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Summary
Modern healthcare struggles as the population ages and personnel be-
comes more scarce. Operating rooms (ORs) need to adhere to strict
standards and present a major cost for hospitals. Safety of the patient
should always be the main concern, and wellbeing of the staff must not
be forgotten. Patients have to deal with emotional hardship, delays, and
sometimes rescheduling of their treatment. Healthcare professionals ex-
perience high workloads due to personnel shortages, culture and new
technologies changing the working environment. Hospital management
is confronted with the resulting high turnover rates, whilst serving soci-
ety with their limited available resources.

Efforts are made to improve this situation by assisting hospital employ-
ees in their work. New tools can ease tasks, and make them more ef�-
cient or safer. Alternatively, �nding and teaching optimal ways of work-
ing improves work�ow ef�ciency. The desired outcome is to compensate
personnel shortages by decreasing the load on employees, whilst main-
taining availability and quality of care.

Supportive healthcare tools are often implemented using technology.
For example, arti�cial intelligence (AI) helps �nd disease in medical imag-
ing, and may assist procedure planning. Devices enable e.g. clear X-Ray
imaging with minimal radiation, and steady robotic surgery. However,
technological changes to the perioperative setting can burden health-
care professionals in some situations. Beside the patient, they now need
to pay attention to these devices. Malfunctions can delay procedures,
cause risks for the patient, and induce stress in the staff.

Education through work�ow analysis- and optimisation presents an un-
intrusive path to ef�ciency improvements. Where process optimisation is
already mature in industry, these techniques do not translate directly to
hospitals. Healthcare tasks cannot be divided and simpli�ed as in some
industries, and every patient has unique needs. However, knowledge-
based feedback and support can still be bene�cial. Analysing on scale
how specialists work allows to extract best practices for safety, ef�ciency
and wellbeing. For example, work�ow insights can reveal optimal proce-
dure scheduling, approaches to a work�ow phase, adaptation to different
patients, and use of new technologies. A current challenge therefore is
to formulate scalable work�ow analysis methods in hospitals.

Automation through algorithms is a promising tool for scalable work-
�ow analysis, where recorded data from the OR can be translated to
work�ow metrics. Available datastreams include (monitoring) videos,

xix



xx Summary

device logs, and diagnostic measurements. Differences in protocol and
work�ow preference between hospitals and medical teams present dif-
�culties. Perioperative work�ow analysis must be robust against such
variability, recognising relevant patterns regardless of the team or OR.
One technology that excels at such robust pattern recognition is deep
learning.

Datastreams from the OR present a tradeoff between scope and gen-
eralisability. For example, devices may keep logs, which generalise well
between ORs, but have a small scope as only device usage is recorded.
Although monitoring videos generalise poorly due to visually unique ORs
and viewpoints, their view of the whole room yields a large scope. This
dissertation investigates the use of monitoring videos for generalisable
work�ow analysis. Cameras were mounted on the ceiling in a cardiac
catheterisation laboratory (Cath Lab) and several ORs. The Cath Lab
is a special OR for minimally invasive cardiac interventions, which high
level of standardisation presents opportunities for explorative work�ow
study. Videos of several hundreds of real interventional procedures were
recorded. Computer vision (CV) algorithms were used to extract visual-
and work�ow features.

Part I of this dissertation investigates the extraction of visual features
from video data. It tests several CV techniques, describing the chal-
lenges of each within the complex environment of the Cath Lab. CV is
complicated by occlusion and re�ections, which are abundant in the Cath
Lab and ORs. In addition, the sterile clothes that are worn make individ-
uals dif�cult to distinguish. Camera systems bottleneck performance,
as synchronisation, sensor noise, and lighting adaptivity leave room for
improvement. Generalisability, although desired for the deployment of
systems across rooms and hospitals, proves a major challenge. Not many
training data are available, viewpoints vary between rooms, and hospi-
tals use different versions of the same object. Viewpoint-dependence can
be mitigated by integrating information from multiple calibrated cam-
eras. Although work exists on generalisable feature extraction, in this
dissertation it was decided to use human poses, which generalise rela-
tively well.

Part II continues with work�ow feature extraction from detected hu-
man poses. It is investigated how speci�c movements of individuals or
teams indicate work�ow events. Although the used method yielded no
usable work�ow event detector, results suggested that movements of
different bodyparts indeed signal different aspects of work�ow. Another
approach classi�ed personnel actions by thresholding their position and
speed. Work�ow differences were measured between procedures with
varying involvement of technology. Although both these investigations
are exploratory, they demonstrate the potential of context-aware sys-
tems which may understand- and collaborate with the staff.



Samenvatting
De gezondheidszorg kampt met een vergrijzende populatie en perso-
neelsschaarste. Operatiekamers (OKs) moeten voldoen aan strenge ei-
sen en zijn een grote kostenpost. De veiligheid van de patiºnt is altijd
de hoogste prioriteit, en het welzijn van werknemers mag niet worden
overzien. Patiºnten krijgen te maken met confronterende emoties, ver-
tragingen, en soms het verschuiven van hun behandeling. Zorgverleners
ervaren hoge werkdruk door personeelstekorten, werkcultuur en het ver-
anderen van hun werkomgeving door nieuwe techniek. Het ziekenhuis-
bestuur krijgt te maken met de resulterende hoge circulatie van perso-
neel, terwijl ze de maatschappij dient met beperkte middelen.

Er wordt getracht deze situatie te verbeteren door ziekenhuispersoneel
ondersteunende hulpmiddelen te bieden. Deze hulpmiddelen kunnen ta-
ken vergemakkelijken, en ef�ciºnter of veiliger maken. Ook het vinden
en instrueren van optimale werkwijzen verbetert de ef�ciºntie. Het eind-
doel is om personeelstekorten te compenseren door de werkdruk op het
personeel te verlagen, terwijl de beschikbaarheid en kwaliteit van de
zorg behouden blijven.

Hulpmiddelen in de zorg worden vaak geïmplementeerd met technolo-
gie. Zo kan kunstmatige intelligentie (KI) helpen bij het vinden van ziek-
tes in medische beelden of het plannen van behandelingen. Moderne
apparaten maken scherpe Röntgen beelden met minimale bestraling, of
faciliteren stabiele robotoperaties. Echter maken nieuwe technieken het
zorgverleners soms lastig in de OK. Naast de patiºnt moeten ze zich nu
bezig houden met machines. Storingen kunnen interventies verlengen,
risico’s veroorzaken voor de patiºnt, en leiden tot stress bij personeel.

Het analyseren van werkwijze voor opleidingsdoeleinden belooft ver-
beterde ef�ciºntie, zonder de behandelomgeving te veranderen. Waar
procesoptimalisatie al volwassen is binnen de industrie, is dit niet direct
toepasbaar in ziekenhuizen. Zorgtaken zijn niet makkelijk te verdelen
en versimpelen zoals in sommige industriºn, en elke patiºnt heeft diens
eigen behoeften. Door inzicht gedreven feedback en ondersteuning zijn
echter nog steeds wenselijk. Door op schaal te analyseren hoe experts
te werk gaan kunnen optimale werkwijzen gevonden worden voor veilig-
heid, ef�ciºntie en welzijn. Zulke inzichten onthullen bijvoorbeeld opti-
male plannings, de beste aanpak van een zorgtaak, aanpassingen per
type patiºnt, of correct gebruik van nieuwe techniek. Een uitdaging is nu
hierom het schaalbaar analyseren van werkwijze in ziekenhuizen.

Algorithmes kunnen data uit OKs schaalbaar analyseren, en vertalen
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naar metrieken voor werkwijze. Mogelijke datastromen omvatten (sur-
veillance) video’s, logboeken, en medische beelden. Verschillende pro-
tocollen, en voorkeuren van ziekenhuizen en behandelaars, bemoeilijken
analyses. Een algoritme moet onder deze variabiliteit nog steeds patro-
nen kunnen herkennen, ongeacht de OK of behandelaar. Een veelbelo-
vende techniek hiervoor is deep learning.

Datastromen uit de OK bieden een afweging tussen bereik en genera-
lisering. Sommige apparaten houden bijvoorbeeld logboeken bij, welke
goed generaliseren naar andere OKs met hetzelfde apparaat, maar be-
perkte informatie bevatten. Surveillance video’s generaliseren slecht
doordat elke OK en kijkhoek uniek is, maar ze zien wel alles dat gebeurt.
In deze dissertatie wordt het gebruik van surveillance voor het analy-
seren van werkwijze onderzocht. Hiervoor zijn camera’s opgehangen in
een hartkatheterisatiekamer (HKK) en meerdere OKs. De HKK is een
speciale OK, welke is ingericht voor minimaal invasieve hartdiagnostiek.
De hoge standaardisatie van deze ingrepen maakt de HKK erg geschikt
voor een verkennende studie naar werkwijze. Enkele honderden echte
interventies zijn ge�lmd. Computervisie (CV) algoritmes analyseerden
vervolgens deze beelden om informatie over werkwijze te verkrijgen.

Deel I van deze dissertatie onderzoekt het automatisch herkennen van
visuele patronen in video’s uit de HKK. Er worden meerdere CV me-
thodes getest, en uitdagingen in de HKK worden omschreven. Occlu-
sie en re�ecties, welke veel voorkomen in de HKK en OKs, bemoeilijken
CV. Steriele kleding maakt het moeilijk om personen te onderscheiden.
Camerasystemen begrenzen de prestaties door gebrekkige synchronisa-
tie, aanpassingsvermogen aan verlichting, en sensor ruis. Generaliseer-
bare systemen zouden helpen bij toepassingen op schaal, maar dit blijkt
een grote uitdaging. Beelden uit het ziekenhuis zijn slecht beschikbaar,
cameraperspectieven verschillen per HKK en OK, en ziekenhuizen ge-
bruiken verschillende versies van dezelfde objecten. De afhankelijkheid
van cameraperspectief wordt opgelost door informatie uit meerdere ca-
mera’s te combineren. Ondanks bestaand onderzoek over generalisatie
in CV wordt in deze dissertatie besloten om enkel mensen te detecteren,
welke er vergelijkbaar uitzien in verschillende situaties.

In Deel II wordt werkwijze geanalyseerd aan de hand van gedetec-
teerde mensen. Er wordt onderzocht hoe speci�eke bewegingen van per-
sonen of teams informatie over werkwijze bevatten. De methode bleek
niet bruikbaar voor het classi�ceren van werkwijze, maar impliceerde
wel dat verschillende lichaamsdelen informatie bevatten over verschil-
lende aspecten van werkwijze. Een ander onderzoek classi�ceerde de
acties van personeel aan de hand van hun positie en bewegingssnel-
heid. Deze methode mat verschillen in werkwijze tussen procedures van
verschillende technische aard. Hoewel deze onderzoeken verkennend
waren, demonstreren ze de mogelijkheden van een context-bewust sys-
teem welke de acties van personeel begrijpt en met ze samenwerkt.
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Introduction
This chapter serves as background for the rest of the book. A brief
overview is presented on the history of process optimisation, cardiac
catheterisation and machine learning. For each of these topics, their
origin, development, and current status are discussed. The inner
workings of machine learning and deep learning, and their application
to computer vision, are brie�y addressed. The chapter concludes with
the research question and its subquestions, that the rest of this book
aims to answer.
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P ersonnel shortages and growing demands in healthcare have been
worldwide challenges for years [1]. This situation leads to limited

or unequal availability of care, and a rising workload among healthcare
professionals [2]. In the year 2020, the global health workforce shortage
was estimated at 15.4 million workers [1]. Developed countries source
healthcare professionals from developing countries as a temporary
remedy. This contributes to 47 % of global healthcare being reserved to
22 % of the world population in 2020. Although the healthcare workforce
is expected to grow in the short term, one third of current medical
doctors are expected to retire within �fteen years [3]. Healthcare
shortages and the resulting delays cause emotional distress and anxiety
in patients [4]. Resulting patient hostility and high workloads cause
feelings of anger, frustration, anxiety and worry in healthcare workers
[5]. This has been known to negatively affect care quality, delays,
job satisfaction, and to induce risk avoidance through e.g. redundant
treatment and overprescription.

Proposed solutions to healthcare workload shortages include the
education and recruitment of additional staff, or the development of
tools to assist them in their work. The latter approach has been pursued
through new technologies and process optimisation [6]. Effective
assistance with medical tasks reduces staff workload, and improves the
safety and ef�ciency of patient care. However, hospitals and operating
rooms are a complex environment. New technologies may have
unforeseen effects on the staff or patient, which should be investigated
before their implementation.

Recently, arti�cial intelligence (AI) has received much attention as
a healthcare support tool [7]. The history and implementations of AI
are further discussed in section 1.3. AI has assisted with diagnosis,
medical imaging, hospital management, work�ow analysis, and even
communication with patients. However, it is important to be aware of
its limitations. AI reasoning is fundamentally different from that of a
human being. It does not have the ability to adapt to new, unexpected
situations that it never encountered during training. Therefore, in
its current state, AI cannot be relied upon as an independent agent.
Rather, its role should be to assist medical staff, providing insights and
suggestions. The responsibility for patient care must remain in the
hands of healthcare professionals.

This dissertation concerns the use of AI for work�ow analysis in
the cardiac catheterisation laboratory (Cath Lab) and other operating
rooms. Speci�cally, monitoring footage is analysed to obtain work�ow
information. The background provided in this �rst chapter lays the
foundation for the rest of the book. Section 1.1 starts with a brief history
of work�ow optimisation in industry, and its extension to healthcare.
Industry and healthcare pursue different goals, and their consequently
different work�ow requirements are emphasised. Work�ow is relatively
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well-de�ned during cardiac catheterisation in the Cath Lab, which is
described in section 1.2. Before considering the application of AI to
work�ow analysis in the Cath Lab and other operating rooms, it is
important to understand its basic inner workings. To this end, section 1.3
provides a brief summary of the fundamentals of AI, and its applications
in healthcare. Deep learning is addressed in particular, as this is the
state-of-the-art approach to AI at the time of writing. AI for surgical
monitoring and work�ow analysis are highlighted, as this application is
the major focus of this dissertation. Section 1.4 concludes this chapter
by stating the research question and subquestions, that the rest of this
work aims to answer.

1.1. Process optimisation
�The great doesn’t happen through impulse alone,
and is a succession of little things that are brought
together.� [8]

Running a steel production workshop around 1878, F. W. Taylor
hypothesised that the work could be streamlined through study
and organisation [9]. His ‘scienti�c management’ divided complex
tasks into simpler jobs, separated planning from execution, and it
centralised knowledge and decision-making [10]. H. L. Gantt�his
assistant�promoted positive incentive, employee responsibility, and job
satisfaction [11, 12]. In the 1910s, H. Ford proposed the assembly line
to standardise tasks and work pace in his automotive company [13].
Several process optimisation methods evolved in industry afterwards
[14]. Two popular methods are Lean and Six Sigma, which reduce
process waste and variability since the 1980s.

Taylorism was brought into healthcare in the 1930s by dividing
responsibilities within the nurse profession [15]. By 1952 nursing
practice was standardised across the United States. In the 60s
and 70s, hospitals started standardising procedures (inter)nationally to
ensure similar outcomes in every hospital [16]. Lean Six Sigma was
�rst implemented in healthcare in a Dutch hospital in 2005 [17]. A
variety of studies followed, demonstrating increased patient capacity
and satisfaction, and reduced prescription errors, administrative tasks,
and waiting times [18]. The COVID-19 pandemic from 2019 to 2023
increased hospital workloads drastically, renewing interest in healthcare
process optimisation and Lean Six Sigma [18�20]. Research shifts more
and more towards task automation and support systems [19]. Simulation
is used to analyse and optimise processes�possibly using AI�before
applying changes in practice [21, 22]. Results yield improvements
in scheduling, perioperative work�ow, OR performance metrics, and
hospital �ows.
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Advocates and critics of process optimisation in healthcare debate the
added value and effects on personal care, �exibility and job satisfaction
[23, 24]. Indeed, healthcare is very different from industry. The main
challenge therefore is to improve healthcare processes in a way that
does not negatively affect the quality and availability of care.

1.1.1. Interventional work�ow
Hospitals are very different from industry, where process optimisation
initially developed. Unlike some industrial production processes, patient
care in operating rooms is a nonlinear and complex process that revolves
around human beings. Patient safety and comfort must remain the
top priority at all times. Hospitals and staff initially demonstrated
hesitation towards interventional work�ow optimisation, as attempted
industrialisation of healthcare was a feared side effect.

Over time, rising demands from an aging society and personnel
shortages motivated acceptance and appreciation of medical process
engineering. Work�ow optimisations in hospitals and healthcare can be
introduced under the strict constraints that patient safety and comfort
do not suffer. Hospitals started adopting work�ow optimisation using
e.g. Lean Six Sigma to increase care ef�ciency and safety [6, 19].
Process optimisations were studied in procedure planning and during
procedures in the operation room, which has a large �nancial footprint
compared to other hospital departments.

Medical interventions, staff, and patients can be highly variable,
with unpredictable emergencies and complications. Measuring and
understanding interventional work�ow at scale is an active �eld of
research [25, 26]. Sensors include radio-frequency trackers, kinematic
sensors, and (monitoring or in vivo) cameras. Algorithms extract
work�ow information from measurements. AI has been applied to
help with e.g. screening and diagnosis, steadiness of robotic surgery,
and presenting important sensor information to healthcare professionals
during surgery [27]. However, truly automated perioperative contextual
understanding is still far away.

The high variability and many edge cases within surgeries complicate
the development of experimental work�ow analysis systems. For such
pilot studies, it is useful to start in a stable environment with little
deviation from protocol. A well-de�ned procedure with little risk of
complications is the coronary angiogram (CAG) [28]. During a CAG, heart
problems are revealed by administering a contrast �uid and making
X-ray recordings. This diagnostic cardiac intervention is carried out in a
specialised operating room: the cardiac catheterisation laboratory (Cath
Lab).
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1.2. The cardiac catheterisation laboratory
�The catheterisation laboratory today combines [car-
diac] diagnosis and therapeutics, through various
imaging modalities and a proli�c list of interven-
tional tools.� [29]

In 1929, W. Forssmann�a small-town general practitioner�got
obsessed with the idea of administering medicine directly into the
heart [30]. He guided a urological catheter to the right atrium of
his own heart through the brachial vein, which starts near the inner
elbow [31]. A brief overview of the heart atonomy is presented
in �g. 1.1, and explained more thoroughly in [32, Chapter 16.1].

Figure 1.1.: A schematic of the heart [32, Chapter 16.1]. Deoxygenated
blood arrives through the venae cavae into the right atrium. The blood
is pumped through the right ventrical and the pulmonary arteries to the
lungs. Freshly oxygenated blood arrives through the pulmonary veins
into the left atrium, and is pumped through the left ventricle into the
aorta. The aorta branches off to transport oxygenated blood throughout
the body. Coronary arteries (not shown) also branch from the aorta to
supply the heart muscle with oxygenated blood. (attribution: [32] '
Rice University, OpenStax under CC BY 4.0 license)

Inspired by Forssmann, the �rst ever Cath Lab was opened in 1945
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Figure 1.2.: The Cath Lab of the Reinier de Graaf Gasthuis hospital, Delft,
NL. Cath Lab equipment is marked: 1) the operating table, 2) the X-ray
device, 3) the monitor, 4) the C-arm, 5) the control panel, and 6) the
lead shield.

by A. Cournand and D. W. Richards [33]. They designed catheters
speci�cally for cardiovascular interventions [34]. Right�and later left�
heart catheterisation became well-documented. Repeated attempts
to catheterise the coronary arteries�which supply the heart muscle
itself with oxygened blood�remained risky [35]. In 1958, F. M. Sones
accidentally administered contrast �uid into the right coronary artery
during an aortic catheterisation. Sones’ method was born [36], and still
forms the basis of CAGs today.

Sones continued to research optimal CAG protocols, and collaborated
with Philips North America to develop CAG-speci�c imaging equipment
[35]. Innovations to robotically move the patient and X-ray device
enabled convenient imaging from different angles. The introduction of
X-ray video recordings enabled computer-assisted analysis and decision
making in the 1980s: quantitative CAG [37].

Innovations in the 2000s yielded new imaging methods and improved
image quality [29, 38]. The 2010s saw an shift of attention
towards radiation-safety [39] and data processing [29, 37, 38].
Personnel radiation exposure was reduced through e.g. shielding,
X-ray beamforming, image enhancement, education, and robotic
catheterisation. AI developments in the 2020s enabled e.g. multimodal
imaging, patient-speci�c 3D modelling of the heart, and blood �ow
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simulation for risk prevention. Real-time image analysis and (virtual
reality) overlays are currently under investigation to provide guidance
during catheterisation.

A modern Cath Lab is shown in �g. 1.2. During a procedure, the
patient is placed on the mobile operating table. The X-ray system
records images, which are displayed on the monitor. The X-ray source
and detector are mounted on a C-arm, which can move and rotate to
enable imaging from different angles. The operating table, X-ray source,
and C-arm are all controlled by the cardiologist or the technician using
a control panel. A mobile lead shield protects staff from radiation. In
addition, protective clothing is often worn such as shielding aprons,
collars and glasses.

During an intervention, the cardiologist, a scrub nurse, and several
assistants are in the room. The assistants bring and prepare the patient
before the procedure starts. The staff prepares the necessary sedative,
catheter, sheets and instruments. The patient is normally awake, but
slightly sedated during the procedure. After sedative is administered,
the cardiologist carries out the procedure, controlling the table, C-arm,
and X-ray. The scrub nurse stays in the room to provide support, whilst
remaining staff observes from the radiation-safe control room. The
cardiologist and scrub nurse communicate with the patient to ensure
their wellbeing during the procedure. The vitals of the patient are
closely monitored in real time on the monitor and within the control
room. After the procedure, the assistants re-enter to escort the patient
to the recovery area.

1.2.1. The coronary angiogram
The purpose of the CAG is to identify obstruction or narrowing of the
coronary arteries, which supply the heart muscle with oxygen and other
nutrients. First, a sedative is administered to comfort the patient. A
catheter is inserted by direct puncture into the radial artery of the
wrist, and guided through the aorta into a coronary artery. If the radial
artery is too narrow or curved to guide the catheter, access is realised
through a puncture of the femoral artery in the groin. Contrast �uid is
administered through the catheter directly into the vascular structures
of the heart. This �uid reveals the condition of cardiac blood vessels
in X-ray images. Thus, vessel obstructions by atherosclerosis or blood
clots can be observed. This process is repeated for the left- and right
coronary arteries. Finally, the catheter is retracted and the entry wound
is closed.

As discussed, the last ten years have shown increasing applications
of AI in the Cath Lab, during CAGs and other procedures. Its value
becomes especially apparent in fast and high-quality image processing,
enabling sophisticated real-time support and assisted diagnostics. The
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following section explains the basics of AI, and ends with some recent
applications in healthcare.

1.3. Arti�cial intelligence
�Arti�cial intelligence (AI) is technology that en-
ables computers and machines to simulate human
learning, comprehension, problem solving, decision
making, creativity and autonomy.� [40]

There are many possible ways to implement AI. For example in
classical programming, a human provides a computer with a strict set
of instructions. Given an input, the computer will execute this program
exactly and produce the result. Not all problems are easily solved
this way because not all problems have a known, ef�cient algorithmic
description. For example, consider the case where an image needs to be
described using a single word. How does one formulate a solution, that
holds under a vast variation of object appearances, lighting conditions,
camera properties, and viewpoints?

Machine learning (ML) reversed the paradigm. A human provides
a set of input-output examples, without specifying their algorithmic
relation. In the example above, this would be a set of images with
corresponding single-word captions. A machine learns an algorithm
by itself, from these examples. Such an algorithm often extracts and
re�nes ‘features’: descriptions of the input data on varying levels
of detail. Low-level features are combined into higher-level features
in a number of steps. The human designer imposes constraints�an
‘architecture’�within which the machine is free to explore solutions.
After learning, the machine should be able to generate accurate outputs
for inputs it has never seen before.

ML is used to solve problems that could not be solved�or could not be
solved ef�ciently�by classical programming. Each ML algorithm solves
one speci�c task, such as recognising images, transcripting speech,
designing chemical compounds, or driving cars [41]. ML is made
possible by the vast amounts of annotated data generated by modern
society [42]. Neither classical- nor ML algorithms are superior to the
other; the best approach depends entirely on the problem that one is
trying to solve.

1.3.1. Deep learning
Many ML methods exist, such as support vector machines, logistic
regression, and random forests [43]. However, one stands out in
terms of learning capabilities: the neural network (NN) [41, 44]. NNs
are loosely based on the operation of the brain, where many simple,
interconnected ‘neurons’ form a complex network.
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(a) Schematic of a single perceptron
neuron. Its transfer function is shown
for input vector �, weight vector �,
bias �, and activation function g.

(b) A single-layer perceptron with four
neurons. The weights and activation
function of �g. 1.3a are present for
each neuron, but omitted in this
illustration. In the shown transfer
function, matrix * and vector �
combine the weights and biases of all
neurons.

(c) A multi-layer perceptron with one ‘hidden’ layer and one output layer.
The �rst layer has �ve neurons, and the second has four.

Figure 1.3.: The �rst steps of neural network development. Perceptrons
that share the same inputs collaborate in ‘layers’ to form vector outputs.
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(a) The forward pass. Given an input � and corresponding annotation �,
the network computes an output @. The loss function L computes the
dissimilarity between @ and �. During the forward pass, the output and
gradients of each layer !? with respect to its input and parameters are
computed numerically.

(b) The backward pass. The numerical gradient of the loss function with
respect to @ is ‘backpropagated’ to obtain the gradient with respect to
�. In each layer ?, the chain rule is applied to obtain #@?��L(@��) =
#@?��!?(@?����?)#@?L(@��) and #�?L(@��) = #�?!?(@?����?)#@?L(@��).
The gradients for all layers combine into #�L(@��).

Figure 1.4.: Backpropagation in a two-layer NN, to �nd the numerical
gradient of the loss function L with respect to the network parameters
�. Each layer performs an arbitrary, differentiable vector operation,
such as the SLP function of �g. 1.3b. The function applied by layer ?
is denoted as !?(���?), where � is the layer input and �? the layer
parameters. The parameters of all layers together form �.
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The idea of simulating a neuron was �rst proposed by W. S.
McCulloch�a psychologist�and W. Pitts�a logician�in 1943 [45].
In 1958, psychologist F. Rosenblatt generalised their idea to the
‘perceptron’ [46], which had the ability to learn from data and forms
the basis of NNs today. A perceptron�visualised in �g. 1.3a�computes
the weighted sum of multiple inputs and adds a bias, before applying a
nonlinear activation function [47]. This simulates the �ring of a neuron.

