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Surgical Workflow Analysis:
An Explainable Approach

Christos Spiliadis', Yiheng Chang?, Justin Dauwels?, Chavdar Bachvarov?, John J. van den Dobbelsteen®,
Benno H. W. Hendriks®, Maarten Van der Elst”, and Markku Eskola®

Abstract— Surgical workflow analysis optimizes efficiency,
resource use, and patient safety in catheterization labs.
Traditional manual methods are labour-intensive and incon-
sistent, driving the need for automated solutions that utilize
machine learning and computer vision. This thesis introduces
an explainable two-stage model for workflow analysis using
ceiling-mounted cameras. The approach combines a YOLOv8
object detection model with a Gaussian Mixture Model -
Hidden Markov Model (GMM-HMM). The first stage detects
key objects for input into the second stage, where the
GMM-HMM infers workflow phases by modelling spatial
and temporal dynamics for real-time classification. Validation
on two hospital datasets achieves 95.2% accuracy for the
RAGG dataset and 95.4% for HH Tampere, demonstrating
generalizability across environments. Experimental results
show high accuracy in detecting workflow phases, highlighting
explainability and robustness. The combined efficiencies of
YOLOv8 and GMM-HMM allow for precise phase transition
identification. The model’s real-time application and adapt-
ability across hospitals suggest its clinical implementation
potential. This research furthers automated workflow analysis
by enhancing interpretability and adaptability. Future work
aims to improve robustness against occlusions, integrate audio
data, and explore applications in other surgical settings.

I. INTRODUCTION

Cardiovascular diseases are among the leading causes
of death globally and a significant contributor to hos-
pitalizations [1]. To address this, healthcare systems
have increasingly turned to minimally invasive proce-
dures performed in Catheterization Laboratories (Cath
Labs) [2]. These specialized hospital units offer advanced
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Fig. 1. Left: View from the camera at the South East corner in
RAGG. Right: Layout of RAGG Cath Lab.
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Fig. 2.
Tampere. Right: Layout of HH Tampere Cath Lab.

Left: View from the camera at the South wall in HH

imaging systems and tools that allow physicians to di-
agnose and treat heart-related conditions in a controlled
environment. Procedures such as coronary angiography
and percutaneous coronary interventions (PCI), which
are among the most common procedures performed in
Cath Labs, are carried out by multidisciplinary teams,
leveraging state-of-the-art C-Arm angiographers for real-
time imaging and precise catheter guidance.

The growing demand for minimally invasive surgeries
has increased patient traffic in Cath Labs, placing consid-
erable strain on resources, personnel, and procedural ef-
ficiency. Challenges such as scheduling conflicts, resource
utilization, and staff fatigue [4] have made effective Cath
Lab management more critical than ever. Automated
surgical workflow analysis presents significant potential
to address these issues by delivering real-time insights
into procedural phases, enabling enhanced resource man-
agement and informed scheduling.

Traditional workflow analysis methods, such as man-
ual annotation, are labour-intensive and impractical for
real-time applications. Recent advancements in machine
learning (ML) and computer vision (CV) offer scalable
alternatives, automating workflow analysis through vi-
sual data. However, current approaches face challenges
in critical clinical environments due to their lack of
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interpretability and generalizability. Most studies rely on
endoscopic cameras or black-box deep learning models,
limiting their transparency and adaptability. Further-
more, no existing solutions using external cameras have
demonstrated the ability to generalize across datasets
from different hospitals, leaving a critical gap in the
literature.

To address these limitations, this research focuses on
ceiling-mounted cameras for input. It introduces a two-
stage model combining YOLOvS8 object detection and a
Gaussian Mixture Model-Hidden Markov Model (GMM-
HMM) framework. This approach emphasizes explain-
ability and generalizability, enabling precise detection
of surgical workflow phases and their transitions. The
proposed model has been validated using datasets from
two distinct Cath Lab environments, demonstrating its
ability to adapt to different hospital workflows.

In addition to addressing workflow efficiency, the study
highlights the need for better Cath Lab management to
mitigate personnel risks. Frequent exposure to ionizing
radiation, the physical demands of long hours in protec-
tive gear, and high-pressure environments contribute to
long-term health challenges for staff [4]. Workflow analy-
sis can improve team coordination, reduce inefficiencies,
and enhance safety for medical teams and patients.

The primary contributions of this study are as follows:

1) A novel, explainable two-stage model integrating

YOLOv8 and GMM-HMM for phase inference.

2) Validation of the model’s generalizability across

two hospital datasets.

3) Demonstration of the practical application of real-

time automated surgical workflow analysis to im-
prove Cath Lab operations.

