [4;5] In a
broader societal context, these systems hold the potential to increase patient safety, shorten operative
times, and reduce hospital costs through improved efficiency and workflow optimization. [6;4]

Despite this promise, temporal segmentation methods remain absent in clinical practice. The primary
obstacles are twofold: a lack of generalizability across diverse real-world medical environments and
the scarcity of annotated medical video data. [7;8] Addressing these limitations is essential if temporal
segmentation is to transition from experimental settings to robust, real-world clinical deployment.

A core requirement for medical temporal segmentation systems is the ability to generalize across di-
verse clinical contexts. Models that succeed only in highly specific clinical contexts offer limited practical
value. To be clinically viable, generalization must be achieved on multiple levels:

• Patients: Models must work for individuals of different body types, ages, genders, and skin tones.
A system that only functions on data from fit or light-skinned patients risks introducing inequities
in healthcare delivery.

• Surgeons: Surgeons may follow different habits when executing the same procedure. For in-
stance, one surgeon may consistently perform a specific movement before transferring to a new
phase, while another may not. Models that overfit to these individual patterns risk failing in broader
clinical use.

• Operating room environments: Hospitals differ in the layout of operating rooms, the positioning
of cameras, and the equipment used. Variations in patient attire, surgical instruments, or imaging

1
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