Perceptrons produce a single scalar output. By arranging multiple
perceptrons as in �g. 1.3b, Rosenblatt realised multiple outputs. This
arrangement is called the ‘single-layer perceptron’ (SLP). As the SLP
transfer function is trivial to differentiate, optimal weights and biases
could be found through gradient-based optimisation on training data.

Many data contain relations that cannot be modelled using a single
linear- and nonlinear vector operation. Rosenblatt published a solution
in 1962 [48] with the multi-layer perceptron (MLP), shown in �g. 1.3c. A
MLP applies several SLPs consecutively. Here, each SLP is referred to as
a network ‘layer’. The universal approximation theorem [49] proves that
MLPs can approximate any continuous function with arbitrary accuracy,
on a �nite input domain. However, they often do so in a memory- or
computation-inef�cient way, justifying exploration of non-SLP layers for
speci�c problems [41, 44]. Referring to multi-layer networks as ‘deep’,
the �eld of NNs was named deep learning.

The process of training aims to �nd a set of weights and biases�the
parameters�that lets the network approximate a desired input-output
relation. This is achieved by minimising a loss function, which measures
the difference between produced- and desired network outputs [50].
The backpropagation method�popularised by two psychologists and
a computer scientist�enabled gradient-based training of any neural
network architecture [51]. As visualised in �g. 1.4, it uses the chain
rule to numerically obtain derivatives of a loss function with respect to
the network parameters. The parameters are updated by an optimiser
algorithm using these derivatives [52]. This numerical optimisation
is affected by noise and bias from the training dataset. Additionally,
loss functions contain low-gradient regions at non-optimal parameters,
halting further optimisation. These effects are mitigated by e.g.
averaging gradients over multiple data samples (batch training), large
datasets, and carefully designed network architecture, loss functions,
and optimisers.

Deep learning was held back by computer hardware limitations and
data availability [42]. It took until the 2010s for deep learning
implementations to become widespread. In 2012, AlexNet [53]�
implemented ef�ciently on a graphical processing unit (GPU)�presented
a major step in image classi�cation technology. Since then, NNs have
dominated the �eld of computer vision, and their development has only
accelerated. In healthcare, too, NNs are applied for various purposes.
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1.3.2. Neural networks in healthcare
Deep learning has numerous applications in healthcare. NNs analyse
medical images and records, helping with fast and accurate diagnoses
or anomaly detection [7, 41, 43]. They have been applied to recognise
signs of disease early on. Generation of synthetic medical images
serves educational purposes. Deep learning enables virtual patient care,
where patients are monitored using (wearable) technology and receive
automated health recommendations. NNs assist in the development of
new medication, e.g. by analysing viral proteins or modelling biological
processes. They enhance precision during (remote) robotic surgeries
[27].

NNs are applied to surgical work�ow analysis as well [19, 26]. Here,
the main aim is to detect surgical work�ow phases and actions at
varying granulatities. Laparoscopic videos are the most popular input
feature because of their intrinsically rich information [54]. Other inputs
such as medical imaging, audio, speech transcriptions, device logbooks,
positioning sensors and tool usage have been used as well, albeit less
succesfully. Another promising input is monitoring, i.e., surveillance
video, recording procedures from a distance [55, 56]. Here, depth-
and/or multiview camera systems are popular. Several studies focus
on personnel pose detection, where 3D poses are preferred for their
generalisability and robustness against occlusion [57, 58]. References
[59�61] made the �rst steps towards surgical work�ow analysis from
these human pose data. In this dissertation, the optimal ways to
analyse surgical monitoring footage�and their applications to work�ow
analysis�are explored.

1.4. Research question
The main question this dissertation aims to answer is:

�How can we extract work�ow information from Cath
Lab monitoring video footage, and use it to improve
interventional ef�ciency?�

This research question is divided into the following subquestions:

1.4.1. Which computer vision technologies can be applied
for Cath Lab monitoring?

Automated perioperative video monitoring is a relatively new �eld. To a
computer, a video is nothing more than a collection of pixels without
structure or meaning. Therefore, algorithms need to extract meaningful
‘features’ from video data, creating structure such that computers can
understand an image. Chapter 2 provides an overview of popular
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computer vision methods, and reviews work on their application in Cath
Labs and ORs.

1.4.2. Which 2D human pose estimator performs best within
the visual complexity of the Cath Lab?

Cath Labs and ORs present speci�c challenges such as occlusion,
re�ections, and varying lighting conditions. Computer vision algorithms
designed for general conditions cannot be assumed to perform in the
Cath Lab. In work�ow analysis, the position and pose of personnel can
be a valuable source of information. Chapter 3 benchmarks methods for
2D human pose estimation in the Cath Lab. Cath Lab-speci�c challenges
are highlighted, and an algorithm is recommended that performs best
within these constraints.

1.4.3. How to reidentify persons in the Cath Lab?
Detecting persons in still images provides no information on their
motion over time. For this, it is necessary to reidentify individuals on
different video frames. Challenges from chapter 3�sterile clothing in
particular�complicate this computer vision task in the Cath Lab. A
solution is explored in chapter 4.

1.4.4. Which aspects of motion are most descriptive of Cath
Lab work�ow?

Personnel motion in the Cath Lab can be an input feature to work�ow
analysis. Chapter 5 explores work�ow phase classi�cation from this
feature. Different methods present a tradeoff between performance and
interpretability. To analyse the work�ow information offered by motion of
different body parts, a method is chosen that prioritises interpretability.

1.4.5. How can personnel actions be classi�ed in the OR?
An alternative to the complex motion analysis in chapter 5 is to infer
actions simply from personnel positions. Chapter 6 uses this approach
for a binary classi�cation of personnel actions in the OR. Here, pose
detections are used to compensate for camera perspective. Results are
discussed in the light of work�ow phase- or event analysis.

Answers to these questions, and their implications, are discussed in
chapter 7.
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ComputerVisioninthe
CardiacCatheterisation

Laboratory

Work�ow insights can improve ef�ciency and safety in the Cardiac
Catheterization Laboratory (Cath Lab). As manual analysis is labor-
intensive, we aim for automation through camera monitoring. Automated
work�ow analysis from monitoring footage requires computers to ‘see’
into the room. This chapter explores several computer vision techniques
to recognise objects and persons in cardiac catheterisation laboratories
and operating rooms. Besides the detection methods, generalisation to
different rooms and viewpoints is considered. A pipeline is proposed
that uses camera calibrations to detect persons in three-dimensional
space. Most objects were detected with an average precision above
0.9, although small objects yielded scores down to 0.72. When training
and testing on different datasets, all average precision scores dropped,
depending on the room and object. Cameras were calibrated with a
Euclidean distance error of 32.8 mm. 2D human poses were triangulated
to 3D with a Euclidean distance error of at most 76.5 mm. The proposed
pipeline yields promising results, although it generalises poorly. For
scalable applications, personnel and the display were most reliably
detected accross interventional rooms. Calibration and triangulation
worked well, but required a new annotated dataset for each new room.
Therefore, for scalability, 2D human poses seem to be the most reliable
feature to work with.

Parts of this chapter were published in Symp. Inf. Theory Signal Process. Benelux.
(2022), ' WIC [1],
Int. Conf. Acoust. Speech, Signal Process. (2023), ' IEEE [2], and
IEEE Int. Workshop Med. Meas. Appl. (2024), ' IEEE [3].
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(a) Reinier (b) Philips

Figure 2.1.: Top-down recording setups in two Cath Labs. Camera
positions and entrances are shown. The operating table, C-arm and
cardiologist are drawn schematically for reference.

P ublic hospitals have been coping with increasing operational costs
and personnel shortages for years [4, 5]. Resulting stress on the

healthcare system increases patient waiting times, personnel workload
and, as a result, operational costs for the hospital. Operating Rooms
(ORs) represent a major expense for hospitals to operate. Methods
to decrease costs and workload are an active topic of research. One
approach in literature is to focus on procedure- and turnover ef�ciency
[6]. Identifying and teaching good work�ow practices could improve
ef�ciency and cost-effectiveness whilst maintaining or decreasing
workload [7, 8].

The identi�cation of best intraoperative work�ow practices requires
extensive observations to be made during procedures. To get good
coverage of work�ow practices, one needs to make observations for
different surgical teams or in multiple hospitals. The large amount of
manual labour this entails calls for a more easily applicable solution that
is generalisable. Automatic analysis through computer algorithms could
achieve this.

Work�ow analysis algorithms need datastreams from the OR that
contain work�ow information. Examples are measurements from
sensors, medical imaging, and patient records [9]. None of the above
provide information during the entire procedure. An explorative solution
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is to use computer vision (CV) in a monitoring setup. Cameras can
be mounted in the OR, recording procedures from a distance. CV can
extract descriptive features from the images, providing input for further
processing or analysis.

Neural Networks (NNs) have proven to be an effective tool for image
analysis. Convolutional NNs have kickstarted a revolution in CV [10].
Low-level image features are extracted and combined into higher-level
features over a number of steps. The resulting highest-level features
are used to make a prediction, based on the speci�c task the NN was
designed to do. A NN is trained to extract descriptive features based
on its task by showing it examples from an annotated dataset like [11].
After training, when shown an unseen image, a well-trained NN is often
able to predict a �tting annotation. The NN model structure, dataset,
and annotations dictate the task that it will be able to perform.

ORs present unique visual challenges such as clutter, re�ections,
and occlusion during procedures. Due to privacy regulations, such
environments are scarcely represented in public datasets. At the time
of writing, the only public dataset with real surgeries we are aware of
is MVOR [12]. It is not guaranteed that algorithms developed for more
general situations still perform well in the OR.

Reference [13] investigates 3D human pose estimation from multi-
view OR videos by directly optimising a 3D loss function, yielding a
strong dependence on the camera system. This non-generalisability is
partially solved in [14], which performs 2D- and 3D pose regression
separately. The NNs that this method employs for 3D regression,
though, need retraining for different camera systems and is therefore
not generalisable. Reference [15] implements unsupervised domain
adaptation by imposing geometric constraints, maintaining the need to
retrain but removing the requirement of new annotations. All these
methods assume that the camera system is calibrated, whereas in
practice cameras are often moved in ORs for various reasons.

This work summarises four research projects on (generalisable) object
detection, automated camera calibration, and human keypoint detection
in a clinical setting [1�3, 16�19]. Object detection and human keypoint
detection provide information about human actions and person-person
or person-object interactions during procedures. Calibration allows
detections from multiple synchronised viewpoints to be triangulated to
coordinates in three-dimensional space, mitigating the occlusion that
individual viewpoints suffer from. Automated periodic calibration makes
the method robust to cameras being moved, triangulating 3D poses is
generalisable to arbitrary calibrated camera systems without retraining.
This pilot takes place in several cardiac catheterisation laboratories
(Cath Labs): specialised ORs that are equipped for minimally invasive
interventional cardiac procedures [20]. Monitoring cameras were hung
in Cath Labs, as visualised in �g. 2.1. The combined result of the
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considered research projects is an algorithm that produces object- and
human pose locations in the Cath Lab, triangulated using automated
camera calibration [1].

2.1. Computer vision tasks
This section presents a set of object detection tasks and challenges
studied in literature. Sections 2.1.1 to 2.1.3 list methods to extract
information from images and video, which usually employ NNs.
Section 2.1.4 discusses the deployment of such methods in new
environments, that were not seen during training. The relation of
locations in images to different viewpoints or real-world coordinates is
discussed in sections 2.1.5 and 2.1.6.

2.1.1. Object detection

Input Output

Backbone Neck Head

Figure 2.2.: Architecture of a neural network for object detection. The
backbone extract features from input images at multiple levels of detail.
The neck aggregates these features from multiple levels. Finally, the
head produces bounding box predictions from the aggregated features.
In this example, the backbone consists of four neural network layers,
the neck of three, and the head can have any architecture.

An object detector aims to �nd the bounding box and class of all
objects in an image. Many modern object detectors are structured in
three consecutive parts [21], as visualised in �g. 2.2:

� The backbone extracts features from an input image, gradually
producing higher-level features in a sequence of processing steps.

� The neck aggregates low- and high-level backbone features.
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� The head predicts object bounding boxes and classes from the neck
output.

There are two approaches to the operation of the head. Two-stage
detectors �rst localise object bounding boxes, then classify each. One-
stage detectors perform localisation and classi�cation simultaneously.
Often, one-stage detectors are less accurate but faster, making them
more suitable for real-time applications.

A well-known one-stage object detector is You Only Look Once (YOLO)
[22]. This algorithm is a Convolutional Neural Network (CNN) that
divides an input image into a grid and predicts an object class and a
number of bounding boxes per grid cell. YOLO evolved through the
years, attracting increasing attention and making rapid speed- and
accuracy improvements [23].

CNNs use sliding windows to extract or re�ne feature maps, and
have dominated the �eld of CV. Later, Transformers were proposed [24],
which employ a self-attention mechanism to analyse relations within a
sequence. Representing an image as a sequence of smaller images
yielding the Vision Transformer (ViT) [25] for use in CV. In contrast to
CNNs, ViTs encode global relations and suppress features irrelevant to
the problem. Self-attention has been used in some iterations of YOLO
[23].

2.1.2. Pose detection
Physical object states like e.g. orientation or pose cannot be deduced
from bounding boxes. Pose- or landmark detection aims te detect a
set of pre-de�ned keypoints in objects [26]. For instance, [11] de�nes
seventeen keypoints that form a human pose: the nose, eyes, ears,
shoulders, elbows, wrists, hips, knees and ankles. We consider multi-
object pose detection, which makes no assumptions on the number of
objects in view. There are two common approaches to this:

� Top-down estimators apply an object detector to obtain object
bounding boxes. Within each bounding box, a heatmap is
generated for each keypoint class. Keypoints are regressed at the
maximum of their respective heatmap.

� Bottom-up estimators generate heatmaps over an entire image.
Different heatmaps encode e.g. the probability of keypoint
class presence, or information about present keypoint relations.
Information of all heatmaps is combined to place keypoints and
connect them into object poses.

Like object detectors, most pose detectors work on features extracted
with a backbone. These are re�ned to maps that encode e.g. the
probability that a keypoint or keypoint relation is present. Decoding
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such maps yields a set of objects and their poses. Many pose detectors
are CNNs, although Transformers have been applied as well.

2.1.3. Multi-object tracking
Objects and poses are detected in still images. In video, the same
object may appear on several frames. To analyse e.g. motion, it is
necessary to reidentify (ReID) these objects. Each detection is assigned
an identi�er (ID). If the same object is recognised on another frame, it is
assigned the same ID. This process is called multi-object tracking (MOT)
[27]. In this work, we refer to groups of detections with the same ID as
‘tracklets’.

Many MOT approaches are CNN-based [27]. Objects can be reidenti�ed
using any combination of:

� Motion features to extrapolate the next object position and see if it
overlaps a new detection.

� Visual features to evaluate if a detection visually resembles a
previously seen object.

� Temporal features to analyse visual changes between frames.

Occlusion and sterile clothing complicate the use of visual features for
MOT in the Cath Lab.

2.1.4. Domain shift
Machine Learning algorithms trained in one environment may not work
in another [28, 29]. This ‘domain shift’ manifests in various ways
[30, 31], such as covariate shift: when input data are not distributed
the same when training and applying the algorithm. Cath Labs show
covariate shift, e.g., when the same object looks different in two Cath
Labs, lighting is different, or different camera angles- or systems are
used [3].

Domain shift can be overcome with domain adaptation- or gen-
eralisation [28, 29]. Domain adaptation uses data from a new
environment to adapt an algorithm trained in another. Domain generali-
sation strives for domain-invariance by extracting general�rather than
domain-speci�c�features:

� Data manipulation augments or generates data to simulate many
domains during training.

� Representation learning separates features into domain-speci�c
and general components, e.g., by comparing features from multiple
domains (domain alignment).
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� Learning strategy teaches an algorithm general knowledge, e.g.,
by optimising an optimiser itself for this purpose (meta-learning)
[32].

2.1.5. Camera calibration
Camera calibration is the process of �nding camera properties that
de�ne how it records the world [33]. Camera parameters can be divided
into two groups:

� Intrinsics: the focal length and sensor offset relative to the lens,
both inherent to the camera.

� Extrinsics: The position and orientation of the camera with respect
to a global coordinate system.

Intrinsic parameters can be found using known calibration patterns.
Extrinsics can be estimated given the intrinsics, and a set of 2D image-
and 3D real-world coordinate correspondences. This is called the
Perspective-n-Point (PnP) problem. If cameras can move, it is necessary
to recalibrate extrinsics periodically. Placing permanent calibration
patterns in a clinical setting is not practical, so other reference points
should be used.

2.1.6. Camera geometry
Camera calibration provides a mapping between its 2D image coordi-
nates and 3D world coordinates. For instance, a point in the camera
image can be mapped onto a straight line in the real world [34]. If
the same point is seen from multiple calibrated cameras, its real-world
position can be inferred from such lines using triangulation. Also, a 2D
point in one camera view can be projected onto another as an ‘epipolar
line’.

In this work, we start by explaining the object detection, calibration
and human pose detection methods in section 2.2. Evaluation metrics
are described in the same section. section 2.3 shows the evaluation
outcomes, and their implications are discussed in section 2.4. Finally,
section 2.5 concludes the work.

2.2. Proposed pipeline
This section starts with an explanation of the recorded dataset in
section 2.2.1. Each remaining subsection explains a different part of the
image processing pipeline shown in �g. 2.3.

2.2.1. Datasets & annotations
Various datasets were used to train and evaluate CV algorithms.
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Object detection

Human pose tracking Keypoint detection

Camera calibrationTriangulation

Multi-view
video

Multi-view 2D
bounding boxes

Multi-view 2D
human pose tracklets Section 2.2.5

Multi-view 2D
keypoints Section 2.2.4

Camera
parameters

3D human pose
tracklets

Sections 2.2.2 and 2.2.3

Figure 2.3.: Pipeline for object bounding box detection, camera
calibration, and 3D human pose detection.
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Reinier

Table 2.1.: The number of annotated bounding boxes in videos of the
empty Reinier de Graaf Cath Lab and interventions, taken from [18].

Object Empty room Interventions
Cardiologist 0 2869
Assistant 961 7959
Patient 0 5578
Instrument table 434 5373
Operating table 800 7690
Control panel display 0 9075
Control panel buttons 0 7841
X-ray detector 818 6488
X-ray source 304 4540
Lead shield 484 10377
Radiation light 0 905
Monitor 991 4982

A dataset was recorded in the Cath Lab of the Reinier de Graaf
Gasthuis, Delft, NL, with four Axis M1125 and one Axis M3046-V
ceiling-mounted cameras. The recording setup is visualised in �g. 2.1a,
where the camera on the left wall is the M3046-V. The cameras record
video in a resolution of 1920 px Ö 1088 px at 25 frames per second (fps),
but were downsampled to 0.2 fps for annotation. Bounding boxes of
Cath Lab-speci�c objects were annotated by the authors of [18, 19]
from all viewpoints during three videos: one of the empty Cath Lab, and
two during real cardiac angiograms procedures. The video of the empty
Cath Lab contained 991 frames, and the remaining videos together
6218 frames. The total number of annotated bounding boxes is shown
in table 2.1.

Reinier Mobile
Another dataset was recorded in [2, 17] in the same Cath Lab, with
a mobile phone. Around each camera in the Reinier dataset, pictures
were taken of the room from sixteen angles. Bounding boxes, 2D image
keypoints, and corresponding 3D real-world keypoints were annotated
of �xed objects: the doors, windows, dresser, monitor, and a stretcher
hanging on the wall. The annotated keypoints were placed on object
corners and vertices.

Philips
One of the companies developing Cath Labs is Philips Healthcare, Best,
NL. Two mock procedures were recorded in a Cath Lab there, where
the roles of cardiologist, assistants and patient were played by Philips
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personnel. The recordings were shorter than those in the Reinier
dataset, and recorded with 25 fps. The same classes were annotated
as in the Reinier dataset by the author of [19], with the exception that
no distinction was made between the cardiologist and assistants. The
recording setup is shown in �g. 2.1b.

Online
Cath Lab images are available online, mostly for advertising purposes.
They are usually recorded from a low viewpoint, contrasting with
the ceiling-mounted cameras of the previously described datasets.
Wide-view cameras are often used to capture the complete Cath Lab,
introducing distortion. Online images show a wide range of different
Cath Labs with varying backgrounds and object appearances. A dataset
was composed in [19] by searching for ‘Catheterization Laboratory’ on
Google Images and Bing Images. Images that were blurry, damaged,
irrelevant to the query, or that had a resolution below 640 px Ö 480 px
were excluded. The resulting dataset was annotated like the previous
two sets. Compared to the Reinier and Philips sets, this online dataset
shows almost no cardiologists, assistants and patients.

Operating Room
Reference [35] published a dataset of mock procedures in an operating
room. Videos were stored at a resolution of 1280 px Ö 720 px with a
framerate of 1 fps. The cameras were calibrated using a checkerboard
pattern on the �oor. Human poses were annotated with nine landmarks:
the head, torso, shoulders, elbows, wrists, and stomach. No legs were
annotated, as these were poorly visible due to occlusion from the room
and sterile clothing.

2.2.2. Multi-view object detection
To detect the objects from table 2.1, Scaled-YOLOv4-CSP [42] was
trained on the Reinier dataset in [18]. Scaled-YOLOv4 is an iteration of
YOLO [22] that was made scalable to enable a tradeoff between speed
and performance. Scaled-YOLOv4-CSP is one of its scaled versions,
balancing performance and speed. At the end of the backbone, a
multi-head self-attention layer [24, 25] was added to encode global
relations between regions of the feature map.

Due to occlusion, objects are not always clearly visible from all
viewpoints. Therefore, [18] re�nes object detections in a target
viewpoint using information from neighbouring viewpoints. This process
is illustrated in �g. 2.5. First, SuperPoint [39] detects keypoints where
geometric information is dense in the target- and neighbouring views.
Per bounding box in the neighbouring views, SuperGlue [40] matches
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Figure 2.4.: Example ground-truth (GT) and predicted (Pred) bounding
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(a) A frame from a
target- and two neigh-
bouring viewpoints. In
each viewpoint, key-
point detections from
SuperPoint [39] and an
object detection are
shown.

(b) Keypoints in the
neighbouring views are
�ltered by the object
bounding box. Key-
points are matched
from each neighbouring
viewpoint to the target
viewpoint with Super-
Glue [40].

(c) Background keypoint
matches are removed
with DBSCAN [41]. The
bounding box in the
target viewpoint is ex-
panded to �t all remain-
ing matched keypoints.

Figure 2.5.: Bounding box re�nement using multi-view information.

the keypoints in this bounding box to any keypoints in the target view.
This yields a list of target view keypoints that correspond to an object
in the neighbouring view. This list may contain matched keypoints of
background objects, which were �ltered out using the DBSCAN clustering
algorithm [41]. The bounding box can then be expanded such that all
listed keypoints lie inside it. Although perspective differences cause
each neighbour to miss object keypoints visible in the target view, this is
compensated by using both neighbours. Because of the camera setup,
the northwestern and southeastern views each have only one neighbour.

Scaled-YOLOv4-CSP and the multi-head self-attention layer were
initialised randomly.The model was trained on two videos from the
Reinier dataset that show the empty Cath Lab and one procedure, using
SCYLLA-Intersection over Union (SIoU) loss [38]. �g. 2.4 shows the
operation of SIoU, which aims to align the predicted- and ground truth
bounding box centres, minimise differences between their dimensions,
and maximise Intersection over Union (IoU). Detection performance was
evaluated with the average precision (AP) metric. Testing was done on
the single Reinier procedure that was not used for training.

2.2.3. Object detection with domain shift
Reference [3] investigates domain shift- and generalisation in Cath Labs
using YOLOv8 [43]. YOLOv8 uses multiple heads that separately perform
classi�cation and bounding box regression. To visualise domain shift,
features were extracted from all datasets using weights1 pretrained on

1Available: https://github.com/ultralytics/ultralytics/blob/
main/docs/en/models/yolov8.md

https://github.com/ultralytics/ultralytics/blob/main/docs/en/models/yolov8.md
https://github.com/ultralytics/ultralytics/blob/main/docs/en/models/yolov8.md
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the COCO dataset. The resulting features were cast to two dimensions
using UMAP [44], giving one datapoint per image. To test generalisation,
YOLOv8 was �netuned on the Online dataset and evaluated on the
remaining data. This was done using Complete-IoU (CIoU) loss [37]. As
visualised in �g. 2.5, CIoU loss aims to maximise IoU, and minimise
prediction-ground truth centre distance and aspect ratio difference.
During this work, the ‘Cardiologist’ and ‘Lab assistant’ were merged into
a ‘Staff’ class, and the lead shield and radiation light were left out for
consistency between datasets.

2.2.4. Camera calibration

(a) Two objects and
multiple keypoint detec-
tions.

(b) Assigning keypoint
classes based on match-
ing to Reinier Mobile.

(c) Keypoints outside the
bounding box of their
class are excluded.

Figure 2.6.: Excluding keypoints based on object detection results for
more accurate camera calibration.

The Reinier dataset cameras were calibrated in [2, 17]. Since
calibration should be non-intrusive, i.e., require no permanent calibration
pattern placement in Cath Labs, object- and keypoint detectors were
used to �nd reference points.

For object detection, Scaled-YOLOv4-P5 was trained on the Reinier
dataset using Generalised-IoU (GIoU) loss [36]. Rather than the classes
of table 2.1, training was done on the �xed objects from Reinier Mobile.
The model was initialised with pre-trained weights2 obtained using the
COCO dataset [11]. Besides maximising IoU, GIoU loss minimises the
smallest rectangle encompassing the prediction and ground truth.

Keypoints were detected in camera images with SuperPoint [39]. These
were matched to annotated keypoints in the Reinier Mobile dataset
using SuperGlue [40]. Matching was done with each of the sixteen
Reinier Mobile images corresponding to the calibrating camera view.
Thus, each keypoint detection was matched to at most sixteen keypoint
annotations. As corresponding 2D and 3D keypoint coordinates were
annotated in Reinier Mobile, the result was a set of correspondences
between the camera image and real-world coordinates.