This paper will discuss the proposed approach’s
methodology, results, and implications, offering insights
into its potential to enhance procedural efficiency and
safety in Cath Labs.

II. METHODS

This study proposes a two-stage model for surgical
workflow analysis in Cath Labs. The model integrates
object detection and temporal phase inference to de-
tect and classify workflow phases accurately. It utilizes
ceiling-mounted cameras to capture video data, which
is processed in two stages to produce interpretable and
generalizable insights.

A. First Stage

In the first stage, the YOLOvS8 [5] model was applied
to three different camera angles to extract spatial fea-
tures essential for the second stage of temporal phase
inference. These camera angles were selected per dataset
to optimize visibility and minimize occlusions caused by
medical equipment in the Cath Lab. The primary camera
angle generally provided a direct view of the operating
table and cath lab door, ensuring continuous patient
movement tracking. The secondary camera offered an
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Fig. 3. Entire model layout

additional perspective that helped distinguish object
interactions, while the tertiary camera complemented the
spatial coverage, particularly capturing patient entry and
exit events.

Initially, the YOLOv8 model was trained on the Renier
de Graaf Groep (RAGG) object dataset. This dataset was
curated to ensure high-quality annotations of key objects
within the Cath Lab environment, including patients and
doors, which were crucial for workflow phase classifi-
cation. The training process followed the methodology
outlined in [3], where it previously optimized YOLOv8
for detecting objects in the Cath Lab RAGG Hospital.
The best-performing weights from this initial training
phase were used when the complete model was applied
to RAGG procedures.

To extend the generalizability of the object detector
across different hospital environments, the model was
then re-trained on the object detection dataset from
Heart Hospital Tampere (HH Tampere). This re-training
phase allowed the model to adapt to variations in light-
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Fig. 4. TIllustration of the Viterbi decoding process for a left to
right HMM

ing, equipment positioning, patient attire, and procedu-
ral workflows unique to the HH Tampere setting. The
dataset consisted of multiple procedure videos recorded
with ceiling-mounted cameras, capturing diverse patient
movements and procedural contexts in 69237 frames.
The training methodology incorporated transfer learning
techniques, where the previously fine-tuned weights from
the RAGG training phases were used as an initialization
point, thereby reducing training time and improving
model stability [6].

B. Second Stage

The second stage of the model employs a Gaussian
Mixture Model - Hidden Markov Model (GMM-HMM)
framework to infer the temporal phase sequence of a
surgical procedure. This approach integrates spatial fea-
tures extracted by YOLOv8 with temporal dependencies
to classify each second of the procedure into one of five
predefined workflow phases: Waiting, Patient Entering,
Patient Laying, Patient Exiting, and End, also visible in
Figure 5. The combination of GMM and HMM allows
the model to accommodate intra-phase variability while
enforcing structured phase transitions.

The Gaussian Mixture Model (GMM) component is
responsible for modelling the probability distributions of
spatial features within each workflow phase. Since fea-
tures exhibit multimodal distributions due to procedural
variations, the GMM provides a flexible probabilistic
representation by approximating these variations with
multiple Gaussian components [7]. Each phase-feature
combination is assigned a distinct GMM, with its pa-
rameters estimated using the Expectation-Maximization
(EM) algorithm. The EM algorithm iteratively refines
the mean vectors, covariance matrices, and mixture
weights, allowing the model to capture subtle differ-
ences in spatial characteristics across different phases
[8], [9]. Only correlated features are concatenated to
ensure meaningful representation, preventing redundant
or misleading information from affecting the model’s
ability to differentiate between workflow stages [10].

The Hidden Markov Model (HMM) governs the se-
quential nature of phase transitions using a transition
matrix that defines the probability of moving from
one phase to another [11]. This transition matrix is

derived from annotated training data and encodes log-
ical constraints to prevent unrealistic transitions. For
example, a direct transition from Waiting to Laying
is disallowed, as a patient must first enter the Cath
Lab. Conversely, transitions such as Entering to Laying
are highly probable, representing common procedural
progressions. The left-to-right topology of the transition
matrix ensures that phases progress in a natural order,
mimicking real-world surgical workflows and preventing
illogical regressions between phases.

The model employs the Viterbi algorithm to determine
the most probable sequence of workflow phases given
an observation sequence. This dynamic programming
method iteratively calculates the highest probability of
reaching each phase at every time step, leveraging pre-
viously computed probabilities to determine the optimal
phase sequence efficiently [11]. The Viterbi algorithm
also incorporates backtracking to reconstruct the most
likely phase sequence, ensuring the inferred workflow is
accurate and interpretable.