2Available: https://github.com/WongKinYiu/ScaledYOLOv4/

https://github.com/WongKinYiu/ScaledYOLOv4/
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Figure 2.7.: Wireframe of known dimensions to evaluate calibration
metrics.

Keypoint matches were �ltered using bounding box detections, as
visualised in �g. 2.6. Each keypoint match was assigned a class label
based on the annotated keypoint. Any matches which detected keypoint
were not inside a bounding box of the same class, were discarded.

Keypoint detections may be matched to multiple keypoint annotations
and, consequently, associated with multiple 3D coordinates. In such
cases, the mean 3D coordinate was calculated. The annotated 3D
coordinate lying closest to this mean was selected, and the other
matches discarded. The EPnP algorithm [45] was used to estimate
extrinsics from the remaining matches between camera image- and
real-world coordinates.

For evaluation purposes, the wireframe shown in �g. 2.7 was placed
in the Cath Lab. Its 27 vertices were annotated from each Reinier
viewpoint from �g. 2.1a. The calibration was used to �nd the 3D
coordinate of each vertex using Linear-Eigen triangulation [34]. Then,
the triangulated vertices were reprojected onto each camera image to
obtain a new set of 2D vertex coordinates. Reprojection error (RPE)
measured the distance between the annotated- and reprojected 2D
vertices in px. Euclidean distance error (EDE) evaluated the distance
between the triangulated and actual 3D vertices in mm. Both RPE and
EDE were averaged over the camera viewpoints and wireframe vertices.
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2.2.5. Human pose estimation
Reference [16] explores 3D human pose tracking in the Cath Lab. First,
2D person bounding boxes are detected in each viewpoint of the Reinier
dataset using YOLOX-x [46]. YOLOX-x imposes no prior on bounding box
regression, decouples classi�cation and regression into separate heads,
and compensates for the case where ground-truth bounding boxes
overlap. A model3 pretrained on the COCO dataset [11] was �netuned
on the Operating Room dataset. As only humans needed to be detected,
the �nal layer was reduced to have only one output channel. Bounding
boxes were tracked using ByteTrack4 [47], which associates bounding
boxes based on detection con�dence, appearance, and predicted linear
motion.

In each bounding box, a human pose was regressed using HRNet-W48
[48]. This top-down pose estimator maintains high-resolution features
for precise keypoint placement. Like YOLOX-x, the pretrained model5 on
COCO [11] was �netuned on the Operating Room dataset. The number
of output channels was reduced, as the Operating Room dataset de�nes
different pose landmarks than COCO.

3D reconstruction
3D poses can be reconstructed from multi-view 2D poses, if it is known
which detections show the same individual. Detections were matched
similarly as in [49], which considers all viewpoints simultaneously: Given
a set of � detections over all viewpoints D = �5 j � � 5 � ��5 2 N�, each
entry C?�> in af�nity matrix

’ =

2

4
C��� � � � C���

...
. . .

...
C��� � � � C���

3

5 2 R��� (2.1)

scores the probability that ? 2 D and > 2 D show the same person.
Scores C?�> consisted of two parts. Epipolar af�nity measured how

close each pose is to the epipolar projection of the other pose onto its
viewpoint:
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(2.2)
where K is the set of prede�ned keypoints, j(A� �) measures the distance
between point A and line �, 5(� )

A� is the detection of keypoint class  in

3Available: https://github.com/Megvii-BaseDetection/YOLOX
4Available: https://github.com/ifzhang/ByteTrack
5Available: https://github.com/HRNet/HRNet-Human-Pose-Estimation

https://github.com/Megvii-BaseDetection/YOLOX
https://github.com/ifzhang/ByteTrack
https://github.com/HRNet/HRNet-Human-Pose-Estimation
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pose A on frame � , and 6>!?(5(� )
>� ) is the epipolar line of 5(� )

>� in the
viewpoint of detection ?. The sigmoid function casts C6?�> to (���). If ?
and > were in the same viewpoint, C6?�> was set to zero.

Tracking af�nity evaluated if the same objects were matched in the
previous frame:

CE?�> =
�

1 if 5(���)
? and 5(���)

> were matched
0 otherwise

� (2.3)

where 5(���)
? and 5(���)

> are full-pose detections from the tracklets of ?
and > on the previous frame. Unlike in [49] no visual features were
used, as sterile clothing in the Cath Lab complicates matching from
visuals. The �nal af�nity score was

C?�> =
r
lC6?�> + (� � l)CE?�>� (2.4)

where l 2 [���] is a weight.
A permutation matrix & 2 R��� was found from ’ with entries

B?�> =
§

1 if ? and > are matched
0 otherwise � (2.5)

The construction of & was formulated as a convex linear problem:

GCHCGCM?
&

� h’�&i+ qk&k+� (2.6)

s.t.
B?�> = B>�?  ? 2 D�> 2 D� (2.7)
� � B?�> � �  ? 2 D�> 2 D� (2.8)
� � &1 � �� (2.9)

� � &)1 � �� (2.10)

where h�i denotes the Frobenius inner product, q weights the second
part of the objective function, and k�k+ is the nuclear norm, which
approaches matrix rank in a convex and continuous way. Equation (2.7)
ensures that ? is matched to > if and only if > is matched to ?.
Equations (2.8) to (2.10) relax the constraints of a permutation matrix
to allow non-discrete optimisation. The problem was solved with the
alternating direction method of multipliers [50]. After convergence, & is
discretised with thresholding.

For each match between the �ve viewpoints, the top three most
con�dent human poses were linearly triangulated [34] to construct a
3D pose. As no pose annotations existed for the Reinier dataset,
results were evaluated on the Operating Room dataset. Reconstruction
was evaluated by calculating the EDE in mm between 3D landmark
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detections, and ground-truth 2D landmarks that were mapped onto 3D
lines. Similarly, EDE was calculated in px between the 2D ground truths
and reprojected 3D poses. Both metrics were averaged over the �ve
viewpoints and detected poses.

2.3. Results
2.3.1. Multi-view object detection

Table 2.2.: Average precision from [18] of trained Scaled-YOLOv4-CSP on
the Reinier dataset. The model was trained and evaluated by itself,
with an added multi-head self-attention layer, and with re�nement by
neighbouring viewpoints.

Label
AP@.5:.95

Scaled-YOLOv4-CSP + multi-head
self-attention

+ multi-view
re�nement

Cardiologist 0.946 0.940 0.963
Lab assistant 0.866 0.886 0.914
Patient 0.957 0.968 0.959
Instrument table 0.966 0.971 0.948
Operating table 0.966 0.975 0.967
Control panel display 0.964 0.971 0.868
Control panel buttons 0.934 0.931 0.846
X-ray detector 0.975 0.978 0.939
X-ray source 0.983 0.988 0.923
Lead shield 0.964 0.971 0.937
Radiation light 0.763 0.836 0.717
Display 0.995 0.995 0.994

Object detection results from [18] are shown in table 2.2. Scaled-
YOLOv4-CSP already detects most classes with an AP above 0.9.
Exceptions are the Lab assistant at 0.866 and Radiation light at 0.763.

Adding a multi-head self-attention layer improved AP for must classes
with up to 0.02. Results rose further for the Radiation light, with 0.073.
The multi-head self-attention layer lowered AP for the Cardiologist and
Control panel buttons with 0.006 and 0.003.

Bounding box re�nement with information from neighbouring view-
points lowered AP for most classes, by up to 0.085. AP for the control
panel display and Radiation light deteriorated further, by 0.103 and
0.119.

2.3.2. Object detection with domain shift
Dimension-reduced features from different Cath Labs and viewpoints are
shown in �g. 2.8. Datapoints of the same dataset and camera gathered
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Figure 2.8.: Video data distributions in the Reinier, Philips, and Online
datasets, visualised using UMAP [44]. Cath Lab dataset are shown in
different colours, and viewpoints with different markers. The two Philips
procedures are dubbed ‘Best1’ and ‘Best2’, and the Reinier dataset
‘RdGG’. This �gure was taken from [3, 19].
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Table 2.3.: Average precision from [19] on several datasets, after training
on the Online dataset.

Label
AP@.5

Reinier
procedure 1

Philips
procedure 1

Philips
procedure 2

Staff 0.856 0.870 0.831
Patient 0.274 0.485 0.516
Instrument table 0.704 0.649 0.581
Operating table 0.266 0.616 0.670
Control panel display 0.738 0.152 0.214
Control panel buttons 0.311 0.115 0.054
X-ray detector 0.709 0.684 0.766
X-ray source 0.071 0.681 0.630
Display 0.727 0.974 1.000

into clusters, although multiple clusters existed for most cameras.
Clusters lied further apart within the Reinier dataset than the Philips
and Online datasets. The Online dataset is spread out the least, and
has most overlap with other datasets. The Reinier and Philips datasets
barely overlap.

Table 2.3 shows evaluated AP@.5 on several datasets, after training
on the Online dataset. Staff and the display were detected consistently
with AP scores of at least 0.727. For the patient and control panel
buttons, no AP above 0.516 was ever achieved. The operating table and
X-ray source were detected with at least 0.616 AP during both Philips
procedures, but only 0.266 and 0.071 AP in the Reinier dataset. These
roles are reversed for the control panel display, which is detected with
0.738 AP in the Reinier dataset and at most 0.214 AP at Philips.

2.3.3. Camera calibration

Table 2.4.: Mean reprojection error and Euclidean distance error from [2,
17] after calibrating the �ve cameras of the Reinier dataset. Results are
shown both with and without bounding box-based match exclusion.

Match exclusion RPE (px) EDE (mm)
No 56.83 87.7
Yes 19.95 32.8

RPE and EDE after calibration of the Reinier dataset cameras are
shown in table 2.4. Results are shown both when considering all
keypoint matches, and after excluding keypoints using bounding box
detections. Keypoint exclusion improves RPE and EDE by 36.88 px and
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54.9 mm respectively. The average RPE of 19.95 px amounts to 1.04 %
of the image width.

2.3.4. Human pose estimation

Table 2.5.: Human pose Euclidean distance error from [16] on the
Operating Room dataset. metrics were calculated between 2D human
pose annotations and 3D pose detections, in image- and real-world
coordinates, and reported per landmark.

Landmark EDE (px) EDE (mm)

Head 15.80 54.13
Torso 13.84 50.98
Left shoulder 13.59 54.05
Right shoulder 13.73 53.16
Left elbow 16.05 65.62
Right elbow 16.26 66.56
Left wrist 17.76 76.53
Right wrist 18.06 76.54
Stomach 15.35 68.04
Average 15.64 62.84

EDE between ground-truth 2D human poses and 3D pose detections,
evaluated on the Operating Room dataset, can be seen in table 2.5.
EDE varies between 13.59 px and 18.06 px in image space and between
50.98 mm and 76.54 mm in world coordinates. On both metrics, the
error was largest for the wrists and lowest for the torso and shoulders.

2.4. Discussion
In this work, we summarised and related four research projects on CV in
the Cath Lab. A pipeline was built to obtain 2D object bounding boxes,
camera calibrations and 3D human poses from multi-view monitoring
videos. Several datasets were introduced and used for algorithm
development and testing.

Object detection was accurate when training and testing in the Reinier
Cath Lab. Nearly all objects�even the transparent lead shield�were
detected with a high AP@.5:.95 above 0.914. Exceptions were the
radiation light and control panel. YOLO object detectors are known to
struggle with such small objects, although this has improved in some
iterations [23]. The addition of a self-attention layer slightly increased
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AP for most classes. Bounding box re�nement using neighbouring views
did not yield improvements, except for detection of the cardiologist and
lab assistants. This could be due to the limitation that only bounding
boxes that were already detected were re�ned. Using neighbouring
views to correct false negatives- or positives may have a larger impact,
as occlusion is a problem for single-view object detection in Cath Labs.

Training and testing in different Cath Labs dropped performance
signi�cantly. AP varied between Cath Labs, suggesting that room- and
object appearances introduced a large domain shift. One major issue
was that the control panel and X-ray device were covered in plastic
during procedures, which was not the case in the Online dataset. In
addition, the viewpoints and camera intrinsics were different in the
Online dataset than in the Reinier- and Philips Cath Labs. Online images
were relatively close to each other in feature space, whereas during
procedures big differences were present between rooms and viewpoints.
Object detection could be generalised in Cath Labs with a larger training
dataset that covers more of the feature space, or representation learning
to bring features closer together.

After camera calibration, keypoints in the centre of the room could
be localised within 3.28 cm EDE on average. This seems suf�cient
to measure overall position, excluding subtle movements of e.g. the
�ngers. Keypoint match �ltering proved a large improvement, more than
halving EDE. A current limitation is the necessity of additional recordings
around each viewpoint, with landmark annotations and measurements.
An alternative could be matching keypoints between viewpoints for
calibration [51]. This approach would yield a linear transformation
of real-world camera coordinates, as no reference pattern is used.
Viewpoint sparsity may present a problem for this solution.

Detected 2D human poses were succesfully triangulated to world
coordinates. The EDE was higher than measured during calibration.
This was expected, as EDE during calibration was calculated using only
annotated landmarks. For pose detection, faults in 2D pose estimation
and matching between views will have increased average EDE. EDE
was higher for the wrists, elbows and stomach than other landmarks.
As many catheterisation actions are carried out using the arms, wrist
movements are likely to contain work�ow information. This means it
would be worthwile to try and improve EDE for the arms.

An average 3D pose EDE of 62.8 mm was measured whereas [14]
achieved 11 mm, although this was on a different dataset. There is
no question that their method was better optimised, with 3D pose
regression done using a NN trained on annotated images. Here, there is
a tradeoff between the generalisability of our pipeline and the accuracy
of theirs.

Each research project trained their own object detector to detect
speci�c classes. To build a full, ef�cient pipeline, a single detector could
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be trained to detect everything. Keypoint detections- and matches from
object detection re�nement could be reused during calibration. Pose
estimation was the only algorithm that was tested in an operating room
instead of a Cath Lab.

All pipeline blocks except the 2D human pose tracking relied on
Cath Lab-speci�c object detection. As demonstrated, data distributions
are not the same between Cath Labs. Without good object detection,
the proposed calibration is not possible. As mentioned this could
be solved by calibrating without landmark detection, although this
introduces other limitations. For the pipeline to generalise to other Cath
Labs, e.g. representation learning should be investigated in the object
detection. The integration of multiple views mitigates occlusion and
adds redundancy, yielding more robust results in Cath Labs.

3D objects and human poses may act as input to further analysis.
For instance, they may be used for activity recognition [52] or work�ow
phase recognition [8]. Understanding occurrences in the room may
automate e.g. summary writing after procedures, or enable (partial)
autonomy of some devices like the C-arm. Activity timelines could be
presented in dashboards, or compared to optimise work�ow practices or
object placement.

2.5. Conclusion
The proposed computer vision pipeline performs robust object detection,
camera calibration and 3D pose estimation in Cath Labs. As retraining
is currently required for each new Cath Lab, generalisation needs to be
improved to obtain a scalable solution.
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Benchmarking2DHuman
PoseTrackers

Literature shows that human poses are indicative of activities and
therefore work�ow. As an exploration, we evaluate how marker-less
multi-human pose estimators perform in the Cath Lab. Poses were
annotated in 2040 frames from ten multi-view coronary angiogram (CAG)
recordings. Pose estimators AlphaPose, OpenPifPaf and OpenPose were
run on the footage. Detection and tracking were evaluated separately
for the Head, Arms, and Legs with Average Precision (AP), head-guided
Percentage of Correct Keypoints (PCKh), Association Accuracy (AA), and
Higher-Order Tracking Accuracy (HOTA). We give qualitative examples
of results for situations common in the Cath Lab, with re�ections in the
monitor or occlusion of personnel. AlphaPose performed best on most
mean Full-pose metrics with an AP from 0.56 to 0.82, AA from 0.55 to
0.71, and HOTA from 0.58 to 0.73. On PCKh OpenPifPaf scored highest,
from 0.53 to 0.64. Arms, Legs, and the Head were detected best in that
order, from the views which see the least occlusion. During tracking
in the Cath Lab, AlphaPose tended to swap identities and OpenPifPaf
merged different individuals. Results suggest that AlphaPose yields
the most accurate con�dence scores and limbs, and OpenPifPaf more
accurate keypoint locations in the Cath Lab. Occlusions and re�ection
complicate pose tracking. The AP of up to 0.82 suggests that AlphaPose
is a suitable pose detector for work�ow analysis in the Cath Lab,
whereas its HOTA of up to 0.73 here calls for another tracking solution.

Parts of this chapter were published in Med. Eng. Phys. 136 (2025), ' Elsevier [1].
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T he �eld of work�ow analysis is gaining traction in medical
environments [2�5]. During surgery, insight into work�ow is

necessary in order to optimise procedures. Example use-cases are
improved procedure ef�ciency, safety, and training.

Manual work�ow analysis is a laborious task that requires experts to
carry out. Automation enables cost-effective, large-scale deployment
and additional use-cases like real-time feedback or support [6�9].
Personnel activities, which can be found from human pose tracklets
[10�12], are descriptive of work�ow.

Multi-object keypoint detection�also called pose estimation�aims to
localise prede�ned objects and their keypoints in an image. Figure 3.2
shows keypoints and edges (‘limbs’) for the ‘Human’ class as de�ned
in [13]. Pose estimators output a continuous pixel (px) location and
con�dence score per detected keypoint. Modern works often take one
of two approaches:

� Top-down: Detect object bounding boxes [14] and estimate a pose
in each of them [15�17].

� Bottom-up: Detect keypoints and assemble them into objects
[18�20].

In this work we refer to human keypoints using the abbreviations and
groupings from �g. 3.1, where a leading ‘l’ or ‘r’ denotes ‘left’ or ‘right’.

nose

leyereye
learrear

lshrrshr

llbwrlbw
lwrtrwrt

lhiprhip

lknerkne

lnklrnkl

Head

Arms

Legs

Figure 3.1.: COCO pose [13] facing the reader

The temporal element in videos gives need to multi-object tracking:
the assignment of the same identity (ID) to the same object in different
video frames. This can be done causally [21], non-causally [22], jointly
with detection [19], or separately after detection [15]. We denote
algorithms with tracking capabilities with a superscript ‘)’.

Annotations are required to train or test keypoint detectors and
trackers. Human annotators label ‘ground-truth’ poses with their
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Figure 3.2.: (a)-(d) Camera viewpoints with annotated poses, (e) Map of
the Cath Lab with measurements in meters, table and cameras not to
scale.

video-speci�c ID, presence, and location. Algorithms learn to mimic the
annotation process and are tested against ground-truths.

Medical environments present challenges like signi�cant occlusion
between personnel and objects, and appearance similarities due
to sterile clothing. General-purpose datasets like [13] are not
representative of such settings. Evaluating pose estimator performance
requires recordings of real procedures, which are scarce due to privacy
regulations [23]. MVOR [24] is a public dataset with recordings from the
hybrid operating room (OR). It was recorded in four days during different
procedures in a university hospital. To capture work�ow information,
however, more data and procedure uniformity are needed.

Human pose estimation in ORs was investigated in [25�27]. Reference
[27] tests a state-of-the-art 2D pose estimator on a single metric,
and focusses on the step to 3D pose estimation. To our knowledge,
optimality of the chosen 2D pose estimator in a medical setting has
not been veri�ed. Reference [28] investigates the scalability of object
detection to different Cath Labs, but does not consider pose detection.

The Cardiac Catheterization Laboratory (Cath Lab) is a specialised
operating room (OR) where minimally invasive cardiovascular procedures
take place. This work evaluates the performance of human pose
estimators and trackers as a potential tool for work�ow analysis in
the Cath Lab. To this end, we record real coronary angiogram (CAG)
procedures in a regional hospital from the four camera (Axis M1125)
views shown in �g. 3.2. The videos capture work�ow before, during and
after procedures. Poses are annotated in ten procedures, showing �ve
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different work�ow phases. The Cath Lab presents unique challenges to
computer vision like concealing clothing, occlusion, and re�ections. To
our knowledge, no video dataset of real Cath Lab procedures exists in
literature at the time of this study. An estimator to analyze anyfuture
recordings can be selected in line with results from this work.

We test several pre-trained state-of-the-art 2D human pose estimators
in the Cath Lab. Three algorithms were selected by the criteria that
they i) can detect an arbitrary number of poses per image, and ii)
provide implementation details in peer-reviewed work: AlphaPose [15]
(AlphaP), OpenPifPaf [19] (OpenPP), and OpenPose [18] (OpenP). As
AlphaP is a top-down estimator and OpenPP and OpenP are bottom-up,
results should give an idea of which approach works best in the Cath
Lab. AlphaP and OpenPP also provide causal tracking models AlphaP)
and OpenPP) . We quantitatively measure detection- and tracking
performance and support these metrics with qualitative observations.

The main contributions of this work are:

� We introduce a unique multi-view dataset of real CAG procedures
in the Cath Lab with pose annotations.

� We evaluate the performance of several state-of-the-art 2D human
pose estimators in the Cath Lab.

� We discuss�from a work�ow perspective�pitfalls for pose estima-
tion that are Cath Lab-speci�c.

Section 3.1 starts with a description of our dataset, included
algorithms, and evaluated metrics. Section 3.2 lists the results and
highlights trends and differences. Then, section 3.3 discusses and
explains observed outcomes. We theorise what the results imply for
our setting and identify an algorithm for use in future work. Finally,
section 3.4 gives a summary.

3.1. Materials and Methods
This section describes all components that make up our benchmark.
Section 3.1.1 starts with a description of the dataset and its recording
process. Section 3.1.2 provides a brief explanation of the used pose
estimators. Section 3.1.3 concludes with our used metrics and other
evaluations.

3.1.1. Video recordings
Four cameras (Axis M1125) were hung in the Cath Lab of the Reinier
de Graaf Gasthuis, Delft, NL. With approval of a local medical ethics
committee and the hospital board, and informed consent from the
patients and staff, CAG procedures were recorded from the viewpoints in
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�g. 3.2 and stored with a resolution of 1920 px Ö 1088 px and framerate
of 25 frames per second. A cardiologist, scrub nurse, up to two lab
assistants, and the patient were present during each procedure. We
record and annotate ten procedures, where we ensure that each shows
a different medical team for variability. CAGs follow a strict, consistent
work�ow with little to no variation. Because of this uniformity, the ten
chosen procedures cover the typical cases. Local doctors helped select
the procedures to include some rare deviations. For instance, there is a
procedure during which the cardiologist had to move the monitor, one
where ultrasound was needed to �nd the radial artery for endovascular
access, and one where the staff struggled to reposition the lead shield.

Annotation
In each procedure, poses were annotated in 51 frames sampled
uniformly over 30 seconds, from four synchronised viewpoints. This
gives a total of �� (procedures) � �� (frames) � � (viewpoints) = ����
annotated frames. The 30 seconds per procedure were hand-picked to
show one of �ve unique work�ow phases:

� The patient entering and lying down.

� Realization of endovascular access through the wrist.

� Use of ultrasound to detect the radial artery for endovascular
access.

� X-Ray imaging.

� Closure of the entrywound.

Each phase was selected twice from different procedures. Poses were
annotated in Computer Vision Annotation Tool (CVAT) [29] by two of the
authors with a background in engineering, and their quality con�rmed
by a third who has been a practicing interventional cardiologist for over
13 years. We did not use the CVAT interpolation feature in order to
preserve �ne positioning, which we expect to be important for work�ow
analysis in the Cath Lab. One annotated example frame is shown per
viewpoint in �g. 3.2. Fully occluded individuals and keypoint re�ections
in e.g. the monitor were not labelled. People in the control room and
hallway were included.

We de�ne a person to be ‘visible’ on a frame if any of their keypoints
can be seen directly in that frame without obstruction. To describe the
dataset we label each frame by presence of situations that arise in the
Cath Lab:

� Occluded fully: A person is inside the camera view but not visible.

� Occluding person: Segmentations of visible persons overlap.
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� Occluding object: An object segmentation overlaps a visible person.

� Occluding sheet: The surgical sheet overlaps the visible patient.

� Occluding clothes: Sterile clothes conceal visible elbows, knees or
hips.

� Occluding window: The control room window overlaps a visible
person.

� Occluding view: A wall or frame boundary overlaps a visible person.

� Horizontal patient: The visible patient shows non-vertically in the
view.

� Re�ecting monitor: The monitor shows a re�ected person.

� Re�ecting window: The control room window shows a re�ected
person.

Some situations are viewpoint-speci�c, e.g., CornerSE sees no re�ective
surfaces and the patient is vertical from WallS even when lying down.
The situations are labelled per frame, i.e., if a situation occurs multiple
times in the same frame it is counted as a single instance. In addition,
we record the number of visible people per frame using the same
methodology. Finally, we count the total number of annotated keypoints
per class where multiple can be counted per frame.

3.1.2. Pose Estimation
AlphaP is implemented as a parallel pipeline which aims for high
inference speeds. A fast object detector [30, 31] detects Human
bounding boxes, in each of which a Convolutional Neural Network
(CNN) generates a heatmap per keypoint. At the maximum of this
heatmap, the keypoint is placed. This per-bounding box processing
makes AlphaP a top-down algorithm. Optionally a second CNN extracts
features per bounding box for tracking and trajectory smoothing, where
background noise is mitigated by masking with the detected pose. A
low object detector con�dence threshold avoids false negatives but
yields redundant detections. Pose Non-Maximum Suppression removes
resulting duplicate poses. A translation-invariant approximation of
the loss function gradient is used during optimization. Additionally,
heatmaps are normalised such that calculated con�dences become
invariant of keypoint scale.

OpenP has a CNN encode limb presence and orientation over the
entire image into Part Af�nity vector Fields (PAFs). A second CNN
generates keypoint heatmaps and locations from these PAFs like AlphaP.
Poses are assembled in bottom-up fashion with bipartite matching: each
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candidate limb is scored by integration over its PAF, and a set of limbs
is selected to maximise the sum of scores.

OpenPP replaces heatmaps with Composite Intensity Fields which
encode keypoint con�dence, scale, and location offset. PAFs are
replaced with Composite Association Fields (CAFs) which encode i)
probability of limb presence and ii) endpoint scales and location
offsets. Temporal CAFs model limbs between keypoints of the same
class in adjacent frames for tracking. Poses are grown bottom-up
by greedy matching from a high-con�dence seed keypoint, guided by
these intensity and association �elds. Keypoint-level Non-Maximum
Suppression removes duplicate poses. Redundant limbs are modelled
for robustness against occlusion.

3.1.3. Experimental setup
The following sections describe the used pre-trained models, evaluation
metrics, and other validation procedures.

Model settings
Each algorithm offers several pre-trained models, which can be split
into i) a backbone which extracts image features and ii) a head which
estimates poses and/or IDs. We test the models in table 3.1 on our
dataset without retraining, using an NVIDIA GeForce RTX 3090 GPU. The
used model parameters are available publicly for AlphaP1, OpenPP2 and
OpenP3. For fair comparison we sample all outputs to the format from
�g. 3.1. We de�ne pose con�dence as the mean of all its nonzero
keypoint con�dences.

Quantitative metrics
Metrics measure detection- and tracking performance per viewpoint.
They are calculated with True Positives (TPs), False Positives (FPs), and
False Negatives (FNs), using only visible keypoints.

Average Precision (AP) [13, 34] evaluates Full-pose detection. As it
was designed for bounding boxes, we replace its use of Intersection over
Union with Object Keypoint Similarity (OKS) as suggested in [13], where
we estimate segmentation area with the tightest-�t pose bounding box.
For a more detailed evaluation we calculate AP separately for three
subposes: Head, Arms, and Legs, in addition to the Full pose. We
calculate APyOKS at OKS thresholds yOKS = ��� (low), yOKS = ���� (high),

1Available: https://github.com/MVIG-SJTU/AlphaPose/blob/
master/docs/MODEL_ZOO.md

2Available: https://openpifpaf.github.io/intro.html
3Available: https://github.com/CMU-Perceptual-Computing-Lab/

openpose/tree/master/models

https://github.com/MVIG-SJTU/AlphaPose/blob/master/docs/MODEL_ZOO.md
https://github.com/MVIG-SJTU/AlphaPose/blob/master/docs/MODEL_ZOO.md
https://openpifpaf.github.io/intro.html
https://github.com/CMU-Perceptual-Computing-Lab/openpose/tree/master/models
https://github.com/CMU-Perceptual-Computing-Lab/openpose/tree/master/models
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Table 3.1.: Tested pose estimators where a superscript ‘)’ denotes
tracking capabilities.

Algorithm Backbone Head Training dataset

AlphaP YOLOv3-SPP[30, 31]
+ResNet152[32] FastPose (DUC)[15] COCO[13]

AlphaP) YOLOv3-SPP[30, 31]
+ResNet152[32]

FastPose (DUC)
+Human-ReID[15] COCO[13]

OpenPP shuf�enetv2k30[19, 33] CifCaf[19] COCO[13]

OpenPP) tshuf�enetv2k30[19, 33] TrackingPose[19] COCO[13]

OpenP OpenPose[18] OpenPose[18] COCO[13]
+Human Foot[18]

and averaged from 0.5 to 0.95 with step size 0.05 yOKS = ��� � ����
(ranged).

Head-guided Percentage of Correct Keypoints (PCKh) [35] evaluates
detection per keypoint. We �rst use the Hungarian algorithm [36] to
match annotated and estimated poses by OKS where�as opposed to
AP�we do not threshold con�dence. PCKh is evaluated per match.
Since the COCO pose has no headbone, we threshold TPs with 0.5 times
the longest annotated shr-ear distance instead, and only use poses with
such an annotated limb. With the obtained per-keypoint TPs, FPs and
FNs we calculate

PCKh =
TP

TP + FP + FN
� (3.1)

We evaluate tracking for each viewpoint and subpose with Association
Accuracy (AA) [37], and replace its use of Localization Similarity with
OKS as was done for AP. Finally, Higher-Order Tracking Accuracy (HOTA)
[37] summarises detection and tracking performance in a single metric.
Although HOTA is an aggregation of AA and Detection Accuracy, we do
not evaluate the latter, as its purpose is similar to that of the more
commonly used AP.

We show metrics evaluated per individual video, each of which shows
one of �ve work�ow phases from different procedures. Error bars show
two standard deviations around the mean metric. If one situation yields
a better score than others, we say this situation is ‘preferred’. Unless
explicitly stated otherwise, discussed results are mean Full-pose scores
for ranged yOKS.

Statistical signi�cance
We evaluate the signi�cance of performance differences between each
pair of algorithms with a two-sample Hotelling’s T-Squared [38]. AP
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and PCKh are used as dependent variables, as AA and HOTA cannot be
calculated for every tested algorithm. Speci�cally, we include AP for
each separate subpose with ranged yOKS, and PCKh per keypoint for a
total of 3 (subposes) + 17 (keypoints) = 20 parameters per sample. Each
single-view video represents a sample for a total of 40 samples. We
consider p-values of 0.05 or below to show statistical signi�cance.

We repeat the same analysis to compare AlphaP) and OpenPP) on AA,
where again the three ranged-yOKS subposes are used as separate input
variables. Instead of repeating again with HOTA, we test on AA jointly
with AP and/or PCKh.

Qualitative analysis
To get insight into problems speci�c to our setting, results are manually
evaluated. Speci�c example situations are selected by the authors to
demonstrate strengths and weaknesses of each algorithm. Results are
shown with detected poses, con�dence scores and IDs. We show all
detections regardless of their con�dence.

3.2. Results
This section shares the results obtained from the experiments described
in section 3.1.3. Section 3.2.1 begins with an analysis of the dataset.
Sections 3.2.2 to 3.2.5 report performance on various metrics. Statistical
signi�cance of the differences between algorithms is investigated in
section 3.2.6. Finally, section 3.2.7 shows some qualitative examples.

3.2.1. Dataset composition
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Figure 3.3.: Number of frames per situation from section 3.1.1 per
viewpoint.
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Figure 3.5.: Number of appearances per keypoint class from �g. 3.1 per
viewpoint.

A description of the dataset is shown in �gs. 3.3 to 3.5, as described
in section 3.1.1. 1749 frames (85.7 % of the dataset) contain occlusion
between persons, 1771 (86.8 %) occluding objects, and 1685 (82.6 %)
occluding clothes. CornerNW, CornerSE, CornerSW and WallS saw 3257,
1484, 2519 and 2165 frame situations respectively, where counts exceed
the dataset size due to single frames showing multiple situations. Most
full occlusions and monitor re�ections occur from CornerSW. Window
occlusions- and re�ections occur only from CornerNW. This viewpoint
sees �ve persons on most frames and is the only viewpoint to ever see
six. CornerSE usually sees four people and CornerSW and WallS three.

CornerNW, CornerSE, CornerSW and WallS respectively see a total
of 20 404, 15 317, 16 012 and 16 518 keypoints. CornerNW sees the
highest counts per subpose and class except for the rear, rlbw and
rhip, which are seen more often from CornerSW, and the wrists which
are seen more from WallS. CornerNW sees the highest mean count per
class of 1200.2, paired with the highest standard deviation of 320.7.
The lowest total and average counts are seen by CornerSE, although
CornerSW sees lower counts per class more often.
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3.2.2. Average Precision
AP can be seen in �g. 3.6. Here, AlphaP yields the highest Full-pose
mean scores of up to 0.82. Non-tracking algorithms perform up to 11
percentage points (pp) better than their tracking counterparts. Arms
yield the best scores of up to 0.72, and Head the worst of up to 0.64.
AlphaP()) prefers the CornerSW viewpoint, OpenPP()) WallS, and OpenP
CornerSE. CornerSW is most often preferred with up to 3 pp over the
second-choice viewpoint per individual algorithm. On the Head and
Arms, AlphaP()) shows scoring drops of up to 10 pp and 26 pp between
low and high yOKS, which is 22 pp and 37 pp for other algorithms. On the
Legs, OpenPP()) shows the lowest scoring drop of up to 27 pp which is
34 pp for others. Results on the Arms show standard deviations of up
to 20 pp. For the Head and Legs this is 26 pp and 27 pp respectively.
OpenP shows standard deviations of up to 17 pp, AlphaP()) of 20 pp and
OpenPP()) of 22 pp.

From CornerSE, one outlier procedure performs worse than the rest for
all algorithms. Here the cardiologist and patient are mostly occluded by
the monitor. Their few visible keypoints were not detected, or merged
into a single pose.

3.2.3. Head-guided Percentage of Correct Keypoints
PCKh in �g. 3.7 shows that most keypoints prefer OpenPP or OpenPP)
except the nose, which prefers AlphaP instead. All algorithms prefer
WallS most often, followed by CornerSE for AlphaP and OpenPP, and
CornerSW for AlphaP) and OpenP. AlphaP, OpenPP) and OpenP prefer
CornerNW least often, which is CornerSE for AlphaP) and CornerSW for
OpenPP. With scores of up to 0.57 and 0.87 the Legs and Head score
the lowest and highest respectively. The hips are detected worst with
a maximum score of 0.23. All subposes prefer WallS. All algorithms
had the highest standard deviation on CornerSW. The lowest standard
deviations for the Head are achieved on CornerSE and WallS, for the
Arms on WallS, and for the Legs on CornerNW.

The outlier procedure from CornerSE at the end of section 3.2.2 shows
the same poor performance on PCKh. From CornerSW, we see another
procedure scoring below the others. This video shows two people
standing close together, dressed in loose medical aprons and facing
away from the camera whilst the instrument table occludes their legs.

3.2.4. Association Accuracy
Looking at tracking, �g. 3.8 shows that AlphaP) outperforms OpenPP)
on mean Full-pose AA from all viewpoints except WallS. Arms are tracked
best in most situations, and Legs the worst. AlphaP) shows little mean
Full-pose scoring drop of up to 2 pp between low and high yOKS, which
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Figure 3.8.: Association Accuracy per viewpoint and subpose over the
entire dataset where error bars show two standard deviations around
mean results.
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is 26 pp for OpenPP) . On AA this drop is larger for OpenPP) than for
AlphaP) for all subposes and viewpoints. However, OpenPP) yields
lower standard deviation than AlphaP) for all subposes and the Full pose
from all viewpoints.

3.2.5. Higher-Order Tracking Accuracy
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Figure 3.9.: Higher-Order Tracking Accuracy per viewpoint and subpose
over the entire dataset where error bars show two standard deviations
around mean results.

The integration of tracking and detection metrics with HOTA in �g. 3.9
sees AlphaP) outperform OpenPP) everywhere except with low yOKS for
some subposes and viewpoints. OpenPP) still yields lower standard
deviations except for the Head from CornerSE and CornerSW, Legs from
CornerSW and WallS, and Full pose from CornerSW. The highest achieved
Full-pose mean scores are 0.73 for AlphaP) and 0.59 for OpenPP) . Arms
and CornerSW are preferred in most situations.
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Table 3.2.: p-value per algorithm pair from Hotelling’s T-Squared with AP
and PCKh as parameters.

AlphaP) OpenPP OpenPP) OpenP

AlphaP 0.9999 <0.0001 <0.0001 <0.0001

AlphaP) <0.0001 <0.0001 <0.0001
OpenPP 0.9103 0.0003

OpenPP) <0.0001

3.2.6. Hotelling’s T-Squared
Calculated p-values are shown in table 3.2 per pair of algorithms. The
only non-signi�cant differences occur when comparing tracking- and
non-tracking versions of the same algorithm, in which case p-values
approach 1.

When excluding AP from the test, conclusions remain the same
except for a now statistically insigni�cant p-value between OpenPP and
OpenP. Excluding PCKh instead gives insigni�cance between AlphaP)
and OpenP.

Testing on AA yields an insigni�cant difference between AlphaP) and
OpenPP) . Adding AP and/or PCKh lowers the p-value back below our
signi�cance threshold.

3.2.7. Qualitative results
Example detections are demonstrated in �g. 3.10. In the �rst column
people are standing close together. OpenPP) merges the patient and
cardiologist with 0.87 con�dence. AlphaP()) mistakes the patient as part
of the cardiologist at 0.72. The cardiologist and assistant who stands
close are never merged. Only OpenPP and OpenP see the patient and
merge no-one. OpenP detects most correct poses, but with the lowest
con�dence. All models except OpenPP) are least con�dent about the
cardiologist, who faces away from the camera.

The second column shows the cardiologist putting on an apron. AlphaP
places a full pose with con�dence 0.31 where only his Head is visible,
and AlphaP) sees nothing. OpenPP()) correctly detects the shrs and
hips at 0.82, although hip placements seem off. OpenPP) additionally
sees a lower arm in the sleeve. Only OpenP detects the nkls. All
algorithms detect the lab assistant where AlphaP, AlphaP) and OpenP
place the occluded lnkl wrongly with 0.84, 0.84 and 0.69 con�dence.

In the third column the monitor re�ects a lab assistant. All algorithms
detect the re�ection, where OpenPP is most con�dent at 0.83 and
OpenP the least at 0.63. AlphaP, AlphaP) and OpenP hallucinate two
knes and/or nkls. These models detect the full cardiologist at 0.74, 0.74
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and 0.60 con�dence, where OpenPP()) detects all but his legs at 0.87
and 0.69. All models see the occluded assistant, where OpenPP()) is
most con�dent at 0.95 and AlphaP()) the least at 0.62. Similarly to
column two, AlphaP incorrectly detects a full pose around the head of
the patient with 0.31 con�dence. OpenPP correctly detects only their
Head keypoints at 0.90.

The last column shows the instrument table with a sheet resembling
clothing. AlphaP and OpenPP detect a pose here at 0.44 and 0.64
con�dence. The occluding assistants are fully detected by AlphaP at
0.72 and 0.66 and merged by OpenPP at 0.77. AlphaP) and OpenPP)
only detect the closest assistant at 0.72 and 0.90. OpenP detects both
assistants partially at 0.73 and 0.57. It also sees Legs in the background
bin with 0.22 certainty.

Figure 3.11 shows tracking results from AlphaP) and OpenPP) . The
�rst and third row show the cardiologist and assistant preparing, with
a patient on the table. AlphaP) detects the partial cardiologist at the
bottom in 3 frames, which is only 1 for OpenPP) . OpenPP) detects the
patient more consistently and with higher con�dence. AlphaP) moves
ID 1 from the assistant to the cardiologist. OpenPP) yields no such
identity swaps.

In the remaining rows the cardiologist exits and re-enters the room,
with the patient waiting in the hallway. After their return, OpenPP)
assigns the cardiologist a new ID whereas AlphaP) recognises them from
before. The same happens for the patient after the cardiologist passes
them in front. When watching frame by frame, AlphaP) shows many
identity swaps even with just one person visible.

3.3. Discussion
In this paper we introduced a dataset with footage from real CAG
procedures in the Cath Lab, and provided benchmark results of several
pose estimation- and tracking algorithms. Quantitative metrics were
evaluated on our annotated dataset per subpose and viewpoint, and
qualitative observations were shown.

We observe that AlphaP()) produces the best AP, whereas OpenPP())
performs better on PCKh. As AP is calculated on (sub)poses and
PCKh per keypoint, this suggests that OpenPP()) places keypoints more
accurately and AlphaP()) connects them into poses better. This is in line
with the top-down approach of AlphaP, which applies local restrictions on
matchable keypoint pairs. Another explanation is that AlphaP()) could
score poses more accurately in the Cath Lab, as AP considers con�dence
score. This could explain why metrics on AlphaP()) do not drop much
between low and high yOKS, as accurate scoring might compensate
cases of poor localization. Measured AP scores are higher in the Cath
Lab than those reported on the MVOR dataset [24], although different
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recording methods render these results not directly comparable.
AP and PCKh show differences per viewpoint and keypoint. Legs

especially are subject to occlusion in clinical settings. Head keypoints
are hidden behind masks and hairnets. Different viewpoints see different
levels of such occlusion, and therefore show varying results. AlphaP())
tends to detect the Head better, possibly by imposing a prior through
object detection. Qualitative results show a drawback of this approach,
where priors encourage placement of full poses on partially visible
humans or inanimate objects. We do observe that these incorrect
keypoints receive low con�dences, which is in line with the theory that
AlphaP yields more accurate scores. Hence, in practice this drawback
poses little issue if con�dence is considered appropriately.

On AA, AlphaP) scores better than OpenPP) for our dataset. OpenPP)
tends to miss people in our setting or merge them; possibly due to
the temporal limbs providing more matching paths to do so in close
proximity. AlphaP) still scored poorly with large variability between
work�ow phases. This could be due to its use of visual clues, which
in combination with indistinguishable sterile clothing may have caused
the many identity swaps. These issues could explain why the tracking
models were outperformed by their non-tracking counterparts on AP,
although this difference was only small and proved insigni�cant.

HOTA eases comparison by integrating detection and tracking
performance. Here, AlphaP) slightly outperforms OpenPP) . When
looking purely at this combined metric, using AlphaP) from the
CornerSW viewpoint seems to perform best in the Cath Lab.

Procedures are carried out with Arms, and Head orientation indicates
where one is focussing. In our setting, Legs serve only to reposition
oneself; something that can be inferred from other keypoints. Therefore
for work�ow analysis, Arms movement is probably the most descriptive
followed by the Head and then Legs. Hence, we should prioritise
subpose detections in that order.

Monitor re�ections and occlusion pose problems for pose detection-
and tracking in the Cath Lab. Re�ections are a problem because the
tested detectors are not trained to distinguish them from real human
beings [39]. For work�ow purposes the activity of persons is of interest,
and their re�ections serve only as noise. Occlusion renders persons
invisible from individual views, causing False Negatives, or causing
detected body joints to be connected incorrectly. Especially during
tracking this presents an issue, as reidenti�cation is dif�cult after losing-
or wrongfully detecting a person. Tracking algorithms solve this problem
through visual reidenti�cation, but that does not work in the Cath Lab
where everyone is dressed similarly.

CornerSW and WallS yield the best results in most situations. Although
monitor re�ections plague both, their limited occlusion and view of only
the Cath Lab interior simplify the problem. CornerSE sees no re�ections,
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but suffers from occlusions in the patient area by the monitor and
operating table. CornerNW sees occlusion from the radiation shield and
C-arm, re�ections in the control room window and monitor, and people
in the control room whose movements can be assumed to provide
no relevant work�ow information. The cardiologist facing away from
CornerSW makes the use of this view for work�ow analysis questionable.
WallS, with its clear yet narrow view on the operating table surroundings,
is an intuitive choice for work�ow analysis during procedures. Before
and after procedures, CornerSE provides a clearer view around the room
entrances.

Human movement is descriptive of personnel activities [10�12],
making reliable tracking important for work�ow analysis. Unfortunately,
no tested model yielded good tracking results on our dataset. AlphaP)
produced multiple identity swaps per minute and OpenPP) merged or
missed people.

Our model selection was limited with only one top-down algorithm
and the dataset was relatively small. We did not annotate occluded
keypoints which may have unfairly increased scores for more occluded
viewpoints.

3.3.1. Future research
In following studies, more estimators [16, 17, 20] could be tested.
Tracking should be done with a separate algorithm for better tracking
performance. To overcome the visual differences between clothing in
the Cath Lab and in general datasets like COCO, domain adaptation-
or generalization methods could be explored [40]. With enough
annotations, models could be re-trained for the Cath Lab or speci�c
subposes. Interesting would be to annotate and detect keypoints
in the C-arm, table, or lead screen. Expanding from single-view to
multiple-view or 3D pose detection could help mitigate occlusion, as
explored for the OR in [25�27]. It can be investigated how yielded poses
can be used for automated recognition of e.g. personnel activities,
work�ow phases, or radiation exposure.

The insights from this work can aid the design of new computer vision
setups in the Cath Lab or OR. For instance, cameras are best placed
in a position which provides a clear view on personnel from the front,
excluding re�ective monitors or windows. As occlusion can rarely be
avoided, a clear view of the Arms should be prioritised. When exploring
pose detection, an algorithm can be chosen based on discussed trade-
offs. In the design of a new pose detector one could focus on robustness
against Cath Lab-speci�c occlusion, or distinguishing between real poses
and re�ections. When tracking, it is probably best not to use visual
features due to similarities in appearance from sterile clothing.

The study shows that, considering con�dence scoring and keypoint
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matching, AlphaP is the best-suited tested model in the Cath Lab.
When only keypoint locations are sought, OpenPP could be a better
choice. Due to identity swaps and pose merging, no tested tracker
seems suf�cient for use in work�ow analysis. A new tracker should
be developed based on the shortcomings highlighted in this paper. It
should address the visual complexity of the Cath Lab speci�cally.

3.4. Conclusions
We annotated poses and identities in 2040 frames from ten CAG
procedures. Detection- and tracking metrics AP, PCKh, AA and HOTA
were calculated for the models from table 3.1. Models showed signi�cant
performance differences, except when comparing different models of
the same algorithm. The WallS and CornerSW viewpoints from �g. 3.2
and the Arms keypoints were scored highest upon. The room coverage
and decent results of CornerSE make this view a suitable alternative
for work�ow analysis, although its results vary with monitor positioning.
OpenPP produced the most accurate keypoint locations in the Cath Lab.
AlphaP()) yielded the best con�dence scores, keypoint matching, and
tracking results.
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PoseBYTE:Robust2DHuman
PoseTracking

Work�ow insights can enable safety- and ef�ciency improvements in the
Cardiac Catheterisation Laboratory (Cath Lab). Human pose tracklets
from video footage can provide a source of work�ow information.
However, occlusions and visual similarity between personnel make
the Cath Lab a challenging environment for the reidenti�cation of
individuals. We propose a human pose tracker that addresses these
problems speci�cally, and test it on recordings of real coronary
angiograms. This tracker uses no visual information for reidenti�cation,
and instead employs object keypoint similarity between detections and
predictions from a third-order motion model. Algorithm performance is
measured on Cath Lab footage using Higher-Order Tracking Accuracy
(HOTA). To evaluate its stability during procedures, this is done
separately for �ve different surgical steps of the procedure. We
achieve up to 0.71 HOTA where tested state-of-the-art pose trackers
score up to 0.65 on the used dataset. We observe that the pose
tracker HOTA performance varies with up to 10 percentage point (pp)
between work�ow phases, where tested state-of-the-art trackers show
differences of up to 23 pp. In addition, the tracker achieves up to
22.5 frames per second, which is 9 frames per second faster than the
current state-of-the-art on our setup in the Cath Lab. The fast and
consistent short-term performance of the provided algorithm makes
it suitable for use in work�ow analysis in the Cath Lab and opens
the door to real-time use-cases. Our code is publicly available at
https://github.com/RM-8vt13r/PoseBYTE.

Parts of this chapter were published in Med. Eng. Phys. 135 (2025), ' Elsevier [1].
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T he emerging �eld of work�ow analysis promises tools for the analysis
and improvent of surgical procedures [2�4]. Insights into work�ow

could be used to improve e.g. procedure ef�ciency and safety through
personnel training. We investigate a tool for work�ow analysis in the
Cardiac Catheterisation Laboratory (Cath Lab): a specialised Operating
Room (OR) for minimally invasive cardiovascular procedures. The Cath
Lab is equipped for its specialised purpose with a �xed X-Ray imaging
system containing a ‘C-Arm’ mount, a monitor, and a radiation shield.

One diagnostic procedure carried out in the Cath Lab is the coronary
angiogram (CAG) [5]. During a CAG, cardiovascular access is established
through the wrist or groin area using a catheter. A contrast �uid is
administered directly into the coronary artery to detect anomalies on a
captured X-Ray image. Reference [6] provides a description of the CAG
in terms of consequtive work�ow steps. Its well-de�ned nature makes
the CAG suitable for explorative work�ow study.

Manual work�ow recognition is labour-intensive. In contrast, computer-
assisted automation [7�9] is cost-effective, scalable, and enables real-
time use-cases and assistance [10]. Multi-object keypoint detection can
serve as a stepping stone to activity recognition [11�13]. 2D keypoint
detectors�or pose estimators�localise prede�ned objects and their
keypoints in continuous image pixel (px) space. They quantify detection
con�dence with a score per detected keypoint.

Multi-Object Tracking builds on detection by assigning the same
identi�er (ID) to the same object in different video frames. A tracker
outputs a set of tracklets, each of which contains the per-frame
detections of a unique object.

Many human pose tracking algorithms exist [14�17], which were
benchmarked in general environments [18]. Several existing human
pose trackers wrongfully swap identities or merge pose in the Cath Lab,
as personnel occlusion and visual similarity are common.

In this paper we adapt BYTE [19]�a state-of-the-art bounding box
tracker�for pose tracking in the Cath Lab. BYTE reidenti�es objects
or persons by comparing bounding box detections on subsequent
frames. Persons pass each other regularly in the Cath Lab, after which
their bounding boxes will be hard to distinguish from geometry alone.
The visual features that BYTE uses to mitigate this problem are less
effective here than in the general case, because everyone is dressed
very similarly. Poses provide more geometric information that can be
used for reidenti�cation than a bounding box, by specifying keypoint
coordinates. Therefore, we replace the use of bounding boxes in BYTE
by human poses such that, after or during occlusion by a person or
object, a person can be reidenti�ed by posture. Additionally we extend
the constant-velocity motion model that BYTE uses with acceleration
and jerk to model more complex movement. These changes mitigate
occlusion-induced problems like identity swaps or lost tracklets. As
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visual similarity between personnel can cause identity swaps, the
tracker uses no image data. In the remaining text, we refer to the
proposed method as ‘PoseBYTE’, indicating its utilisation of human pose
data rather than bounding boxes for reidenti�cation.

CAG work�ow phases [6] differ in terms of appearance and movement.
For instance, whilst the patient walks to the operating table there is
a lot of movement and occlusion from ongoing preparations. During
the intervention there are fewer people and less walking, and more
subtle hand- and head motion. The lights being switched on or off
during different phases causes visual differences. For accurate work�ow
analysis from poses, it is important that a pose tracker works throughout
a procedure. Therefore, we test PoseBYTE separately during �ve
different work�ow phases.

Annotated video data are necessary to test pose trackers. We use
30-second video sequences of �ve CAG work�ow phases from the Cath
Lab of the Reinier de Graaf Gasthuis hospital, Delft, NL, all �lmed from
four viewpoints. Ground-truth human pose tracklets were annotated in
the footage to evaluate metrics.

Section 4.1 starts with a description of our dataset, algorithm and
experiments. section 4.2 lists results and discusses those that stand
out. These are further interpreted in section 4.3. Finally, section 4.4
gives a summary.

4.1. Tracking algorithm design
4.1.1. Dataset
The recording of CAG procedures in the Reinier de Graaf Gasthuis
hospital, Delft, NL was approved by the Medical Ethics Committee
Leiden The Hague Delft (protocol number Z19.057, 30-10-2019) and the
hospital board. Informed consent was collected from all �lmed patients
and staff. Procedures were recorded in the hospital Cath Lab from four
different viewpoints (Axis M1125) in a resolution of 1920 px Ö 1080 px
and framerate of 25 frames per second (fps). A cardiologist, scrub
nurse, up to two lab assistants, and the patient were present during
each procedure.