The Viterbi algorithm operates through three main
steps: initialization, recursion, and termination. During
initialization, the algorithm assigns initial probabilities
to each state. The recursion step iteratively computes the
highest probability of reaching each state at each time
step, considering transition probabilities and observation
likelihoods, which in this case come from both the
discrete features as well as the membership probabilities
calculated from the Gaussian mixtures. Finally, in the
termination step, the algorithm selects the most probable
final state and backtracks through stored values to
reconstruct the optimal phase sequence.

1) Initialization:
v1(g) = m;b;(01),
bt1(j) = 0,

2) Recursion:
v(j) = miﬁvt—l(i)ai‘jbj(f)t),

3)

1<j<N, 1<t<T

bty(j) = arg 1glifg§vvt—1(i)aijbj(0t)v

1<j<N, 1<t<T
3) Termination:

P = 1I§n¢a§}§va(Z) (5)

gr = arg max vr (i) (6)

These equations illustrate the core steps of the Viterbi
algorithm. The recursion step ensures that the most
probable sequence is selected by maximizing over pre-
vious state probabilities (v;_1), transition probabilities
(cvij), and observation likelihoods (b;(0;)). The back-
tracking step (bt) reconstructs the optimal sequence by
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tracing back through stored indices, ensuring accurate
workflow phase detection.

All probability calculations are performed on a loga-
rithmic scale to prevent numerical instability, mitigating
the risk of underflow errors that could arise from multi-
plying small probability values over long sequences.

The model incorporates an online inference mecha-
nism based on a modified Viterbi algorithm for real-
time phase inference. Unlike traditional offline inference,
where phase detection is performed after an entire
procedure has been processed, this approach allows the
model to make incremental phase predictions as new
data arrives. A dynamic buffering mechanism ensures
stability in real-time predictions, where a sliding window
maintains a history of phase predictions. This mechanism
prevents abrupt phase transitions by validating them
across multiple frames before finalizing a decision. The
buffer size is dynamically adjusted based on the stability
of past predictions, optimizing the balance between re-
sponsiveness and accuracy. This online inference method
allows the model to be deployed in real-time surgical
settings, providing immediate insights into workflow
phases while maintaining robustness against transient
detection errors or occlusions.

Creating features from the bounding boxes remains
consistent across datasets and is performed by the data
processor shown in Figure 3, ensuring model general-
izability to different hospital environments. Regardless
of dataset variations, spatial and temporal features
are derived following the same methodology, allowing
seamless model adaptation to new clinical settings. The
extracted features are categorized into continuous and
discrete types, each critical in workflow phase detection.

Continuous features model gradual transitions and
dynamic aspects of the procedure. These include the
patient’s bounding box coordinates, the patient-door
distance, the Intersection over Union (IoU) between
detected objects, and the centroid position of the pa-
tient’s bounding box from multiple camera views. These
features provide nuanced information about spatial re-
lationships and movements, ensuring smooth tracking of
the procedure’s progression.

Discrete features, however, capture abrupt changes
in the workflow that indicate phase transitions. Ex-
amples include patient visibility (whether the patient
is in the field of view), final patient exit confirmation
(differentiating between temporary absences and the end
of the procedure), and patient existence confirmation
(validating transitions between major workflow phases).
These features act as structural constraints that reinforce
the logical consistency of the phase inference process.

The model achieves a balanced approach to phase
detection by combining continuous and discrete features.
Continuous features provide fine-grained motion anal-
ysis, while discrete features ensure logical sequencing
and stability. This dual-feature integration allows the
model to accurately capture both gradual procedural

i..“v | A .’
Patient Entering  Patient Laying

Fig. 5. The five phases that are of importance to this model.

changes and sudden transitions, leading to robust and
interpretable surgical workflow analysis.

III. DATASETS

The datasets used in this study were acquired from
two different hospital environments, ensuring variability
in workflow dynamics and procedural execution. These
datasets were recorded in Catheterization Laboratories
(Cath Labs) equipped with ceiling-mounted cameras,
capturing surgical workflow data from different perspec-
tives. All procedures were recorded with the approval
of the Medical Ethical Testing Committee (METC) and
the informed consent of both staff and patients. Both
datasets utilized in this research are proprietary and
provided by Philips.

The first dataset, consisting of 55 procedures, was
collected at Renier de Graaf Hospital (RAGG) in the
Netherlands. It primarily consists of video recordings
of diagnostic coronary angiography procedures. The
recorded procedures follow a structured workflow with
minimal variations, as patient attire and procedural
execution remain relatively consistent. The dataset is
characterized by clear visibility of patient entry, position-
ing on the operating table, and subsequent procedural
steps. This structured nature makes it well-suited for
training object detection and phase inference models
with controlled variations.