We annotate poses in ten procedure recordings, each performed by a
different medical team for variability. 51 frames were sampled uniformly
over 30 seconds per procedure, from each of the four synchronised
viewpoints. This gives a total of �� � �� � � = ���� annotated frames.
The video sequences were hand-selected to show �ve different work�ow
phases, each taken from two different procedures:

� the patient entering and lying down,

� realisation of endovascular access,
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� Use of ultrasound to detect the radial artery for endovascular
access,

� X-Ray imaging, and

� closure of the entrywound.

The annotations were made in Computer Vision Annotation Tool (CVAT)
[20]1 by two authors with an engineering background. Annotation
quality was checked by another author who has been a practicing
interventional cardiologist for over 13 years. Occluded persons and
re�ections in the monitor or windows were not labelled.

4.1.2. Pose detection
2D human poses are detected per frame with a keypoint detector and
serve as input to PoseBYTE. Section 4.1.4 discusses the tested detectors.

4.1.3. PoseBYTE

Prediction

5 (š+ � )

Update ‘ (š+ � )

e‘ (š+ � )‘ (š)

Figure 4.1.: Schematic of a Kalman �lter [21]. A state �(� ) is kept
internally. Given a noisy measurement 5(�+�) and a model prediction
e�(�+�) based on e�(� ), a new state �(�+�) is produced. �(�+�) contains a
denoised measurement and estimated hidden variables that are used in
the prediction model.

BYTE [19] is a state-of-the-art tracking algorithm that reidenti�es
bounding boxes produced by an object detector [22] between frames. It
keeps a set of tracklets, each of which keeps a state column vector with
its position A(� ) [px] and velocity �(� ) [px f=1] (pixels per frame)

�(� ) =
�
A(� )

�(� )

�
(4.1)

per frame � . Here, the unit f is the time duration of a single frame.
On each frame, a Kalman �lter [21] produces a model-based prediction

1Code available: https://github.com/cvat-ai/cvat

https://github.com/cvat-ai/cvat


4.1. Tracking algorithm design

4

87

eA(�+�) = A(� ) + �(� ) as visualised in �g. 4.1. This is called the prediction
step.

Bounding box detection con�dences are classi�ed as high or low with
a threshold iBCAB. A similarity metric, e.g., Intersection over Union (IoU)
[23] or a visual reidenti�cation feature, measures resemblance between
high-con�dence detections and tracklet predictions eA(�+�). Similarity
scores above threshold xBCAB are used in the Hungarian algorithm [24] to
match detections to predictions. The Kalman �lter provides an updated
state �(�+�) from each match, shown in the right part of �g. 4.1. This is
called the update step.

Low-con�dence detections are matched to remaining tracklets with a
similarity metric that does not rely on visual information. Here, another
similarity score threshold xFIQ � xBCAB is applied. Unmatched tracklets
are labelled as ‘lost’, their new state being predicted on each frame
until i) they can be matched to a detection and the tracklet continues,
or ii) �G?G frames have passed and the tracklet ends. Remaining
high-con�dence boxes seed new tracklets, which are con�rmed on the
next frame with a similarity threshold xH?Q � xBCAB before proceeding as
usual.

Pose tracking
We adapt the Kalman �lter to store coordinates and velocities per
keypoint rather than per object. Position and velocity in eq. (4.1)
become

A(� ) =

2
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� (4.2)

where K and j�j denote the set of keypoint classes and set cardinality
operator, and �(� )

< , J(� )
< , ��(� )

< , �J(� )
< are horizontal (�) and vertical (J)

position and speed of keypoint < 2 K on frame � .
If and only if i) a tracklet and a pose detection are matched, and

ii) a keypoint in the pose has a con�dence below iEJ, we exclude this
keypoint from the update step. This is done by leaving out the rows
corresponding to this keypoint in the Kalman �lter observation matrix
and observation vector during the update. Thus, in this case, the state
of this keypoint on the next frame is purely its model-based prediction.
If a keypoint has a con�dence below iEJ when starting a new tracklet,
we apply a large 10 000 px observation uncertainty to it instead as we
need to initialise a full initial state. When a tracklet is not matched or no
keypoints remain after thresholding, the tracklet is lost but can be found
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again as described in section 4.1.3. Whilst a tracklet is lost, predicted
keypoints act for future matching only and are not saved as part of the
tracklet. Tracklet keypoint coordinates are taken from the Kalman �lter
update step, and con�dences copied from the detector.

We use the mean of all nonzero keypoint con�dences as pose score,
and the tightest-�t bounding box as approximate segmentation area.
Object Keypoint Similarity (OKS) [25] is used as Similarity score, in which
calculation the Kalman �lter prediction is treated as ground truth. We
do not use any visual clues, as similarities between personnel can make
this an unreliable feature for pose tracking in the Cath Lab.

Higher-order movement
BYTE uses a constant-velocity model for state prediction. In human
movement we can suspect higher-order positional derivatives to be
involved [26]. Therefore, we add acceleration �(� ) and jerk ;(� ) to the
model. The state vector becomes

�(� ) =

2
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where A(� ) and �(� ) are given by eq. (4.2) and ��(� )
< , �J(� )

< , ;�(� )
< , ;J(� )

<
are acceleration and jerk. In the prediction step we assume that these
decrease linearly over time and update them as

�
e�(�+�)

e;(�+�)

�
=
��
h� h;
� h;

�

 ��jKj

��
�(� )

;(� )

�
� (4.4)

where h� and h; are memory factors, 
 denotes the Kronecker product,
and �� 2 R��� is an identity matrix. Next we predict velocity and position
with the 3rd-order derivative motion equations

�
eA(�+�)

e�(�+�)

�
=
��
� � ��� ���
� � � ���

�

 ��jKj

�
2

6
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4

eA(� )

e�(� )

e�(�+�)

e;(�+�)

3

7
7
5 � (4.5)

We predict in these two steps to ensure that �(� ) and ;(� ) have no effect
on �(�+�) if the respective memory factor is 0. Note that, if h� = � but
h; 6= �, jerk still causes some acceleration in eq. (4.4).
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4.1.4. Experimental setup
Metrics
Detection- and tracking performance are evaluated with Detection
Accuracy (DA) and Association Accuracy (AA) [27]. Higher-Order
Tracking Accuracy (HOTA) =

p
DA � AA aggregates these metrics into a

single score. We match detections to annotations as described in [27]
with OKS as localisation similarity. DA, AA and HOTA are evaluated over
a range of OKS thresholds from 0.5 to 0.95 with step size 0.05, and
report the average as per convention [25, 27]. Additionally, we measure
average algorithm speed in [fps].

Work�ow phase
Metrics are evaluated separately on each annotated work�ow phase
from section 4.1.1. This way we observe situational effects on pose
tracking.

Parameters
We use the PoseBYTE parameters from table 4.1. Optimal values for h�
and h; are found by ranging each from 0 to 0.9 and evaluating HOTA for
all work�ow phases jointly. We exclude memory factors of 1 to prevent
instability in the Kalman prediction step.

Table 4.1.: PoseBYTE parameters used for all experiments in section 4.1.4.
iBCAB iEJ xBCAB xFIQ xH?Q h� h; �G?G
0.5 0.3 0.8 0.5 0.65 0.4 0.8 50

Ablation study
We test the contribution of each PoseBYTE component on HOTA and
speed. As a baseline we test bounding box tracking using IoU as
object similarity. Here, we use tightest-�t bounding boxes around each
pose for tracking but still evaluate metrics on keypoints for consistency.
Undetected keypoints are estimated by translating and scaling the last
detected pose to tightly �t the new bounding box after each prediction
step. Secondly, we add pose data and OKS in the Kalman �lter as
described in section 4.1.3. Finally, we include the acceleration and jerk
from section 4.1.3.

Pose detector
All tested pose detectors and their abbreviations in this chapter are
introduced in table 4.2. All tests are carried out with AlphaP152
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Table 4.2.: Pose detection models tested in section 4.1.4. Here,
OpenPP30T is the only model with built-in tracking.

Model Details

AlphaP50 ResNet50[28]+YOLOv3-SPP[29, 30]+FastPose[14]
AlphaP152 ResNet152[28]+YOLOv3-SPP[29, 30]+FastPose[14]
OpenPP16C Shuf�eNetV2K16[15, 31]+CifCaf[15]
OpenPP30C Shuf�eNetV2K30[15, 31]+CifCaf[15]
OpenPP30T tShuf�eNetV2K30[15, 31]+TrackingPose[15]

unless explicitly stated otherwise. No detectors are re-trained, i.e.,
the pre-trained models and code linked in the respective citations
from table 4.2 are used. As the optimal values for h� and h; rely
heavily on the pose detector, we select these to maximise HOTA
separately for each detector. Other parameters are kept the same in
accordance to section 4.1.4. We provide baseline tracking results from
AlphaP152+Human-ReID [14] and OpenPP30T.

Qualitative results
For demonstrative purposes we show example pose tracklets from
AlphaP152 with Human-ReID or PoseBYTE in the ‘Patient entry’ phase.
Frames are selected to highlight problems solved or introduced by
PoseBYTE. We only show keypoints with a detection con�dence of at
least iEJ.

4.2. Results
DA is shown in table 4.3 for a range of memory factors. Scores range
from 0.63 to 0.65, where a low acceleration factor seems to be preferred.
Table 4.4 shows AA in a similar fasion. Here, scores range from 0.72 to
0.78 and are mostly uniform around ���� when h� and h; are lower than
0.8. Consequently, HOTA ranges from 0.67 to 0.71 with a preference for
low h� and h;.

OpenP achieves up to 0.69 HOTA with h� and h; below 0.6, and
achieves the best AA when h�� + h�; � ����

�. OpenPP16C prefers low h�
and h;, and scores up to 0.64 HOTA. OpenPP30C yields up to 0.73 HOTA,
when h�� + h�; � ����

� holds. Finally, AlphaP50 scores up to 0.70 HOTA
and prefers both factors between 0.4 and 0.9.

The optimal memory factors differ per work�ow phase. During ‘Patient
entry’, keeping both memory factors below ��� approaches a HOTA of
0.74. During ‘Wrist access’ making both factors 0 yields the best HOTA
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Table 4.3.: DA for different acceleration- and jerk memory factors,
evaluated jointly over all work�ow phases.

h�
h; 0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9

0.0 .64 .64 .64 .64 .64 .64 .64 .64 .65 .64
0.1 .64 .64 .64 .64 .64 .64 .64 .64 .65 .64
0.2 .64 .64 .64 .64 .64 .64 .64 .64 .64 .63
0.3 .64 .64 .64 .64 .64 .64 .64 .64 .64 .63
0.4 .64 .64 .64 .64 .64 .64 .64 .64 .64 .63
0.5 .64 .64 .64 .64 .64 .64 .64 .64 .64 .63
0.6 .64 .64 .64 .64 .64 .64 .64 .64 .64 .63
0.7 .64 .64 .64 .64 .64 .64 .64 .64 .63 .63
0.8 .64 .64 .64 .64 .64 .64 .64 .64 .63 .63
0.9 .64 .64 .64 .64 .64 .64 .64 .63 .63 .63

0.65

0.63

Table 4.4.: AA for different acceleration- and jerk memory factors,
evaluated jointly over all work�ow phases.

h�
h; 0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9

0.0 .78 .78 .78 .77 .77 .78 .78 .78 .77 .77
0.1 .78 .77 .77 .77 .77 .78 .78 .77 .76 .76
0.2 .77 .78 .77 .77 .78 .78 .78 .77 .76 .75
0.3 .77 .77 .77 .77 .78 .78 .77 .77 .76 .76
0.4 .78 .78 .78 .77 .78 .78 .77 .77 .77 .76
0.5 .77 .77 .78 .78 .78 .78 .77 .76 .77 .76
0.6 .78 .78 .78 .78 .78 .78 .77 .76 .77 .75
0.7 .78 .78 .78 .77 .78 .77 .76 .76 .75 .75
0.8 .77 .77 .78 .77 .76 .76 .77 .77 .75 .75
0.9 .77 .77 .76 .76 .77 .77 .76 .76 .75 .72

0.78

0.72
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of 0.70. The ‘Ultrasound’ phase prefers factors of h�� + h�; � ���
� for a

HOTA of 0.75. ‘X-Ray’ yields 0.71 HOTA for h; � ��� � ���h�. During
‘Wound closure’ the best DA of 0.56 is achieved for h�� + h�; � ���, and

the best AA of 0.76 for h�� + h�; � ����.

Table 4.5.: PoseBYTE HOTA and speed in fps per work�ow phase with the
parameters from table 4.1 after each addition from section 4.1.3

OKS h� h;
Patient
entry

Wrist
access Ultrasound X-Ray Wound

closure Total

HOTA fps HOTA fps HOTA fps HOTA fps HOTA fps HOTA fps

.74 21.7 .69 27.5 .75 18.6 .66 20.8 .61 24.4 .70 22.2

Ø .73 21.8 .71 27.8 .75 18.1 .68 22.8 .64 25.3 .71 22.7

Ø .7 .73 21.5 .69 27.5 .75 18.2 .68 22.9 .64 24.4 .70 22.5

Ø .2 0.5 .73 21.3 .69 26.7 .75 18.0 .68 23.2 .65 25.2 .71 22.5

Table 4.5 shows HOTA and inference speed per added PoseBYTE
component. Tracking poses instead of bounding boxes increases HOTA
by 0 pp to 3 pp depending on the phase. An exception is the ‘Patient
entry’ phase, on which HOTA decreases by 1 pp. Adding h� keeps results
mostly the same, where HOTA decreases by 2 pp during ‘Wrist access’.
The addition of h; increases HOTA by 1 pp on the ‘Wound closure’
phase. Speed changes per added component seem negligible, where
the largest observed change on all phases jointly is 0.5 fps. We observe
speed differences per work�ow phase, where ‘Ultrasound’ yields the
lowest speeds of 18.0 fps to 18.6 fps and ‘Wrist access’ the highest of
26.7 fps to 27.8 fps.

For OpenPP16C, which achieves a HOTA score of 0.44 with BYTE, the
addition of OKS yields a HOTA gain of 20 pp. OpenPP30C sees a similar
increase from 0.58 to 0.73. OpenP gains 5 pp with OKS over 0.64 HOTA
with BYTE.

We show results for all considered pose detectors and track-
ers in table 4.6. The best HOTA of 0.73 is achieved by
OpenPP30C+PoseBYTE, with a speed of 5.0 fps. It is closely fol-
lowed with 0.71 HOTA by AlphaP152+PoseBYTE�the fastest model at
22.5 fps. AlphaP50+PoseBYTE comes close with 0.70 HOTA at 19.1 fps.
The lowest HOTA and speed come from OpenPP30T: 0.53 at 4.3 fps

AlphaP and OpenPP achieve higher HOTA and speed with PoseBYTE
than with their own trackers�Human-ReID and TrackingPose. For AlphaP
the HOTA improvement is up to 6 pp whereas for OpenPP it is 20 pp.
Looking per phase, Human-ReID outperforms PoseBYTE by up to 5 pp
during ‘Wrist access’, ‘Ultrasound’ and ‘X-Ray’. During ‘Patient entry’,
PoseBYTE outperforms Human-ReID with up to 19 pp. OpenP yields
worse HOTA and speed than AlphaP152 with PoseBYTE on all work�ow
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Table 4.6.: HOTA and speed in fps of PoseBYTE and other trackers

Model
Patient
entry

Wrist
access Ultrasound X-Ray Wound

closure Total

HOTA fps HOTA fps HOTA fps HOTA fps HOTA fps HOTA fps

AlphaP50+
Human-ReID 0.55 12.4 0.69 15.8 0.74 11.0 0.73 14.4 0.52 16.1 .65 13.7

AlphaP50+
PoseBYTE(ours) 0.74 17.1 0.68 25.8 0.72 14.8 0.70 20.3 0.65 20.6 .70 19.1

AlphaP152+
Human-ReID 0.55 12.2 0.70 15.4 0.76 11.0 0.73 14.2 0.53 16.0 .65 13.5

AlphaP152+
PoseBYTE(ours) 0.73 21.3 0.69 26.7 0.75 18.0 0.68 23.2 0.65 25.2 .71 22.5

OpenPP16C+
PoseBYTE(ours) 0.71 9.4 0.54 9.8 0.62 8.8 0.65 9.7 0.64 9.8 .64 9.5

OpenPP30T 0.60 4.2 0.47 4.3 0.53 4.2 0.54 4.3 0.51 4.3 .53 4.3

OpenPP30C+
PoseBYTE(ours) 0.77 5.0 0.68 5.1 0.74 4.8 0.75 5.1 0.69 5.1 .73 5.0

OpenP+
PoseBYTE(ours) 0.71 10.1 0.60 10.1 0.75 9.9 0.74 9.8 0.62 10.2 .69 10.0

phases except ‘Ultrasound’ and ‘X-Ray’. For OpenPP16C there are no
such exceptions. AlphaP152+PoseBYTE yields HOTA differences per
phase of up to 10 pp, which is 23 pp with Human-ReID. This difference is
present but less pronounced for OpenPP30 with 9 pp and 13 pp.

Figure 4.2 shows qualitative results of Human-ReID and PoseBYTE
during ‘Patient entry’ with the AlphaP152 detector. Each row shows a
different frame in chronological order, where the top row comes �rst
and bottom row last. Time intervals between rows are not constant.
Each pose shows an integer tracking ID and the detection con�dence
score between 0 and 1.

At the start of the procedure, Human-ReID sees all persons earlier
than PoseBYTE. Shortly after, PoseBYTE catches up and sees the same
persons. Between the second and third timesteps, one assistant passes
in front of the patient and another walks behind the infusion bags.
Here, an identity swap occurs with Human-ReID between the patient
and the �rst assistant, but not with PoseBYTE. Both trackers lose the
second assistant, after which Human-ReID wrongly assigns a previously
seen ID and PoseBYTE assigns a new one. Only Human-ReID sees the
third assistant in the lower-left corner. In the fourth row, Human-ReID
re-assigned the �rst two assistants their initial IDs. A duplicate pose
can be seen in the patient, which is now assigned both their original ID
and that of the third assistant in the corner. PoseBYTE is still tracking
the two assistants, but has assigned a new ID to the patient after an
assistant passed them in front. In the last row, neither Human-ReID nor
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Human-ReID PoseBYTE

Figure 4.2.: Qualitative results of Human-ReID and PoseBYTE during the
‘Patient entry’ phase, where poses are detected with AlphaP152. Rows
show different timeframes in chronological order from top to bottom,
with varying intervals.
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PoseBYTE has lost or swapped any IDs. Here, Human-ReID sees a pose
in the re�ection of the monitor, which PoseBYTE ignores because of the
tracklet con�rmation step inherent to BYTE.

4.3. Discussion
In this work we adapted BYTE for pose tracking in the Cath Lab and
compared the resulting method to pose trackers from literature.

During the ‘Patient entry’ phase, Human-ReID and TrackingPose yield
HOTA scores of up to 0.60. We observe in videos that Human-ReID is
prone to identity swaps, which could be due to it relying on visual clues
of similarly-dressed personnel. It occasionally detects duplicate poses,
which slip past the non-maximum suppression designed to solve this
very problem [14]. TrackingPose sometimes merges poses that are close
to each other, possibly because of its multi-frame pose construction
creating more opportunity to do so. It also tends to miss visible
keypoints in partially occluded poses, which Human-ReID solves possibly
by imposing a prior through bounding box detection. The many (4
to 6) visible persons during ‘Patient entry’ could amplify these issues.
PoseBYTE uses no visual features and does tracking and detection
separately, which could contribute to it performing up to 18 pp HOTA
better on this phase. However, this tracker does tend to lose persons
quickly during occlusions of more than a few frames.

With the ‘Ultrasound’ phase containing 4 to 5 people, one could
expect the same problems to occur. Although TrackingPose performs
similarly here, Human-ReID does better with up to 0.76 HOTA�1 pp
higher than PoseBYTE. A difference between this phase and ‘Patient
entry’ is that, although people occlude each other in both, they walk a
lot during ‘Patient entry’ and stay in place during ‘Ultrasound’. Their
close vicinity causes TrackingPose the same problems as before, whilst
their stillness could be allowing Human-ReID to track more accurately
based on position. The same is visible in the other low-movement
phases ‘Wrist access’ and ‘X-Ray’, which both have only 2 to 3 persons
in the room besides the�rarely visible�patient, simplifying the tracking
problem.

Modelling acceleration and jerk yielded little HOTA improvement for
any tested detector. It yielded its largest HOTA improvement of
5 pp when using the AlphaP50 detector in the ‘Wound closure’ phase.
Different combinations of detector and phase yield different optimal
memory factors. All in all, the bene�t of including higher-order
movement seems negligible.

We aim to provide a tracker that works reliably throughout a
procedure. Even though PoseBYTE does not always perform better than
the benchmark set by the state-of-the-art, its HOTA varies much less
between work�ow phases. For work�ow analysis the most important
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phases to analyse through poses are ‘Patient entry’ and ‘Wound closure’,
as during other phases the system logs provide an alternative source of
work�ow information. During these phases, PoseBYTE delivers a HOTA
improvement of 12 pp to 19 pp with respect to the benchmark.

PoseBYTE speed roughly decreases with the number of people in the
room when the AlphaP detector is used. This effect is much less
pronounced, if at all, with the OpenPP and OpenP detectors. The
same can be observed with Human-ReID and TrackingPose, suggesting
that the slowdown occurs in the detection- and not the tracking stage.
In either case, PoseBYTE achieves higher speeds than the benchmark
trackers in all situations, making real-time applications more viable.

For the purpose of work�ow analysis, it is important to have a
reliable information source throughout a procedure. PoseBYTE �ts this
description well, as it achieved the lowest HOTA spread of all tested
trackers over the tested CAG work�ow phases. Especially during ‘Patient
entry’, where few other sources of work�ow information are available,
PoseBYTE improves on the state-of-the-art. Whether its overall HOTA
score of 0.71 is high enough will depend on what information one wants
to obtain. It will suf�ce for measuring estimate positions and short-term
motion of people in the Cath Lab, which can already be indicative of
work�ow. However, the results might not be good enough for analysis
of �ne-grained long-term movement and gestures. Here, the tendency
of PoseBYTE to lose tracklets after occlusion could interfere. One can
mitigate the effect of inaccurate motion model predictions by excluding
keypoints with a con�dence below iEJ.

We did not test for optimal values of PoseBYTE parameters other than
h� and h;, and even those latter two were tested only over a limited
set of values. For reference, a memory factor of ��� per frame amounts
to a memory of only ����� = ����� per second. The used movement
model assumes keypoints to move independently of each other, causing
anatomically unrealistic predictions over time. This could explain why
PoseBYTE still has trouble reidentifying poses after occlusions of some
frames.

In future work more memory factors in the range [�����) could be
tested, in addition to �nding optimal values for other parameters. A
memory factor for velocity could be included, as we observe movements
in the Cath Lab to often span short distances. Alternatively a different
model could be used, built speci�cally for human motion prediction [32].
Finally, the integration of multiple camera views could be investigated
as in [33�35].

PoseBYTE yields higher HOTA and speed in the Cath Lab with greater
stability between different situations than the tested pose trackers from
literature. With a HOTA score of 0.71 at 22.5 fps, it is a suitable method
for short-term real-time pose tracking for work�ow analysis in the Cath
Lab.
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4.4. Conclusion
We adapted BYTE for pose tracking in the Cath Lab without relying
on visual clues. The algorithm was evaluated in terms of HOTA and
speed on �ve annotated CAG work�ow phases before, during, and
after procedures. PoseBYTE shows stable performance across work�ow
phases and outperforms the current state of the art in terms of HOTA
and speed. The improvement is most apparent when the patient enters
the room, which is also the least trivial situation for tracking.
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Work�owPhaseEstimation
from2DHumanMotion

Previous chapters re�ned 2D human pose tracking in the cardiac
catheterisation laboratory. Human pose tracklets are a popular input
feature to human- and group action recognition algorithms. Existing
methods vary in terms of accuracy and interpretability. Work�ow
phases during cardiac angiograms are a form of group activity. As
an explorative work�ow study, we investigate the relation between
human motion and work�ow phases in a transparent way. Since
neural network reasoning is dif�cult to interpret, we build a classi�er
on handcrafted features instead. History vectors measure keypoint
motion and distances over time. Using expectation maximisation, we
build mixture models to represent each work�ow phase. Given a new
history vector measurement, each mixture model produces a score for
it indicating the respective work�ow phase. In addition, a work�ow
phase prior was imposed based on procedure duration. The trained
model yielded near-uniform work�ow phase probabilities, regardless of
the ground truth. It was biased towards phases that appeared more
often, yielden better-than-uniform accuracies up to 0.39. The �awed
results suggested that different keypoints contribute differently towards
the prediction. For example, the distance between persons seemed
to indicate procedure duration. Although the proposed method did
not yield accurate work�ow phase classi�cations, provided insights can
be used in future algorithm design. Associating information between
different keypoints, which the proposed model lacked, is seemingly
important.
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O perating rooms (ORs) account for a large fraction of the hospital
budget. Personnel shortages and rising procedure costs further

complicate the situation in modern healthcare [1�3]. It is more important
than ever to make ef�cient use of operating rooms to alleviate these
circumstances. A �rst step towards more ef�cient use is to obtain
insights into current peri-operative work�ows, and determine possible
best practices or inef�ciencies [4, 5]. This could be done through manual
observation, but this is labour-intensive and does not scale to other
hospitals. In this chapter, we explore computer-assisted methods for
automated observation [6, 7]. This approach requires fewer resources
than manual annotation, but is technically challenging [8].

The Cardiac Catheterisation Laboratory (Cath Lab) is a specialised OR
for minimally invasive cardiac procedures. The Cath Lab is equipped
for its purpose with a ‘C-Arm’-mounted X-Ray device, a monitor, a
mobile operating table and a radiation shield. During procedures, a
cardiologist, scrub nurse, several assistants, and occasional spectators
are present. The cardiologist and scrub nurse control the devices using
a control panel, offering physical buttons, a touch screen, and/or foot
pedals. Patient vitals and X-ray images are viewed on the monitor in
real-time. For radiation-safety, everyone but the cardiologist and scrub
nurse�and possibly a spectator�retreat to the adjacent control room
during the procedure. Here, they receive the same information as the
Cath Lab monitor on a separate display, and have a clear view into the
room through a radiation-proof window. Those who remain in the room
wear lead aprons, glasses and collars, and can position the lead shield
to receive as little exposure as possible.

One diagnostic procedure performed in the Cath Lab is the Cardiac
Angiogram (CAG) [9]. A catheter is guided through the wrist or groin to
administer a contrast �uid into the heart. The contrast �uid reveals blood
�ow through the cardiac arteries in X-Ray footage, showing de�ciencies.
From a work�ow perspective, the CAG is relatively straightforward and
standardised. This makes it a suitable target for explorative work�ow
study.

Work�ow phases can be extracted from procedure video footage.
This approach has clear parallels to Human Action Recognition (HAR)
[10]. Human actions can be divided into different levels of complexity
and collaboration. from this perspective, a work�ow phase is a ‘group
activity’ [11].

Published datasets with annotated group activities were recorded in
public areas [11]. These usually consist of short videos lasting up to 30 s,
with a single activity label each. To our knowledge, no public dataset
contains footage from medical procedures. In such procedures, which
can last hours, The presence of phase transitions demands multiple
classi�cations over time.

Human pose tracklets are a popular feature for HAR [12, 13]. A pose
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is de�ned as a collection of keypoints like in [14]. Pose tracklets contain
a unique identi�er (ID) to reidentify individuals between video frames.
The set of all keypoints in a range of video frames F can be de�ned as

ƒ
<(� )
A� � A 2 P�  2 K� � 2 F

'
� (5.1)

<(� )
A� 2 R�� (5.2)

F = �� � � = �� � � � � �� � (5.3)

where P is the set of all individuals, K is a prede�ned set of keypoint
classes that form a pose like in [14], and � is the number of frames.
<(� )
A� contains image-space cartesian coordinates in pixels (px). One can

obtain e.g. a single pose detection by �xing A and � and varying  , a
keypoint tracklet by �xing A and  and varying � , or a pose tracklet
by �xing only A. The process of pose tracking aims to �nd a set of
detections

ƒ
5(� )
A� � A 2 P�  2 K� � 2 F

'
� (5.4)

5(� )
A� � <

(� )
A� � (5.5)

Since in practice usually 5(� )
A� 6= <(� )

A� , a pose tracker additionally produces
a detection con�dence

4(� )
A� 2 [���] (5.6)

to accompany each 5(� )
A� .

As poses naturally translate to partially connected graphs, modern
works often use Graph Convolutional Networks (GCNs) for HAR from
human poses [10�13]. Other popular approaches include long short-
term memory (LSTM) and Transformer models, which excel in �nding
temporal relations. Yokoyama et al. [15] explores work�ow phase
recognition from real OR footage, using a LSTM network that provides a
classi�cation per frame. Neural networks�which all methods mentioned
are examples of�provide state-of-the-art inference speed and accuracy.
A drawback is their ‘black box’ nature, which makes the reasoning
behind a classi�cation hard to interpret without the proper tools [16].

In this work, we aim to classify CAG work�ow phases from 2D
human tracklets in an interpretable manner. The tracklets are obtained
using a neural network. The velocity history vector from [17] is
an interpretable, handcrafted feature that was succesfully used for
HAR. We introduce the history vector: a generalisation of the velocity
history vector that can look at the historical positioning of any keypoint
with respect to itself or any other keypoint. By extracting history
vectors from detected tracklets, we look at the pose, position and
movement of individuals�with respect to themselves or each other�as
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an indicator of the work�ow phase. We modify the classi�cation process
from [17] to discriminate between keypoint classes, and correct for
detection con�dence. We demonstrate how the handcrafted features
make transparent how different keypoints and relations contribute to
classi�cation. The algorithm is trained on video recordings of 7 real CAG
procedures, in which work�ow phases were labelled each second.

Section 5.1 describes the dataset and annotations, pose detection-
and tracking algorithm, and the classi�cation and training process. The
section �nishes with a description of performed experiments, the results
of which are discussed in section 5.2. Section 5.3 interprets the results
and their implications. Section 5.4 concludes the work.

5.1. Phase Estimation
5.1.1. Videos and annotations

Figure 5.1.: The Cath Lab viewpoint evaluated in this work.

Seven real Cardiac Angiogram (CAG) procedures were recorded in the
Cath Lab of the Reinier de Graaf hospital (RdGG) in Delft, NL. Recordings
were shot in 1920 px Ö 1088 px with 25 frames per second using multiple
Axis M1125 cameras. In this work we use the viewpoint shown in �g. 5.1,
which was experimentally veri�ed to yield the best pose tracking results
whilst providing a clear view on work�ow activities. The low-level
CAG work�ow phases described in table 5.1 were annotated in Noldus
Oberserver XT [18] by two medical doctors studying work�ow in the
RdGG. Figure 5.2 shows the representation of each phase in the dataset.



5.1. Phase Estimation

5

109

Table 5.1.: Annotated low-level CAG work�ow phases, and grouping into
high-level phases.

Low-level phases High-level phases
Phase Description Phase Description

A Preparation
9
>=

>;
A PreparationB Patient arrival

C Preparation with patient

D Endovascular access
9
>>>=

>>>;

B Recording 1
E Guiding catheter 1
F Recording artery 1
Fa Extra catheter during F
G Guiding catheter 2 9

>>>>>=

>>>>>;

C Recording 2
H Recording artery 2
Ha Extra catheter during H
I Preparing wound closure
J Wound closure
K Cleaning (patient present)

9
=

;
D Cleaning

L Cleaning (patient absent)
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Figure 5.2.: The number of hours per work�ow phase over the included
dataset.
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Large differences can be seen, which could make the recognition of
some phases more dif�cult than others when trained on this dataset.

5.1.2. Pose Estimation
FastPose [19]�pretrained on COCO [14]�was used to detect human
poses. YOLOv3-SPP [20, 21] and ResNet152 [22] supplied the required
bounding boxes and feature maps, respectively. Poses on different
frames were combined into tracklets and re�ned with PoseBYTE [23].
Keypoint detections with a con�dence below 0.3 were considered
undetected. Tracklet gaps were �lled with bilinear spline interpolation if
the gap was neighboured by two detected keypoints.

5.1.3. Windowing
We divide an input video into a set of overlapping windows. A new
window starts every ( frames. Each window has a length of � frames.
We allow the last window to be shorter if the video length is not divisible
by �.

A single work�ow phase is predicted per window, as explained in the
following subsections. Pose tracklets are sampled and zero padded to
�t the window and serve as the input sample. The work�ow phase
annotated on the last window frame serves as ground truth. Selecting
a larger � provides more context during prediction, but increases
computational complexity.

5.1.4. History Vectors
A history vector [17] contains the binned position of a keypoint detection
5(� )
A� with respect to a reference 5(��)

A�� � over a range of frames � . The
reference is produced by a function C (A�  � � ) = �A��  �� ���, which can
be designed to capture different aspects of motion as demonstrated in
section 5.1.4. Assuming that a single A,  , and C are selected and kept
�xed, ��, A� and  � are implied and notation simpli�es to

5(� ) �= 5(� )
A� � (5.7)

5(� )
� �= 5(��)

A�� � (5.8)

on frame � . As 5(� )
� is implied by C and 5(� ), we omit it in future

equations. 4(� )
A� and 4(��)

A�� � are implied by 5(� ) and 5(� )
� , and are therefore

also omitted.
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Figure 5.3.: History vector bins for �v = �, �n = �, v�LMN = ��� and
vG}R = �. A displacement between two keypoints is assigned to a single
bin.
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Velocity History Vectors
Reference [17] introduces the velocity history vector, which represents
the motion of a single tracked keypoint. Here, C (A�  � � ) = �A�  � � � m��
compares a keypoint with its own historic position, where a larger
m� 2 N+ captures longer-term motion.

Intra-distance History Vectors
We introduce the intra-distance history vector to capture relative
keypoint positions within a pose, with C (A�  � � ) = �A�  �� �� for an
arbitrary  � 2 K�  � 6=  . This representation captures relations within a
pose.

Inter-distance History Vectors
Where the previous subsections focus on movement within poses,
positioning of individuals with respect to each other also describes
work�ow. For example, the cardiologist and lab assistant are standing
close together during recording phases whereas many people walk
around during preparation. To this end, we design the inter-distance
history vector as C (A�  � � ) = �A��  � �� for an arbitrary reference pose
A� 2 P� A� 6= A.

Binning
Magnitude and orientation of displacement 5(� ) � 5(� )

� are assigned to
bins from prede�ned sets

Bv =
�
3v�? � ? � �v� ? 2 N+	 � (5.9)

Bn =
�
3n�> �> � �n�> 2 N+	 � (5.10)

respectively, where �v and �n are the number of magnitude- and
orientation bins. Bv and Bn combine into a larger set

B =
�
3< � 3< = 3v�? \ 3n�>�

3v�? 2 Bv� 3n�> 2 Bn�

< = (? � �)�n + >
	
�

(5.11)

Figure 5.3 shows an example grid of bins, with one binned value.
Orientation bins are spaced uniformly. To retain detail in �ne-
grained movement, boundaries between magnitude bins 3v�? 2 Bv are
spaced logaritmically using the natural logarithm, between the desired
endpoints v�LMN and vF}MN. 3v�� extends from 0 to v�LMN, and 3v��v ends at
vF}MN. Any magnitudes beyond vF}MN are still assigned to 3v��v .

Binning produces a history vector

9 =
�
9(�) � � � 9(�)

�) � (5.12)
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where 9(� ) contains the bin assignment on window frame � .

5.1.5. Markov Models
Reference [17] makes the assumptions that

1. each history vector is generated by a Markov model, and

2. each generating Markov model is unique to one activity (or work�ow
phase, in our situation).

A Markov model " provides history vector sample probabilities

A9(� ) j"(3j>) (5.13)

and transition probabilities

A9(� ) j9(���)�"(3j3��>)� (5.14)

We estimate the probability that a history vector was detected given
Markov model " as

A9j"(3j>) = A9(�) j"(3j>)
�Y

�=�

A9(� ) j9(���)�"(3j3��>)� (5.15)

There may be frames on which keypoints were not detected, leaving
gaps in their tracklets and thus 9. If missing detections separate 9 into
a set of history subvectors H, we write

A9j"(3j>) =
Y

e92H

A e9j"(3j>)� (5.16)

calculating each A e9j"(3j>) as in eq. (5.15).
A9j"(3j>) decreases as � grows. Thus, long sequence lengths yield

lower probabilities than short ones. Therefore, we normalise eq. (5.16)
as

A��
e�

9j"(3j>)� (5.17)

where e� is the total number of frames in H.
In numerical calculation, rounding errors cause A9j"(3j>) to become

zero for large values of e�. Therefore, we implement eq. (5.17) iteratively
to normalise in a distributed way. In iteration � 2

�
�� � � � � e�

	
, we calculate

A9� j"(3j>) = A(���)� �
9��� j"

(3j>)

8
<

:

A�� �
9(� ) j"

(3j>) After detection gap

A�� �
9(� ) j9(���)�"

(3j3��>) Elsewhere
� (5.18)

where 9� is the subvector of 9 on frames � to � , and 9� can be set to any
�nite value. The �nal result 9 e� = 9 provides the solution of eq. (5.17),
normalised and corrected for missing detections.
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5.1.6. Mixture models
The assumption was stated in section 5.1.5 that each Markov model
belongs to a single work�ow phase. The reverse we do not assume, i.e.,
multiple Markov models can indicate the same phase. A work�ow phase
� 2 A from a prede�ned set A can be represented by a mixture model.
The mixture model consists a set of weighted Markov models M� with
weights

A"j�(>j�)� (5.19)

Given �, we calculate the probability of a history vector 9 appearing as

A9j�(3j�) =
X

>2M�

A9�"j�(3�>j�)� (5.20)

As 9 is fully generated by a Markov model, which in turn is de�ned fully
by �, we can write

A9�"j�(3�>j�) = A9j"(3j>)A"j�(>j�)� (5.21)

which components are given by eqs. (5.18) and (5.19).

5.1.7. Work�ow phase transitions
In practice, a work�ow phase is not often recognisable from an arbitrary
window. It is necessary to build memory into the algorithm that extends
beyond the window length �. Work�ow dynamics change throughout a
procedure. Work�ow phases or phase transitions are more- or less likely
depending on elapsed time. This knowledge should be used during
phase classi�cation. We use a time-dependent Markov model to achieve
this, de�ning probabilities

A��(����)� (5.22)
A�� j����(����j����)� (5.23)

where �� is the work�ow phase shown in window �. We evaluate a
version of the Viterbi algorithm [24]:

A���9�(���3�) .
X

����2A
A9� j��(3�j��)A�� j����(����j����)�

A�����9���(�����3���)� (5.24)

where 9� is the set of history vectors in window �, 9� is the set of
history vectors in windows before �, prior A9�(3�) is assumed to be
uniform, and 9� is assumed to be independent of ����. the �rst two
components are given in eqs. (5.20) and (5.23), and the last is obtained
iteratively. For the �rst iteration we write

A���9�(��� 3�) = A9� j��(3�j��)A��(����)� (5.25)
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which components are given by eqs. (5.20) and (5.22).
Every iteration, eq. (5.24) or eq. (5.25) gives the a-posteriori probability

of the newest window being in a certain phase. This probability is
maximised over A to obtain a classi�cation.

5.1.8. Training
Inference requires a set of Markov models, grouped into mixture
models. Each mixture model is trained on the labelled windows from
section 5.1.3 using Expectation Maximisation [25]. First, the probabilities
from eqs. (5.13) and (5.14) are initialised randomly per Markov model.
The window order is randomised during training. Two steps are repeated
until no more windows are left in the training set:

1. Expectation: From a new batch of windows W� belonging to
phase �, each tracklet is scored per Markov model " 2M� using
eq. (5.18). Maximising the obtained probabilities over M� forms
a cluster of tracklets per Markov model. Tracklets with fewer than
�GCH samples are discarded.

2. Maximisation: A new Markov model is extracted empirically from
each cluster by counting the number of bin appearances- and
transitions. In the case that a cluster contains fewer than )GCH
tracklets, the original Markov model is kept instead. This yields a
new set of models M�.

This process can be repeated for a number of epochs, re-adding all
windows to the training set in random order each time. Note that
Expectation Maximisation only makes sense when jW�j � jM�j, since
each cluster should have at least one tracklet to extract empirical data.
After the last iteration, counting the number of tracklets per cluster
yields empirical Markov model weights for eq. (5.19).

The time-dependent phase transition Markov model in eqs. (5.22)
and (5.23) was estimated empirically by counting the annotated phases
per window. To obtain a smooth result, a long window length �JLCIL � �
was used. Due to scarce work�ow phase transitions, this approach
yielded very low transition probabilities. This makes it unlikely for
the algorithm to change its prediction between windows. To �x this,
transition probabilities were scaled to have a �xed standard deviation xE.
Finally, the probabilities were smoothed over time using a Savitzky-Golay
�lter [26] to reduce noise.

5.1.9. Re-Adding Poses and Keypoints
Variables  2 K, A 2 P and C were assumed �xed to simplify notation.
By training and applying the method separately for each keypoint
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class  , different models are obtained that estimate work�ow phase
independently. This has two advantages:

� Each keypoint class moves differently, providing a unique source of
work�ow information.

� Separation clari�es the contribution per keypoint, contrasting the
‘black-box’ nature of e.g. a Neural Network.

C can be varied in the same way, extracting different aspects of motion
and providing transparancy on their effectiveness. The same should not
be done for A, as tracking IDs are not guaranteed to be accurate over
long timespans and change between videos. Predictions of different
models are averaged as an ensemble to obtain a �nal estimate.

5.1.10. Experiments

Table 5.2.: Hyperparameters of three models, each trained on another
history vector feature. The number of bins for inter-distance history
vectors were limited by system memory.

Parameter Symbol Value

Window step ( 2 s
Window length � 10 s
Prior window length �JLCIL 30 s
Prior deviation xE 0.15
Mixture components jM�j 50
Batch size jW�j 500
Training epochs � 10
Min. tracklet samples �GCH 5
Min. model tracklets )GCH 4

History reference r Velocity Intra-
distance

Inter-
distance

Magnitude bins �v 5 10 5
Orientation bins �n 8 16 8
First magnitude bin v�LMN 0.5 0.5 0.5
Last magnitude bin vF}MN 15 200 200
Frame step m� 1 � �

We train three models to recognise phases A, B, C and D: one for
each type of history vector. The used hyperparameters are shown in
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table 5.2. The models are trained and tested on the seven videos from
section 5.1.1. Testing is done both excluding and including the phase
and transition priors from section 5.1.7.

Results over the whole dataset are summarised in confusion matrices.
We construct each matrix by adding the predicted phase probabilities
of each window. For example, if the four phases were predicted with
probabilities 0.5, 0.2, 0.21 and 0.09, then these exact values are
added to the corresponding confusion matrix row. Afterwards, each row
is normalised to sum to one. Additionally, we report accuracy after
making a hard decision on work�ow phase, dividing the number of true
predictions by the number of windows. True- and false predictions are
counted using the maximum predicted probabilities. Accuracy from
the velocity- and inter-distance models are reported separately per
keypoint, and from the intra-distance model per keypoint pair. Results of
keypoints that come in pairs, e.g., the two eyes, are averaged. Results
of the velocity- and intra-distance models are averaged over poses, and
for the inter-distance model over pose pairs.

Phase predictions of the velocity- and inter-distance models are shown
over time for one example video. These are again presented per
keypoint, where results of keypoints that come in pairs are averaged. In
these �gures, the ground truth timeline is shown for reference.

5.2. Results
This section shows the results of the experiments of section 5.1.10.
First, section 5.2.1 presents the normalised confusion matrices per
tested model. Section 5.2.2 continues with the accuracy of each
model, presented per keypoint. Finally, section 5.2.3 shows the phase
predictions per keypoint during one example procedure.

5.2.1. Confusion matrices
Confusion matrices for all tested models are shown in table 5.3.
When not imposing the time-dependent prior on work�ow phases and
transitions, the conditioned predictions approach a uniform distribution.
When imposing the prior, a slight prediction bias is observed towards
phases A and/or C when using intra- and inter-distance velocity vectors,
regardless of the ground truth.

5.2.2. Accuracy
The accuracy of the velocity- and inter-distance models is presented
in table 5.4. The metric is shown per keypoint, and for the model
overall. Without imposing the time-dependent work�ow phase prior,
0.36 accuracy is measured using velocity history for all keypoints. The
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Table 5.3.: Confusion matrices of the six tested models. Phase
probabilities were summed over all windows, and normalised such that
their rows sum to one.

(a) Velocity, excluding pri-
ors

A B C D

G
ro

un
d

tr
ut

h A .25 .25 .25 .25

B .25 .25 .25 .25

C .25 .25 .25 .25

D .25 .25 .25 .25

(b) Intra-distance,
excluding priors

A B C D

.25 .25 .25 .25

.25 .25 .25 .25

.25 .25 .25 .25

.25 .25 .25 .25

(c) Inter-distance,
excluding priors

A B C D

.25 .25 .25 .25

.25 .25 .25 .25

.25 .25 .25 .25

.25 .25 .25 .25

(d) Velocity, including pri-
ors

A B C D

G
ro

un
d

tr
ut

h A .25 .25 .25 .25

B .25 .25 .25 .25

C .25 .25 .25 .25

D .25 .25 .25 .25

(e) Intra-distance,
including priors

A B C D

.25 .25 .26 .24

.26 .25 .26 .24

.26 .25 .26 .24

.25 .25 .26 .24

(f) Inter-distance,
including priors

A B C D

.26 .25 .25 .24

.27 .25 .25 .23

.27 .25 .25 .23

.26 .25 .25 .24
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Table 5.4.: Accuracy of the velocity- and inter-distance-based models
per keypoint. The models were run with- and without imposing phase
and transition priors. Results are averaged over keypoints that come in
pairs, e.g., the two eyes. For the velocity model results are averaged
over poses, and for the inter-distance model over pose pairs.

Excluding priors Including priors
Keypoint Velocity Inter-distance Velocity Inter-distance

Nose .36 .28 .45 .32
Eyes .36 .30 .45 .32
Ears .36 .33 .46 .32
Shoulders .36 .29 .46 .32
Elbows .36 .32 .44 .34
Wrists .36 .33 .44 .33
Hips .36 .31 .42 .32
Knees .36 .34 .41 .32
Ankles .36 .38 .35 .32

Total .35 .34 .39 .32

total model reports an accuracy of 0.35. The inter-distance model
reports varying accuracies per keypoint. Here, the nose and shoulders
yield the lowest accuracy of up to 0.29, and the knees and ankles
the highest above 0.34. The overall inter-distance model scores 0.34
accuracy.

When imposing priors, the velocity model now shows scores from
0.35 for the ankles to 0.46 for the ears and shoulders. This model
scores 0.39 accuracy: a 4 percentage point increase with respect to
the prior-less model. Most keypoints in the inter-distance model now
yield 0.32 accuracy. The only exceptions are the elbows and wrists,
which score 0.34 and 0.33 respectively. The whole model scores 0.32
accuracy, which is 2 percentage point lower than before imposing the
priors.

Accuracy for the intra-distance model is shown in table 5.5. Scores
are reported per keypoint pair. Before imposing priors, there is little
variation between pairs, each yielding between 0.31 and 0.33 accuracy.
This total model reports 0.31 accuracy, which is below the prior-less
velocity- and inter-distance models. Imposing priors increases variation.
Now, pairs including the ankles yield the lowest scores: from 0.28 to
0.30. The pairs between the shoulders and nose yield the best score
of 0.42. All remaining pairs score between 0.34 and 0.39. The overall
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Table 5.5.: Accuracy of the intra-distance-based model per keypoint pair.
The models were run with- and without imposing phase and transition
priors. Results are averaged over poses, and keypoints that come in
pairs, e.g., the two eyes. The accuracies of the ensemblees over all
keypoint pairs are 0.31 and 0.38 excluding and including the priors,
respectively.

Ey
es

Ea
rs

Sh
ou

ld
er

s

El
bo

w
s

W
ri

st
s

H
ip

s

K
ne

es

A
nk

le
s

Ex
cl

ud
in

g
pr

io
rs

Nose .33 .32 .33 .32 .32 .32 .32 .33
Eyes .32 .32 .32 .31 .32 .31 .32
Ears .33 .31 .31 .32 .32 .32
Shoulders .32 .32 .32 .32 .33
Elbows .32 .32 .33 .33
Wrists .33 .32 .32
Hips .32 .33
Knees .32

In
cl

ud
in

g
pr

io
rs

Nose .38 .39 .42 .37 .37 .36 .38 .30
Eyes .36 .38 .37 .36 .39 .34 .29
Ears .39 .34 .35 .38 .36 .28
Shoulders .35 .36 .35 .35 .28
Elbows .36 .38 .38 .30
Wrists .39 .36 .28
Hips .36 .30
Knees .28
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model yields 0.38 accuracy: 1 percentage point below the velocity
model, and 6 percentage point better than inter-distance.

5.2.3. Qualitative result

Figure 5.4.: Predicted phase probabilities over time using velocity history
vectors including priors, during one example procedure. Results are
presented per keypoint class. Annotated periods are shown per phase.

Predicted phase probabilities and the ground truth are shown during
an example procedure in �gs. 5.4 and 5.5. These �gures show velocity-
and inter-distance-based predictions, respectively. The velocity models
predict phase probabilities between 0.242 to 0.26. Around the 1950th
window, a spike can be seen where the ankles predict phase C, although
phase B was annotated. The inter-distance models show more variation,
especially in the prediction of phases A and D. Both models show a
slight bias towards phase A. No clear relation between the ground truth
and predictions seems present in the �gures.

5.3. Discussion
In this work, we investigated work�ow phase detection from human
pose history vectors. For interpretability, each feature produced a
separate prediction, after which a �nal conclusion was established using
an ensemble.
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Figure 5.5.: Predicted phase probabilities over time using inter-distance
history vectors including priors, during one example procedure. Results
are presented per keypoint class. Annotated periods are shown per
phase.

The confusion matrices and qualitative example revealed that roughly
uniform phase probabilities were predicted by every model. Each
separate keypoint (pair) yielded approximately uniform predictions,
which explains the uniformity of their ensembles. No clear correlation
was observed between the ground truth and predictions. There was
a slight difference between models, where the inter-distance model
outputs showed larger deviations than those of the velocity models.

Although phase predictions were approximately uniform, the reported
accuracy was always higher than 0.25. This is caused by the slight bias
of all models towards phase A, often causing them to classify this phase
over the others. As the majority of windows was annotated as phase
A, always predicting this phase yields a better accuracy than random
guessing. Adding a time-dependent phase prior introduced bias towards
phase C in some models. The prior may enable models to make a more
educated guess based on elapsed time, increasing accuracy slightly.

Differences in accuracy were present between history vector types,
keypoints, and keypoint pairs. Considering the near-uniform predicted
phase probabilities, the accuracy-based reasoning in this paragraph
should be interpreted as speculative. Before imposing phase priors, the
intra-distance model yielded the worst accuracy. This suggests that
relations between keypoints of the same class might be contain more
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work�ow information than those between keypoints of different classes.
In the inter-distance model, the ankles yielded the highest accuracy.
Ankles are a relatively robust indicator of positioning, as posture affects
other keypoint locations. The ankles of the cardiologist and scrub nurse
were not visible from the used viewpoint during phases B and C, but
this could have been compensated by them not walking during these
phases. When imposing priors, inter-distance vectors yielded the worst
results. This suggests that time information adds work�ow context
to keypoint relations within an individual, but not to those between
individuals. This effect worsened the accuracy of ankle keypoints, which
may have served the same purpose of estimating procedure progression
by looking at personnel locations.

A �aw of the proposed algorithm is that, to achieve interpretability,
it barely associates information between different keypoints or pairs.
Looking at a single keypoint (pair) at a time did not provide suf�cient
information to recognise a work�ow phase. Whereas the original velocity
history vectors predicted activities based on many keypoints, the used
human pose tracklets may have been too sparse. Although history
vectors could still prove to be a good input feature, either 1) more
keypoints should be followed using e.g. SuperGlue [27], and/or 2) a
more associative classi�er should be used. Neural networks excel at
association, but their decision-making process is poorly interpretable.
References [15, 28, 29] successfully used long short-term memory-
and generative adversarial networks to detect instrument passing,
staff attention, and work�ow anomalies from human poses in the
operating room. As a compromise, a neural network could be used in
conjunction with interpretation methods [16]. Alternatively, a neural
network design speci�cally for this problem could clarify the purpose
of each neuron. Graph neural networks could be a natural choice
for modelling relations between keypoints and/or individuals [11, 12].
Other information sources, e.g., device logs could be added to create a
multimodal learning algorithm. The quality of poses could be improved
by implementing multi-view information, or the bin distribution of history
vectors could be tweaked with a parameter search.