The second dataset, which features diagnostic and
therapeutic interventions, was acquired from HH Tam-
pere in Finland and consists of 15 procedures. Unlike
the RAGG dataset, this dataset exhibits more significant
procedural variability due to different patient transport
methods, varied patient attire, and a broader range of
interventional techniques. This dataset includes percuta-
neous coronary interventions (PCI) alongside diagnostic
procedures, making it more diverse in terms of workflow
complexity. The increased variability in environmental
factors and workflow execution presents a more chal-
lenging testbed for assessing the generalizability of the
proposed model.

The datasets were processed to ensure each procedure
was represented as one video per angle, with all angles
aligned to maintain correct timing. Phase annotations
were performed by non-medical personnel, as medical
expertise was not required to recognize these straight-
forward phases. The annotation process involved finding
the four transition times, and once all four transitions
were identified, the calculated features could be split
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into five phases for training the GMM-HMM. The
combination of these datasets allows for the validation of
the model across distinct hospital settings, enhancing its
adaptability and robustness in real-world applications.

IV. EXPERIMENTS AND RESULTS

The experimental results illustrate the impact of
varying Gaussian components and transition window
lengths on model performance across the RAGG and
HH Tampere datasets. Figure 6 and 7 show that for
the RAGG dataset, performance peaks around 20 com-
ponents, except for 23 components, which had a slightly
higher average F1 score but inconsistent results across
procedures and were discarded. The HH Tampere dataset
follows a similar trend, where F1 scores improve up to 15
components, stabilize around 20, and show minor fluctu-
ations beyond that. Additionally, Figure 7 demonstrates
that computation time per fold increases almost linearly
with the number of components, with the RAGG dataset
requiring more processing time due to its larger number
of procedures per fold. Based on these observations,
20 components were selected for each GMM, balancing
performance with computational efficiency and ensuring
real-time applicability.

Another crucial factor in model performance was
the choice of transition window length [12]. Figure 8
illustrates how F1 scores increase with window size,
with diminishing returns beyond a certain threshold.
The RAGG dataset consistently achieved higher F1
scores than the HH Tampere dataset, stabilizing at
approximately +6 seconds. Meanwhile, the HH Tampere
dataset saw the most substantial improvement between
+1 and +3 seconds due to its shorter wait and end
phases, which otherwise led to stricter penalties for
timing mismatches. As a result, a £3 second transition
window was selected to optimize precision and recall,
minimizing minor timing discrepancies while ensuring
meaningful transition alignment.

The RAGG dataset exhibited consistently high preci-
sion, recall, and F1 scores across all phases, particularly
in longer, well-defined phases like Lay and End. The
structured nature of RAGG procedures contributed to
this performance, as seen in Table I. However, chal-
lenges emerged in transitional phases, such as Enter
and Exit, where brief durations led to occasional timing
misalignments. Some patients exhibited non-standard
behaviours, such as pausing before fully entering or
exiting the Cath Lab, sometimes resulting in false tran-
sitions. Despite these minor misclassifications, Figure 10
demonstrates strong precision scores across all phases,
reinforcing the model’s reliability in structured surgical
workflows. Overall, the model achieved an average F1
score of 95.4%, highlighting the model’s ability to per-
form phase inference in surgical environments accurately.

In contrast, the HH Tampere dataset presented more
significant procedural variability, making phase detection
more challenging. Enter and Exit phases had increased

misclassification rates due to patient movement and
positioning differences, as shown in Figure 9. Some
procedures involved patients sitting for a prolonged
time before lying down, a behaviour less common in
RAGG. This variation led to difficulties distinguishing
Enter from Lay phases, as reflected in lower recall
scores for the Enter phase in Figure 11. Despite these
challenges, the model achieved an overall F1 score of
95.2%, demonstrating its ability to generalize across
hospital environments. The increased flexibility required
for HH Tampere procedures highlights the importance
of adaptable phase inference methods.

A cross-dataset analysis reveals key differences influ-
encing phase detection performance. The RAGG dataset,
characterized by a structured workflow with distinct,
longer phases, consistently produced higher accuracy
across all phases. Conversely, the HH Tampere dataset
exhibited greater variability in patient movement and
procedural execution, making transitional phases more
challenging to detect. Dataset size also played a role
in performance variation, with RAGG’s larger dataset
allowing for better parameter estimation and more stable
phase transitions. The impact of dataset complexity
is evident in the transition window analysis, whereas
the improvements were minor on the RAGG dataset.
In contrast, the HH Tampere dataset showed more
pronounced improvements between +1 and +3 seconds.

A real-time demonstrator was implemented and tested
using two procedures from the RAGG dataset to evaluate
the real-time applicability of the model. This evaluation
aimed to compare the performance of the real-time
Viterbi algorithm with the classical Viterbi approach,
which processes the entire observation sequence before
determining the most probable phase path. The real-
time implementation processed incoming video frames
sequentially, using an adjustable buffer to stabilize phase
transitions. The comparative analysis showed that the
real-time Viterbi algorithm produced identical phase
sequences to the classical version, confirming that the
model maintains accuracy even in live surgical environ-
ments. However, it was only tested on two procedures
since some procedures showed issues with the model
stability, particularly in cases with long inactivity pe-
riods when the patient is not visible to any camera.
For instance, in the 'Patient Laying’ phase, the model
would prematurely move to the 'Patient Exiting’ and
"End’ phases as the patient was not visible, and since a
camera would not see the patient for a long while, the
buffer would not get enough inputs in time to recognize
this path as an unstable path.

V. DISCUSSION & CONCLUSIONS

The results of this study highlight the potential of an
explainable and generalizable model for surgical workflow
analysis in Cath Labs. Unlike black-box deep learning
models that provide limited transparency, the proposed
two-stage approach effectively separates spatial feature
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Performance vs Gaussian Components Performance for different evaluation windows
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that the method successfully adapts to varied hospital
settings, making it a scalable solution for broader clinical
adoption.

Moreover, the structured phase-specific feature extrac-
tion method enhances interpretability. Continuous fea-
tures, such as patient bounding box coordinates and the
distance between the patient and the door, help model
gradual transitions, while discrete features, such as final
patient exit confirmation, ensure phase alignment. The
phase-specific analysis (Figures 9-11) reveals that longer
and more structured phases, such as Lay and End, are
detected with high accuracy, while shorter transitional
phases, such as Enter and Exit, present more challenges
due to procedural variability.

Despite its strengths, the model has certain limita-
tions. First, edge cases, such as patient occlusions by
medical staff or non-standard entry/exit behaviours,
occasionally lead to misclassifications. The HH Tam-
pere dataset, in particular, exhibited more procedural
variability, making phase boundaries more ambiguous.
Additionally, while the transition matrix and Viterbi
decoding enforce logical workflow constraints, the model
still depends on the quality of its training data. Ex-
panding the dataset with more procedures and hospital
environments would improve robustness and minimize
edge case errors.

The real-time demonstrator confirmed the practical
feasibility of the proposed model, showing that sta-
ble phase predictions can be integrated into workflow-
monitoring tools. However, challenges remain, particu-
larly prolonged patient inactivity and occlusions, which
can disrupt phase stability. Refining the buffering mech-
anism and adding contextual features should improve
robustness, while broader real-time testing will further
validate reliability. For occlusions, adjusting current ceil-
ing cameras to give complementary views reduces blind
spots, and fusing synchronized multi-view footage in a
lightweight 3-D reconstruction can recover obstructed
regions, maintaining consistent tracking during critical
moments.

From a practical perspective, the model’s accurate
phase detection can streamline resource allocation and
minimize idle times in the Cath Lab. By recognizing
the current phase, staff can anticipate upcoming tasks
more precisely, reducing scheduling gaps and potentially
increasing patient throughput. In addition, metrics on
phase durations and resource usage facilitate feedback
for training programs and workflow optimization.

Future work will focus on enhancing the model’s
adaptability in clinical settings. One promising direc-
tion is expanding object detection capabilities beyond
patients and doors to include medical instruments and
staff, enabling finer-grained workflow analysis. Addition-
ally, integrating multimodal data sources, such as X-
ray usage patterns, angiography signals, or audio cues,
could improve phase inference granularity and increase
the model’s decision-making accuracy. Another avenue

of research is adapting the model to other surgical
environments, such as operating rooms for general or
orthopaedic surgery, extending its utility beyond the
Cath Lab.

In conclusion, this study presents a scalable and
explainable approach to surgical workflow analysis, ad-
dressing the dual challenges of interpretability and
generalizability. Integrating YOLOv8 with GMM-HMM
ensures a structured and robust phase inference frame-
work while maintaining real-time feasibility. The results
demonstrate that phase transitions can be accurately
detected in different hospital settings, contributing to
improved operational efficiency, resource allocation, and
procedural safety. As advancements in Al-driven health-
care continue, this model serves as a foundation for
future intelligent surgical workflow monitoring systems.
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