Besides procedure duration, more prior knowledge could be employed.
For instance, knowledge of the roles of individuals could play a large role.
The patient is walking during phases A and D, and lying down during
B and C. After making a distinction based on such prior knowledge,
more re�ned phases or activities could be extracted using e.g. motion
of the cardiologist. As work�ows in many medical procedures are highly
standardised, such prior knowledge should be readily available.

The proposed method is too unreliable to base any work�ow support
systems on it. However, it demonstrates the added value of an
interpretable method. The importance of procedure duration as a
feature is apparent from the results. The varying contributions of
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different keypoints and history vectors can inform the design of future
systems. For instance, when looking at individual keypoints, i.e., velocity
history in combination with procedure duration, upper body keypoints
seem to provide most information. When the procedure duration
is not available, ankle accuracy suggest that the historical distance
between individuals might present an alternative feature. Accuracy
from intra-distance history vectors suggests that keypoints that lie close
do not necessarily have the most descriptive relations. For example,
in combination with procedure duration, the elbows appeared to have
a more descriptive relation with the knees than the wrists. Therefore,
when designing a pose-based phase classi�er, counterintuitive relations
between keypoints and individuals should be considered.

Future work can consider recommendations from the previous
paragraph in the development of monitoring-based work�ow phase
detection. Monitored phases could be presented to staff in personalised
dashboards. For example, timelines like those in �gs. 5.4 and 5.5, or
statistics on time spent per phase could be presented. A centralised
system could analyse personnel motion and work�ow information
from multiple teams and hospitals to identify best practices. After
a procedure, staff could automatically receive personalised feedback
based on their performance, and suggestions to improve their work�ow.
Automation enables an anonymous implementation, where videos are
never viewed by humans and work�ow metrics are shown only to the
considered staff member.

In addition to feedback systems, work�ow monitoring can provide
context-awareness for automated real-time support. Information shown
on the monitor could be adapted to the current work�ow step,
or device settings such as C-arm position could be suggested and
implemented after approval by the cardiologist. Personalised feedback,
and effective cooperation between man and machine, can streamline
process ef�ciency and safety in the Cath Lab without increasing the
workload. Implemented effectively, this will have a positive effect on
hospital management, staff work enjoyment, and patient care.

5.4. Conclusion
The tested method did not have the capacity to extract useful work�ow
information. A method is needed that associates between features more
effectively. Results demonstrate an importance of feature selection,
where procedure duration is vital and different human keypoint relations
should be considered. Detecting not only a work�ow phase, but the
underlying staff dynamics, is key to applications in feedback- and
support systems.
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QuantifyingInteraction
withtheOperatingTable

Perioperative staff shortages are a problem in hospitals worldwide.
Keeping the staff content and motivated is a challenge in the busy
hospital setting of today. New operating room technologies aim to
increase safety and ef�ciency. This causes a shift from interaction
with patients to interaction with technology. Objectively measuring
this shift could aid the design of supportive technological products,
or optimal planning for high-tech procedures. 35 gynaecological
procedures of three different technology levels are recorded: open-
(OS), minimally invasive- (MIS) and robot-assisted (RAS) surgery. We
annotate interaction between staff and the patient. An algorithm is
proposed that detects interaction with the operating table from staff
posture and movement. Interaction is expressed as a percentage of
total working time. The proposed algorithm measures operating table
interactions of 70.4 %, 70.3 % and 30.1 % during OS, MIS and RAS.
Annotations yield patient interaction percentages of 37.6 %, 38.3 %
and 24.6 %. Algorithm measurements over time show operating table-
and patient interaction peaks at anomalous events or work�ow phase
transitions. The annotations show less operating table- and patient
interaction during RAS than OS and MIS. Annotated patient interaction
and measured operating table interaction show similar differences
between procedures and work�ow phases. The visual complexity of
operating rooms complicates pose tracking, deteriorating the algorithm
input quality. The proposed algorithm shows promise as a component in
context-aware event- or work�ow phase detection.

Parts of this chapter were published in Int. J. Comput. Assist. Radiol. Surg. vol (2025),
' Springer [1].
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T echnology plays an increasingly large role in the Operating Room
(OR) [2]. New technologies aim to improve patient safety and

procedure ef�ciency [3]. The adoption of robot-assisted surgery (RAS)
has grown in the last few decades. Currently, RAS requires larger teams
and more time to perform than minimally invasive surgery (MIS) or open
surgery (OS) [4].

RAS, MIS and OS demand different skillsets from surgical staff [5].
Procedures of technical nature shift the focus from direct patient care
towards technical activities [6, 7]. This shift impacts work perception-
and satisfaction of the staff [8].

Added complexity and a shift away from care add stress to an already
stressful environment [6�8]. This can diminish quality of care and staff
wellbeing. Consequences like communication dif�culties, feelings of
isolation, and anxiety are quoted. Each of these contributes negatively
to patient safety.

Shortages of perioperative staff and high turnover rates are a
worldwide concern [8]. Literature identi�es workload as a major cause
[9]. Beside addressing workload, work�ow insights can lead to effective
staff deployment and streamlined processes [3].

New technologies should ideally support healthcare professionals
without getting in the way or inducing stress. If a technology
causes severe changes in work�ow, or increases procedure complexity,
its design might leave room for improvement. Speci�cally, some
technologies may demand much attention from personnel, thereby
shifting focus from direct patient care towards technical tasks.

Knowledge about the effects of technologies on perioperative work�ow
can aid in the design of new products and support systems. To map
these effects, an interesting metric is the time spent on direct patient
care. One possible approach to measuring this metric is automatic
monitoring of personnel activities in procedure videos. Such monitoring
could be deployed in hospitals on a large scale. Outcomes could yield
relations between procedure technology levels and perceived workload.

Insights obtained by monitoring from many hospitals could help in
the design of future OR technologies. For example, if much time is
consistently spent con�guring a device during procedures, this reveals
an opportunity where user-friendliness can be improved. A new iteration
of the product could e.g. carry out the con�guration autonomously, or
simplify it by making suggestions on its own. This way, the technology
assumes a more supportive role, without requiring much attention from
the staff. Another application is to optimise planning and logistics for
e.g. turnover time and staff wellbeing [10]. Device placement could
be updated for better ergonomics or work�ow ef�ciency. Tasks could
be divided differently to distribute workload more uniformly over the
surgical team.

Computer vision for automated OR monitoring is an upcoming research
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topic [11]. Bounding box- or pose detection can localise individuals in
video. Pose trackers infer bodypart�or keypoint�coordinates from all
persons in a video on every frame. Detection con�dence is scored per
keypoint, and each individual is assigned a unique identi�er (ID) for
re-identi�cation between frames. Most state-of-the-art 2D pose trackers
rely on neural networks that need training on annotated images. Some
authors provide models that were pretrained on datasets like COCO
[12] or MPII [13]. Important to consider is that monitoring itself could
introduce discomfort or stress for OR staff. Monitoring systems should
be designed carefully and non-intrusively, in a way that does not hinder
personnel comfort and wellbeing.

The OR shows visual differences from general-purpose datasets.
Clutter, occlusion and visually similar clothing complicate detection-
and tracking. It cannot be assumed that algorithms trained on general
situations perform well in the OR. Reference [14] presents an annotated
dataset with recordings of real surgeries. To our knowledge, this is the
only such public dataset at the time of writing.

This work presents a �rst exploration to quantify interaction between
staff and the patient from monitoring videos, during procedures
of varying technology levels. We take a multimodal approach,
where a computer vision algorithm and manual annotations provide
complementing measurements of interaction with the operating table
and patient. To our knowledge, no automated monitoring tool that
measures such perioperative interaction exists in literature at the
time of writing. Patient interaction is annotated based on observed
intent, and human pose tracklet motion and position are constrained to
automatically classify operating table interaction. An interaction metric
is designed speci�cally to counteract bias from missing pose detections.

Section 6.1 describes our dataset, classi�cation of operating table
interaction, and experiments. The outcomes are shared in section 6.2
and discussed in section 6.3. Finally, section 6.4 presents our
conclusions.

6.1. Methods
6.1.1. Dataset
Videos were recorded in two LUMC ORs during 35 OS, MIS or RAS
gynaecological procedures, from the viewpoints shown in �g. 6.1. The
study was approved by a local medical ethics committee, and all
included patients gave informed consent. MIS- and OS procedures were
�lmed using the same synchronised four-camera setup with a resolution
of 1920 px Ö 1080 px per viewpoint. RAS�carried out with the da Vinci
surgical platform�was �lmed with two synchronised cameras with a
larger �eld of view and a resolution of 1280 px Ö 720 px.
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(a) RAS surgery viewpoint

(b) MIS and OS surgery viewpoint

Figure 6.1.: Recording viewpoints in the two ORs. Annotated regions are
shown where the wrists (blue), shoulders (purple) and head (orange)
must be for a person to interact with the operating table.
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Table 6.1.: Annotated personnel actions, and their classi�cation as
interaction with the patient.

Annotated action Label

Active at table 9
=

;
Patient interactionTransferring instruments

Wrapping DV system
Active elsewhere 9

>=

>;
No patient interaction

Inactive
Unpacking instruments
Moving cart
Absent “

Absence
Action unknown

Table 6.2.: Annotated work�ow phases.
Phase Description

Induction Anaesthetic administration
Preparation Surgical preparations
Surgery The intervention
Recovery Waking before departure
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Each recording was started at anaesthetic induction, and ended after
recovery in the OR. In each OR, the camera with the clearest view of
the operating table area was selected for interaction quanti�cation. The
resulting viewpoints are shown in �g. 6.1.

In each procedure, areas were annotated where the wrists, shoulders
and head of a person should be present for them to interact with the
operating table. Two example annotations are shown in �g. 6.1. The
wrists area was drawn loosely around the patient in a lying position.
Shoulders and head areas were included to correct for the camera 2D
projection of 3D scenes.

The personnel activities from the left side of table 6.1 were annotated
for each person in the room. This was done by two annotators who
were unaware of the automatic detection method under development.
Annotated activies were grouped into the three categories on the right
side of the table, for use in patient interaction classi�cation. Finally, the
work�ow phases from table 6.2 were annotated to enable evaluations
per phase.

6.1.2. Pose Tracking
WWe use AlphaPose [15] to detect poses in the OR. AlphaPose applies
a fast human bounding box detector [16, 17], after which features
are extracted [18] and a Convolutional Neural Network (CNN) places a
pose in each box. During training, a speci�c loss function and feature
normalisation achieve keypoint translation- and scale invariance.

A tracker associates detected poses between video frames. AlphaPose
includes an optional tracker that uses visual features. This strategy
is unsuitable for the OR, as individuals here are dressed similarly.
Instead, tracking is done with PoseBYTE [19], which uses only geometric
information and prioritises con�dent detections. PoseBYTE adapts BYTE
[20] to associate poses instead of bounding boxes using Object Keypoint
Similarity (OKS) [12]. PoseBYTE discards tracklets that are not present
for at least two subsequent frames. This compensates for the use of a
low-threshold object detector by AlphaPose, which increases the risk of
single-frame false positives.

Human bounding boxes are extracted from video with YOLOv3-SPP
[16, 17], using features from ResNet152 [18]. A pose is detected in each
bounding box using FastPose (DUC) [15], and tracked and re�ned using
PoseBYTE [19]. The pose detector was pretrained by its authors on the
COCO dataset [12], and we carried out no further training. PoseBYTE is
no machine learning algorithm, and therefore requires no training.

6.1.3. Detecting operating table interaction
Our model for detecting personnel interaction with the operating table
is visualised in table 6.3. When a person is standing still in the correct
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Table 6.3.: Detecting interaction with the operating table from personnel
position and movement.

Position
By table Elsewhere

M
ov

em
en

t St
ill

Other Other

W
al

ki
ng

Interaction Other

position, this is assumed to signal interaction with the operating table.
These two constraints are detailed in section 6.1.3.

Movement

To detect (lack of) movement, we calculate for each keypoint its
displacement magnitude in px over a span of �motion frames. Choosing
a larger �motion enables the capture of longer-term motion. To account
for undetected keypoints, each pose is divided into subposes, for each
of which movement is classi�ed separately. A subpose Dm is de�ned to
be still if at least a number "(Dm)

keypoint of its keypoints <(Dm)
m � Dm yields a

displacement below a threshold y(Dm)
m . When a keypoint is not detected,

or detected with a con�dence below a threshold i(Dm)
m , it is assumed to

be still. A pose is de�ned to be still if at least a number "subpose of its
subposes are.

Position

We classify positioning using the annotated regions from section 6.1.1.
Poses are divided into three subposes: i) the wrists, ii) the shoulders,
and iii) the head�consisting of the nose, eyes and ears. Each subpose
Dp 2 �wrists� shoulders�head� is classi�ed to be by the table if at least a

number %
(Dp)
keypoint of its keypoints <

(Dp)
p � Dp falls within the corresponding

annotated region. Keypoints with a detection con�dence below a
threshold i

(Dp)
p are not counted within any region. A pose is classi�ed to

be by the table if at least a number %subpose of its subposes is.
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6.1.4. Annotating patient interaction
Detected operating table interaction is intended as a measure for
patient interaction. However, it is not guaranteed that operating table
interaction as de�ned in the algorithm indeed signals interaction with
the patient. Therefore, the personnel activities from table 6.1 were
annotated in the dataset in section 6.1.1. These annotations provide a
separate measurement of actual interaction with the patient.

6.1.5. Experiments
Models

Table 6.4.: Values for the parameters de�ned in section 6.1.3, used to
detect pose movement based on two subposes.

Parameter Value

�motion 5
"subpose 1

Dm 1 2

<(Dm)
m Shoulders Head

"(Dm)
keypoint 1 1

y(Dm)
m 17.5 px 17.5 px

i(Dm)
m 0.3 0.3

Table 6.5.: Parameters de�ned in section 6.1.3 used to detect pose
position.

Parameter Value

%subpose 2

Dp wrists shoulders head

<
(Dp)
p wrists shoulders nose,

eyes,
ears

%
(Dp)
keypoint 1 1 2

i
(Dp)
p 0.3 0.3 0.15

The used algorithm parameters are shown in tables 6.4 and 6.5.
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Constraining only a subset of subposes and keypoints compensates for
undetected keypoints. Legs are excluded as they are detected least well.
As arms can move during operating table interaction, their movement is
not considered.

Classi�cation
We measure the mean time fraction that personnel interacts with the
operating table

� =
�

j%j

X

A2%
C(A)� (6.1)

C(A) =
§
� If A interacts
� Otherwise � (6.2)

where % is the set of all pose detections. Similarly, we measure the
mean time fraction of movement by making C(A) 1 when a pose is
moving. The mean time fraction of patient interaction is measured using
the annotations, where % includes all annotated activities not labelled
as ‘absence’.

This de�nition of � compensates for pose tracking errors in several
ways. First of all, only detected poses contribute in eq. (6.1), i.e., false
negatives do not affect �. Additionally, summing over all individuals
removes any identity-speci�c information, mitigating re-identi�cation
errors. Finally, letting % cover a timespan�rather than a single
frame�mitigates single-frame detection errors through time averaging.

Equation (6.1) introduces limitations as well. As detection accuracy
varies between work�ow phases, % will contain more accurate poses
during some phases than others. Therefore, if % spans multiple work�ow
phases, this introduces a bias where some work�ow phases affect �
more than others. Another limitation is the equal treatment of all
individuals in the room. Discarding information on person roles (e.g.
surgeon, nurse, patient, spectator) means that all roles contribute
equally to �. Patients and spectators therefore affect �, whereas our
main interest is the interaction of only personnel with the table.

During experiments, we extract � for three selections of % per
procedure type. First, we choose % to span all frames of all videos of
the same procedure type jointly. The second experiment evaluates �
per individual video, letting % span one video at a time. Finally, we
evaluate the evolution of � over time within videos. Here, to maintain
the time averaging effect, � is calculated over a sequence of time
windows. Windows were chosen to have a length of 7500 f, with their
start frames spaced 3750 f apart. Thus, two adjacent windows overlap
with 7500f� 3750f = 3750f.

Finally, we estimate pose detection performance by evaluating the
quantity of detected human poses. The number of pose detections is
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divided by the number of pose annotations per window. This should
yield a value close to 1 if the numbers of annotated- and detected
poses lie close. Individual pose detections cannot be veri�ed without
annotating their location. Note, therefore, that a value of 1 does not
guarantee correct pose detections.

Qualitative results
Qualitative results are shown with colour-coded pose detections. A pose
is drawn green if the person was classi�ed to interact with the operating
table. If the person was in the right position, but moving too fast to
interact, they are drawn orange. Finally, a person is drawn red if they
were in the wrong position for operating table interaction.

Shown video frames were selected by the authors to demonstrate
algorithm successes and failures. Keypoints with a detection con�dence
below ��� were not drawn. For each pose, an ID and a detection
con�dence score are shown.

6.2. Results
6.2.1. Dataset

(a) Recording counts (b) Recording time

(c) Recording durations per procedure

Figure 6.2.: Recorded procedure types and durations.
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The dataset contains RAS, MIS, and OS procedures in the quantities
shown in �g. 6.2a. Lighting-dependent framerates range from 6.2 to
26.1 frames per second (fps) during RAS and 12.5 fps to 25.8 fps during
MIS. Since OS is performed with the lights on, the framerate was
more constant here: from 24.7 fps to 25.3 fps. Recording durations are
summarised in �gs. 6.2b and 6.2c.

6.2.2. Operating table interaction over the full dataset
Measured over the entire dataset, the provided algorithm deems
personnel to interact with the operating table 30.1 % of their time during
RAS, 70.3 % during MIS and 70.4 % during OS. The algorithm classi�es
personnel as moving 0.8 % of the time during RAS, 2.0 % during MIS and
2.1 % during OS. Annotations report 24.6 %, 38.3 % and 37.6 % patient
interaction during RAS, MIS and OS.

6.2.3. Operating table interaction per video

(a) Measured movement

(b) Measured operating table interaction

(c) Annotated patient interaction

Figure 6.3.: Mean time fractions of movement, measured operating table
interaction and annotated patient interaction per video per procedure
type.

Figures 6.3a and 6.3b show measured movement and operating
table interaction per video. The largest spread is seen between MIS
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procedures, which range from 0.8 % to 5.6 % movement- and 32.8 % to
91.8 % operating table interaction time. RAS shows the least movement
and operating table interaction time, from 0.7 % to 1.0 % and 25.0 % to
35.9 % respectively. OS has movement between 1.4 % and 2.3 % and
operating table interaction from 58.9 % to 77.3 %. Annotated patient
interactions per video in �g. 6.3c range from 20.0 % to 30.1 % during
RAS, 6.2 % to 58.1 % during MIS and 29.8 % to 54.2 % during OS.

Two RAS procedures can be seen to have measured operating table
interaction time fractions of 35.8 % and 35.9 %, whereas the rest scores
only up to 31 %. During one of these, closing the entry wounds took an
hour, whereas normally it takes about 15 minutes. As fewer people are
near the table during RAS surgery than wound closure, more operating
table interaction is detected during the latter.

Looking at MIS, two procedures show operating table interactions of
32.8 % and 36.9 %, the others scoring at least 47.4 %. During one
of these, two spectators are visible and detected during the entire
procedure. The personnel at the operating table is poorly visible, due
to the patient blanket having the same colour as their clothes. Three
other procedures show 88.5 %, 90.4 % and 91.8 % measured operating
table interaction. One of the three is a procedure with no spectators
and with few people present beside those at the operating table. During
another�again without spectators�a complication caused the surgery
to take longer than the other work�ow phases.

During OS, we observe the opposite as described in the previous
paragraph. Here, most interaction with the operating table is observed
during surgery. One procedure shows operating table interaction 58.9 %
of the time, which is at least 74.2 % for the others. This procedure has a
relatively long anaesthetic induction phase, spanning about one quarter
of the recording. As opposed to surgery, few people are around during
induction, and preparations are made in parallel throughout the room.

6.2.4. Interaction over time
Figure 6.4 shows movement, measured operating table interaction, and
annotated patient interaction over time during example RAS, MIS and
OS procedures. During RAS and MIS, least movement is seen during the
surgery phase. MIS and OS show the highest measured operating table
interaction during this phase. Annotated patient interaction �uctuates
around 40 % for all procedures. OS shows most measured variation
throughout the procedure.

After six hours, the OS procedure shows a movement- and operating
table interaction spike where the surgical team transitions from surgery
to closure of the wound. The RAS procedure shows a spike in operating
table interaction at two hours, where a robot arm was replaced.
shortly thereafter another increase signals manual repositioning of a
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(a) RAS (b) MIS (c) OS

Figure 6.4.: Measured movement and operating table interaction, and
annotated patient interaction, over time during an example RAS, MIS,
and OS procedure.
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(a) RAS (b) MIS (c) OS

Figure 6.5.: Boxplots of movement, measured operating table interaction,
and annotated patient interaction, during different phases and procedure
types. Each datapoint is a time window like in �g. 6.4. Outliers are
present beyond the y axis. Note that the range on the y axis differs
between some subplots. Since datapoints are sampled in time using
overlapping windows, measurements are not independent of each other.
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robotic arm. The observed spikes are present in the annotated patient
interaction during RAS but not during OS.

Measured movement over time per procedure type and phase is
summarised in the top row of �g. 6.5. Less movement was measured in
RAS procedures than other types. During the surgery phase of OS, the
peak at six hours in �g. 6.4c shows up as an outlier. Less movement is
measured during surgery than during the other phases for all procedure
types. During RAS a lower median movement is measured during
preparation than induction, whereas for MIS and OS this is the other way
around. median movements during induction and recovery lie at most
59 percentage point apart for all procedure types.

The second and third rows of �g. 6.5 show measured operating
table interaction and annotated patient interaction. Less table- and
patient interaction are measured and annotated during RAS than other
procedure types. The median annotated patient interaction lies higher
during induction and recovery than preparation and surgery for RAS
and OS procedures. During MIS most operating table interaction is
measured during surgery, and least patient interaction is annotated
during recovery. The main results from sections 6.2.2 to 6.2.4 are
summarised again in table 6.6.

6.2.5. Detected and annotated poses
Figure 6.6 summarises the number of detected poses as a percentage
of the annotated number of people over time. This was done separately
for persons who were annotated and measured as interacting with the
operating table, and those who were not. The median number of
detected poses is always below 100 % for people not interacting with
the operating table. For those who interact, detection percentages are
higher in most cases. The difference between interacting and non-
interacting detection percentages is larger for MIS and OS than RAS. The
interquartile spread is also larger for interacting- than non-interacting
persons.

A larger fraction of non-interacting persons was detected during RAS
than during MIS and OS. For interacting persons, detection percentages
were more equal between procedure types. The least non-interacting
persons were detected during the surgery phase for all procedure types.
For interacting persons, this is the case only during RAS. As individual
pose detections cannot be veri�ed without annotating person locations,
false negatives and false positives might nullify each other in the results
of �g. 6.6.

6.2.6. Qualitative results
A sample of human pose detections is shown in �g. 6.7. The top-left
image shows three correctly detected poses. The cleaning person on the
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(a) RAS (b) MIS (c) OS

Figure 6.6.: Number of detected poses divided by the number of
annotated persons in the room. The calculation was done separately
for persons interacting- and persons not interacting with the operating
table. Each datapoint is a window like in �g. 6.4. Outliers are present
beyond the y axes.
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Figure 6.7.: Qualitative pose detections. Poses are drawn in green when
classi�ed as interacting with the operating table, orange when they are
in the right position but moving too fast to interact, and red when they
are in the wrong position. A tracking ID and detection con�dence are
shown for each pose.
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right satis�es the positional and movement requirements, although their
activity would not be classi�ed as interacting with the operating table
by a human. The person in the middle is not classi�ed as interacting
because of their speed. On the left, someone is busy elsewhere, whose
left ankle was detected in the wrong place.

The top-right image shows ongoing MIS with the lights turned off. Only
two out of �ve persons are detected. Hips and knees of the person in
front are placed despite being occluded. Three staff members near the
table are heavily occluded or face away from the camera, and are not
detected. The shown IDs of 1852 and 1858 mean that the algorithm
assigned and lost IDs 1856 times before this frame.

The middle-left image shows an OS procedure. Persons in front of the
camera are detected with con�dence scores of at least 0.70, with the
exception of the partially out-of-frame person in the lower right corner.
The surgeon is classi�ed as interacting with the operating table, one
assistant is in the wrong position for this, and another is turning away
to move towards the instrument table. Three people in the back are
not detected, each of which is either occluded, partially out-of-frame, or
both.

The middle-right image was �lmed during the induction phase of an
OS procedure. Two out of the �ve detected people are close enough to
the operating table to be classi�ed as interacting. Three persons were
not detected, all of which are occluded by clothing or another person, or
partially out-of-frame.

The larger-�eld-of-view camera �lming the RAS procedures makes
persons appear smaller, as can be seen in the �fth image. All persons
but one�who is occluded by the IV�are detected with a con�dence of
at least 0.69. The last image shows a later stage of the same procedure,
with the lights off. Only one of the twelve persons is detected here.
Looking closely, the sensor noise increased with respect to that when
the lights were on.

6.3. Discussion
In this work we quanti�ed the interaction of personnel with the
operating table, by analysing monitoring footage from 35 gynaecological
procedures of three technology levels. Personnel movement was
measured and interaction with the patient annotated, for a multimodal
comparison between work�ow phases and procedures of varying
technology levels.

Annotated patient interaction suggests less interaction with the patient
during RAS than other procedures. This could be caused by the nature
of the procedure: personnel is spread through the room during RAS
whilst the robot is interacting with the patient, and focussed around the
operating table and patient during MIS and OS. Measured operating table



6

150 6. Quantifying Interaction with the Operating Table

interaction shows a similar trend, although this result is biased by the
differing camera systems and higher-quality pose detections near the
operating table. Operating table- and patient interaction as a function of
time differ similarly between procedure types as well. These differences
are more pronounced in measured operating table interaction than the
annotated patient interaction. Again, biases from differing camera
systems and pose detection quality will amplify measured differences
between RAS and the other procedures.

Section 6.2.5 suggests that a similar percentage of poses is detected
during all procedure types. This view could be distorted, as there are
more spectators�who are not annotated�during RAS than during MIS
and OS. Qualitative results re�ect this: since many false negatives here
are unannotated spectators, the relative number of pose detections
remains high. Detecting spectators reduces measured interaction
without affecting the used pose detection metric. Similar reasoning
applies to false positives, when persons are detected where there are
none. Spectators and false positives explain the detection rates above
100 % in section 6.2.5.

Lights being off during RAS and MIS causes varying pose detection rates
within these procedures.The built-in compensation from section 6.1.5
might not be suf�cient with false negatives. When comparing results
between work�ow phases, this needs to be kept in mind.

Least movement is detected during the surgery phase. Here, most
persons are busy at the table and spectators are standing still. The other
phases show more movement variation, as preparations or cleanup
are ongoing throughout the room. Most interaction is detected and
annotated during induction or surgery�depending on the procedure
type.

The algorithm and annotations measured different kinds of interaction
by considering different properties of motion. Patient interaction was
annotated based on observed intent and actions, and operating table
interaction using only position and displacement of detected poses.
Future algorithms could try to capture patient interaction using human
action recognition. Here, nuances in intent should be taken into account.
For instance, is waiting by the operating table to carry out a task an
interaction, or is it idling? Are controlling the robot and monitoring the
patient vitals technical or clinical tasks? When looking per procedure
or procedure type, patient interaction was lower during RAS and MIS
than OS. Within individual procedures, interactions with the operating
table and patient evolved differently. For example, during OS, there
was interaction with the patient, but not with the operating table, when
personnel transitioned from surgery to wound closure.

Large �uctuations are visible in measured operating table interaction,
where certain events or work�ow phase transitions occur. These events
are also visible in the annotated patient interaction, albeit to lesser
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extent. Hence, the proposed measuring approach might prove valuable
for work�ow recognition purposes.

This work presents a �rst step in quantifying time spent on different
activities in the OR. In future work, 3D pose detection could be used in
the algorithm, which is less dependent on the used camera system [21].
This would mitigate perspective and occlusion issues. A pose detection
algorithm should be used that is robust to motion blur and sensor noise
in low-light conditions [22]. It should be re�ned for the OR by e.g.
domain generalisation [23] using perioperative monitoring footage like
MVOR [14]. A tracking method should be used that corrects for variable
framerates. A scalable method, in addition to tracking poses robustly,
should not rely on new operating table annotations in each OR. Instead,
an object detector could be designed to locate the table automatically.
The use of 3D poses solves perspective dependencies, removing the
need to annotate or detect separate regions per subpose. The patient
interaction annotations in this work could be replaced with a separate
classi�cation algorithm. Classifying patient interaction will likely require
re�ned personnel features beyond position and movement, such as
roles or action recognition [24].

Recognising the nature of personnel actions can play a role in
context-aware systems for improved work�ow or staff deployment. The
algorithm indicated work�ow events and anomalies, which can be used
to streamline daily planning and care. For example, the turnover team
could be noti�ed when a procedure is �nishing. Dashboarding work�ow
metrics could provide hospitals insight into their operation. This could
help reduce expenses and improve work�ow through well-informed
decision making.

6.4. Conclusions
The presented algorithm is suitable to estimate high-level interaction
with the operating table when used with a modern camera system. For
lower-level analyses, a more descriptive input feature is necessary that
is robust in OR conditions.
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Discussion
This chapter concludes the book. After discussing the answers to each
subquestion separately, it treats the main research question. Several
recommendations are made concerning the technical design of work�ow
monitoring systems. For a succesful implementation, it is important to
consider applications, ethics, and stakeholders. The book is concluded
with an epilogue after this chapter, which shares �nal thoughts of the
author on future directions in work�ow monitoring.
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T his thesis investigated human poses detection in interventional
environments, and their use for the extraction of context-aware

work�ow information. In chapter 1, a research question and �ve
subquestions were posed. Each chapter answered one subquestion.
Section 7.1 summarises each of these answers separately. The rest of
the chapter addresses the research question.

7.1. Subquestions
This section summarises the answer to each subquestion from chapters 2
to 6.

7.1.1. Which computer vision technologies can be applied
for Cath Lab monitoring?

Chapter 2 investigated a computer vision pipeline in the cardiac
catheterisation laboratory (Cath Lab) and operating room (OR). Promising
technologies were object detection and pose detection. Object detectors
�nd object bounding boxes in images. Pose detectors �nd object-
or human keypoints that describe their pose. Due to varying object
appearances, object detection did not generalise to different Cath Labs.
Pose detection, however, generalised well because human anatomy
remains similar in different environments. Here, improvements could be
made by training algorithms on persons wearing sterile Cath Lab- and
OR garments.

Computer vision methods struggled with e.g. occlusion and re�ections
in the Cath Lab. These effects were mitigated using multi-view
information. Cameras were calibrated to relate information between
viewpoints. Cameras occasionally move between procedures, and
placing permanent calibration patterns was no option. Therefore,
calibration was performed using known keypoints of stationary objects.
Con�rming object detections in one view using information from others
yielded no signi�cant improvement. For pose detection, camera
calibrations were succesfully used to triangulate 3D poses that were
robust agains occlusion.

7.1.2. Which 2D human pose estimator performs best within
the visual complexity of the Cath Lab?

Chapter 3 decided to continue with 2D poses. Objects detection did
not generalise well, and 3D poses were limited by �awed camera
synchronisation and calibration. Several state-of-the-art human pose
detectors- and trackers were benchmarked in the Cath Lab: AlphaPose,
OpenPifPaf and OpenPose. This yielded a tradeoff between metrics,
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where OpenPifPaf gave the best keypoint locations, and AlphaPose more
accurate full poses and con�dence scores.

Results varied by viewpoint, where pose detectors struggled consid-
erably with viewpoints that see occlusion and re�ections. In addition,
humans were often not detected when facing away from the camera.
Due to sterile clothing, some human keypoints�the shoulders, hips and
knees�were often placed inaccurately and with low con�dence.

Person reidenti�cation (ReID) did not perform well. The tracking
version of AlphaPose uses human appearance for ReID. However,
because everyone in the Cath Lab was dressed the same, this resulted
in identity swaps. OpenPifPaf did not do better. The underlying tracking
technology caused this method to merge individuals, by connecting the
wrong keypoints.

7.1.3. How to reidentify persons in the Cath Lab?
As human pose trackers in chapter 3 did not perform well in the Cath
Lab, chapter 4 investigated an alternative method. Since a major issue
was the similar appearance of different persons, no visual information
was used for ReID. Instead, tracking was done purely using geometric
information. The BYTE algorithm was adapted to use poses instead
of bounding boxes, and take into account several orders of motion.
Besides ReID, this algorithm re�ned keypoint positions based on tracking
information.

The resulting algorithm was faster and more accurate than those
tested in chapter 3. The inclusion of pose information over bounding
boxes, and motion beyond the �rst order, barely contributed. After
prolonged occlusion, the tracker could not ReID persons because visual
information was not considered. Therefore, the suggested algorithm
was suitable to track short-term motion only.

7.1.4. Which aspects of motion are most descriptive of Cath
Lab work�ow?

Chapter 5 investigated the presense of work�ow information in different
aspects of human motion. Learning about the contribution of different
motions and interactions may provide the insights necessary for
constructive feedback applications. An algorithm was designed to
classify work�ow phases based on handcrafted features�representing
relative personnel position and motion. Classi�cation was done
separately on each feature for interpretability. The resulting algorithm
was not accurate, or suitable for practical applications. However,
the �awed results did suggest recommendations for future algorithm
designs.

The distance between ankles of different people was an important
feature, as it seemed to indicate procedure progression. When
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including actual procedure duration as a feature, distances between
individuals became less important in general. Features concerning
keypoint relations within a person bene�ted when considering duration.
Especially the upper body keypoints seemed informative in this case.
Relations between counterintuitive keypoint pairs turned out to be
descriptive, such as the location of the shoulders with respect to the
nose.

The proposed algorithm lacked association between different features.
In future algorithms, more association can lead to better reasoning
within the classi�er, and hence better predictions. Designing a classi�er,
relations between all keypoints within an individual should be considered
for feature extraction. Spatial relations between different individuals
may be less important, as long as procedure duration�or another
measure of progression�is included as a feature. Besides added
association, prior knowledge could get a more prominent role in such
algorithms. If the role of each person can be detected, this could
enhance work�ow information. A distinction could be made between
motion of the patient, cardiologist, and assistants for work�ow analysis.
A carefully designed algorithm may provide context about the reasoning
behind a classi�cation, which can be used in feedback applications.

7.1.5. How can personnel actions be classi�ed in the OR?
Rather than considering complex motion, chapter 6 aimed to recognise
staff interaction with the OR operating table. Measuring differences
in interaction between different kinds of surgery yields insights into
the effects of new technologies on interventional work�ow. This
is especially important because medical personnel reports higher
perceived workloads and stress, resulting from technologies such as
robotic-assisted surgery. Classi�cation was based purely on personnel
position and displacement. 2D pose data enabled correction for the
camera perspective. The suggested method simply checked whether
persons stand still near the table.

Less interaction was measured during robot-assisted surgery than
minimally invasive- and open surgeries. The results were skewed by
the presense of spectators and �aws in the camera system. Differences
were detected between work�ow phases. During surgery, people moved
the least but interacted with the table the most. High interaction was
measured during anaesthetic induction as well, and most movement
during preparations and cleanup. Although interaction measurements
and annotations showed differences, this was partially explained by
differences in de�nition. Both measurements and annotations showed
similar interaction trends between procedures or phases. Some work�ow
events produced patterns in the algorithm output, but were not visible
in annotations.
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The main research question is discussed in the remainder of this
chapter:

�How can we extract work�ow information from Cath Lab monitoring
video footage, and use it to improve interventional ef�ciency?�

7.2. Feature extraction
The �rst step towards work�ow analysis from monitoring videos is to
extract descriptive information. In this thesis, several features were
considered in terms of usefulness to work�ow analysis, and practicality
of implementation.

Object- and human pose tracking provide the whereabouts of important
actors over time. The motion of individual actors is descriptive to their
current action. Combining individual actions, and interactions between
multiple actors, provides information about group activities such as
work�ow phases.

The Cath Lab and OR are complex environments for computer vision.
For example, sterile clothing, hairnets and masks make staff hard
to detect. Everyone dressing the same complicates ReID, and loose
clothing and shielding occlude bodyparts. When facing away from a
camera, individuals are often not detected. Tracking dif�culties can
be mitigated by providing different sets of clothing, e.g., in different
colours. Additionally, markers could be printed on the clothes to enable
marker-based pose detection. Since privacy is a big issue in healthcare,
no identi�cation method can interfere with privacy regulations.

In Cath Labs, the many objects and persons in a small space often
occlude each other or themselves. When cameras are mounted on the
ceiling, occlusion is especially present for objects and bodyparts near
the �oor. Ceiling-mounted arms that carry e.g. the mobile lead shield,
can be positioned by accident to occlude entire viewpoints. Occlusion
is even more present in the OR, with more persons and equipment
than in the Cath Lab. When objects and persons are not detected
due to occlusion, algorithms are blind to the work�ow information they
represent.

Specular surfaces such as displays and windows present another
challenge. Current computer vision algorithms cannot distinguish
between real objects and re�ections. Hence, an algorithm may detect
an object where there is none, receiving false work�ow information.
Re�ections are not as visible when the lights are off, which is the case
during minimally invasive surgeries.

Many algorithms that rely on temporal features assume a constant
framerate. Some phases of minimally invasive procedures are carried
out in the dark, to which cameras adapt their exposure times. This
introduces motion blur and sensor noise, and object- and person
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appearances change with lighting conditions, complicating detection.
Detection algorithms for the Cath Lab and OR should be trained in
such varying lighting. Varying frame times can disturb the motion
prediction used in many tracking algorithms. Hence, algorithms relying
on temporal features should correct for the none-constant frame times.
On the upside, re�ections are not as present in the dark as with the light
on.

Both occlusion and re�ections depend on the camera viewpoint.
Objects that are occluded or re�ected from one perspective, may not be
from another. Therefore, it is bene�cial to incorporate information from
multiple viewpoints in feature extraction. Combining multi-view features
or implementing voting systems can improve feature quality through
redundancy.

To relate information between viewpoints, periodic calibration is
needed in case the cameras are moved. It is not practical to place
permanent calibration patterns in Cath Labs and ORs. Hence, a method
should be used that performs pattern-less extrinsic calibration, e.g.
using keypoint detections.

A downside of multi-view camera systems is that objects look
different from different perspectives. Worse, object appearances vary
in different Cath Labs and ORs. If a method is to be scaled, it is not
practical to require new object annotations for every camera, room,
and hospital. Therefore, a feature extraction method should be chosen
that generalises well. This will be easier for pose- than bounding box
detection. After all, human anatomy is similar everywhere, and large
datasets are publicly available with annotated human poses.

Even if detected correctly, object position and motion are perceived
differently from different viewpoints. For example, when an object
moves to the right with respect to one viewpoint, an opposing viewpoint
would observe movement to the left. Hence, conveyed work�ow
information will not be the same. In the worst case, work�ow analysis
has to be implemented separately for each new camera or room. A
solution is to triangulate 2D features from multiple viewpoints into 3D
features. 3D features are invariant to camera positions, as long as the
camera system is installed appropriately as discussed in section 7.3.

Features besides monitoring video can enhance robust context-
awareness. For instance, some systems log their usage, sensors
measure door movements, laparoscopic video is recorded during
minimally invasive surgery, and X-ray video during Cath Lab procedures.
Such features are room-invariant, e.g., a door sensor output looks
the same regardless the door appearance and position. Incorporating
such robust features creates a multimodal approach, where data that
are not (easily) extracted from video monitoring are made available.
Additionally, richer video data can be recorded. For instance, cameras
can be mounted that measure distance in addition to colour.
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7.3. Monitoring system design
The datasets used in this thesis were recorded using various camera
systems. Besides the visual complexity of the Cath Lab and OR, camera
system limitations presented a major challenge to feature extraction.
This section reviews the encountered camera system �aws, and makes
recommendations on the design of future systems.

The most important feature of a camera system is how much of the
room is covered. At the very least, the area surrounding the operating
table should be in view. For full context-awareness, the entire room
should be visible in the combination of all viewpoints. Room coverage
can be enlarged in two ways. The �rst is to use cameras with a large
�eld of view, e.g. a ‘�sh eye’ lens. The larger the �eld of view, however,
the more distortion is introduced in recordings. Distortion complicates
feature extraction, and especially camera calibration. The second option
is to add more cameras with different perspectives. The more cameras
are hung, the less sensitive the overall system will be to re�ections and
occlusion. With suf�cient overlap between their perspectives, multiple
cameras enable multi-view- and 3D feature extraction. However, the
more cameras are present, the more computationally expensive it will
be to process their video output. Thus, real-time applications will impose
an upper bound on the number of cameras, recording resolution, and/or
framerate. A tradeoff between �eld of view and the number of cameras
should be based on the room and application.

More nuance is present in camera placement besides full-room
coverage and viewpoint overlap. Cameras can be mounted on- or near
the ceiling to get the best overview of a room. Here, however, they also
have the largest risk of being occluded by mounting arms. In addition,
their distance from the procedure means that detected positions will be
less precise. If one aims to record, e.g., individual �nger movements, it
is better to mount cameras lower and/or closer to the procedure. Here,
the recordings will show more detail, but will suffer more occlusion from
e.g. personnel walking by.

Besides camera placement and lenses, sensor speci�cations play a
role. High resolutions and framerates contribute to recording detail,
although they do take a toll on computational processing requirements.
A camera sensor should be chosen by performance in varying lighting
conditions, adapting quickly to changes and limiting noise and framerate
drops in low light. If it does not interfere with equipment in the room,
cameras could carry infrared lights to keep the perceived lighting more
constant.

A vital aspect of multi-view feature extraction is synchronisation.
When multiple cameras record a frame simultaneously, they need to
reliably record the same moment. If different cameras record with a
delay of seconds or minutes from each other, their information cannot be
related properly. Multi-view- or 3D features cannot be extracted in this
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case. If framerates are adapted to lighting, all cameras should do this in
the same way at the same time. Some cameras support synchronisation
by e.g. receiving recording signals through a wire. If synchronisation is
lacking, recordings should be synchronised in postprocessing, based on
recorded metadata and/or visual features.

7.4. Anonymisation and privacy
A downside of monitoring is the privacy-sensitivity of video data,
which show patients and staff. Such videos should be handled with
utmost care, as a leak will have serious repercussions for the recorded
individuals and others involved. A procedure should never be recorded
without the explicit, contractual informed consent of all individuals in
the room. The rest of this section describes considerations in video data
handling to protect the privacy of �lmed subjects.

In the datasets presented in this thesis, faces were blurred to
protect the identities of those present. Done manually, the necessary
face annotating is a labour-intensive process. Faces can be detected
automatically using computer vision instead. However, this only
works if the face detection is reliable. In practice, computer vision
algorithms were not yet reliable enough to accurately detect all faces
in perioperative monitoring video. Even if faces are blurred perfectly,
persons could be identied by e.g. bodytype, posture or way of moving.
Moreover, blurring parts of the image erases work�ow information and
complicates bounding box- and pose detection. Therefore, blurring
monitoring videos should be avoided if alternatives exist.

An alternative to blurring could be not storing the videos at all.
During recording, features and/or work�ow information can be extracted
automatically, and stored instead of frames. This processing could
be done within each camera for single-view features, or in a single
computer for multi-view or 3D features. Possible anonymous features are
the mentioned bounding boxes and poses. More informative, however,
would be to store lower-level features such as the (intermediate) feature
maps from a pretrained backbone neural network (NN). These maps
contain visual information that can further be processed by computers,
but is not easily interpretable by humans. By processing recordings
immediately, no human needs see any raw videos. A limitation of storing
anonymous features only, is that it may complicate the application of
feedback systems from section 7.5. After all, if no information remains
about identity, it will be impossible to give personalised feedback to
those who could bene�t.

Besides recording, the storage and transportation of data are a
sensitive topic. Privacy-sensitive data are not allowed to leave their
hospital of origin, which complicates open research. This slows
down developments in medical (work�ow) technology: to enable some
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products or research, publishing data or centralised storage may be
necessary. After preprocessing as described before, the storage and
transportation of completely anonymous features may be less of an
issue. Data may even be published in the open domain. For such plans,
it needs to be veri�ed that there is absolutely no way of retrieving
personal information from the shared features. In other words, the used
feature extractor must have no possible inverse, or be kept secret.

Work�ow analysis leads to the extraction of work�ow metrics, possibly
on an individual basis. These metrics could be interpreted as a
measure of personal performance. It is important to consider who
gets access to these metrics, and the identity of those they belong
to. If each individual receives their own metrics only, this could yield
a fruitful feedback system. If metrics per individual are accessible
by employers, other employees, or the public, this could potentially
yield undesirable situations. Systems that are designed to help people,
could be misused or misinterpreted to impose judgement. This dystopic
working environment of fear is a reason for medical professionals today
to distrust monitoring systems and work�ow research. To prevent such
situations, serious thought should go into the question who gets access
to which information. A work�ow optimisation system should work
constructively, without posing a threat to any stakeholder.

By itself, work�ow sensing serves no purpose. Such sensing only
becomes useful when the acquired knowledge is applied to improve
situations for the patient, staff or hospital. Some possible applications
are described in the next section.

7.5. Applications
Work�ow detection and context-awareness can fuel applications in
several directions. The work presented in this dissertation provides a
basis for the scalable extraction of work�ow metrics from monitoring
videos. These metrics could be presented to the individual concerned, to
provide insights into their way of working. This could be done in the form
of a dashboard. Such a dashboard could show e.g. the time spent per
phase, performance per patient type, X-ray exposure, and comparisons
to historical metrics and (anonymous) peers. If analysis is centralised,
different ways of working can be accumulated and compared in terms
of outcome. For instance, different sequences of (parallel) work�ow
steps can be linked to procedure success rates, phase durations, and
employee wellbeing. After procedures, staff could receive feedback or
suggestions to improve their work�ow, based on measurements from
hospitals worldwide. It could be suggested to change the order in
which tasks are performed for ef�ciency, or the way in which they
are performed for better ergonomics. In addition, speci�c precautions
could be recommended against X-ray exposure. Newfound information
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on optimal work�ow could be used directly in the education of new
personnel.

Besides feedback and education, robust context-awareness could
enable automated assistance or recommendations in real time. This
way, technology collaborates directly with the staff. If a staff member
is estimated to receive high radiation, the system could recommend
them to stand elsewhere or move the lead shield. If a system sees
a new work�ow phase approaching, it could suggest new settings for
the C-arm or X-ray. After procedures, the system could automatically
�ll out forms or summaries instead of the staff. In planning, medical
teams could be suggested with employees who collaborate effectively,
and linked to patients they will likely be able to help best. When a
procedure is �nishing, planners could be noti�ed automatically to signal
e.g. preparation of the next patient. In all these cases, the suggestions
should be approved by the corresponding professional, before the
system carries them out.

There is still a large gap between the work from this dissertation and
the described applications. This book focussed on techniques for reliable
computer vision in ORs, and explorative work�ow phase recognition.
True contextual understanding of the scene is still far off. However,
basic work�ow analysis using human poses was explored in chapter 5
and succesfully demonstrated in chapter 6. Continuations in this line
of research can allow a system to understand the scene, enabling the
outlined applications. An advantage of the monitoring approach from
this work is that information about the entire perioperative work�ow can
be measured. Other datastreams, e.g., laparoscopic videos or medical
images, give a more limited perspective.

Although promising, computer vision in its current state is �awed.
Arti�cial intelligence (AI) reasoning is in its infancy, and dif�cult to
interpret by humans. AI is rigid, and cannot extrapolate to unexpected
situations. AI cannot reliably learn on the job by itself. For all these
reasons, at the time of writing it would be unwise to let AI have true
responsibility in healthcare. Instead, it should be seen purely as a set
of useful tools. AI can provide advice and minor assistance, as long
as it does not take action without the explicit approval of healthcare
professionals. Full automation, e.g., an autonomous C-arm or even
a robotic surgery platform, might become reality, but only in the far
future.

7.6. Bene�ciaries
The success of work�ow optimisation should be measured in bene�ts to
the stakeholders. Stakeholders include the patient, staff, hospitals, and
societies as a whole. New technologies should support those involved,
rather than getting in the way. For example, as noted in chapter 6,
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robot-assisted surgery is currently often quoted by staff to yield more
stress and delays. New technologies should have a positive effect on
stakeholders, without introducing new problems. This section discusses
some desired effects of work�ow optimisation, for those who it directly
affects.

In healthcare, patient wellbeing is the absolute priority. Besides
their physical problem, patients are reported to deal with emotional
discomforts such as anxiety for the procedure or annoyance over
delays. This, in turn, affects healthcare professionals emotionally. The
applications from section 7.5, enabled by context-aware systems from
this and other studies, can streamline patient care. Education and
automated assistance improve procedure ef�ciency and safety, reducing
patient discomfort and waiting times.

The goal of perioperative personnel is to provide care. If changes
are made to their working environment, these should be there to
support them in that goal. The global shortage of 15.4 million
healthcare professionals in 2020 causes stress and high workloads
in the perioperative setting. New technologies should be low-pro�le,
non-obtrusive, and intuitive to work with. The goal should be to improve
the way of working and quality of care, whilst reducing the workload.
This dissertation lays the groundwork for future context-aware systems,
that provide staff with support and concrete handles to improve their
work�ow. Seeing a measured improvement in their performance, or
receiving concrete recommendations, might be motivating and increase
work satisfaction. Additionally, context-aware AI can assist with
administrative tasks, allowing healthcare professionals to stay focussed
on caregiving.

Hospitals aim to provide the best possible care within their resources.
ORs especially represent a large part of hospital expenses. Data-driven
optimised planning and ef�cient personnel allow for better care and
reduced waiting times, within the same budget. In other words, this
technology enables hospitals to deploy resources more ef�ciently or
serve a greater population.

In 2020, 47 % of global healthcare was reserved to 22 % of the total
population. Some societies have better access to healthcare than
others. In developed countries, the population is aging; the number
of patients outgrows the availability of personnel in the long term. To
maintain health facilities, this shift must be compensated through e.g.
support systems like the ones suggested in this thesis. In this work,
the focus lies on human poses for scalable computer vision in ORs.
Upon further development, the resulting scalable context-aware tools
can easily be applied in any hospital.



Epilogue

A lthough process optimisation, medical technology, and computer vi-
sion are mature �elds in academics and industry, the small area that

combines the three remains in its infancy. In the rapid development of
surgical data processing solutions, the cruciality of communication be-
tween engineers and clinicians is often overlooked. During my Ph.D. I
chose to solve technical problems voiced by researchers and literature,
or that I observed myself. This theoretical approach introduced a gap
between my work and the practical needs of medical teams. In line with
this, I learned in conversation that high maintenance and complexity lead
to some medical technologies even hindering procedures. Conversely, I
noticed that clinicians were often not aware of the potential and limi-
tations of technology. A major theme here is the difference between
human reasoning and computation: what is simple for a human can be
very complicated for a computer, and vice versa. To engineers with ex-
perience in software or computer science this seems trivial, but for suc-
cessful collaboration it must be remembered how it can be intrinsically
counter-intuitive. This is especially true in �elds where computers mimic
human functioning, such as in computer vision. These examples illus-
trate the importance that engineers understand the needs of clinicians,
and clearly communicate the possibilities of the current state-of-the-art.

Steve jobs made a remark in 1997:

�One of the things I’ve always found is that you’ve got to start with the
customer experience, and work backwards for the technology.�

I think that this remark �ts perfectly in the healthcare technology sector
today. Even with perfect computer vision in the OR, and cutting-edge
context-aware reasoning systems built upon it, work�ow analysis is use-
less without an application that the helps the stakeholders. Instead of
extracting features, reasoning about work�ow, and �nding cool applica-
tions, this process should be reversed. The �rst step should be to talk to
hospitals, staff and patients, �nd out what they need and what bothers
them, conceive an application, and then reason what features need to
be extracted.

Only then, should you monitor the contextual Cath Lab.
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