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Segmentation in X-ray Fluoroscopy Utilizing Virtual Simulations of Cardiovascular
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Assessing and improving the quality of simulated images as training data for seg-
mentation models using style transfer
Rasmus Andersson
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Department of Electrical Engineering
Chalmers University of Technology

Abstract
This project aims to assess the quality of simulated fluoroscopy images from the
company Mentice and their surgical simulator as training data for neural networks.
To do this, a simulated dataset was collected by extracting images and corresponding
information from the simulation to create labels for different objects in the image
automatically. The objects segmented in the images are catheters. The evaluation
uses a dataset from diagnostic and Trans-catheter Aortic Valve Implantation (TAVI)
in vivo procedures. A model called Neural Neighbor Style Transfer was used to adapt
the domain of the images to make them look more like real images to improve the
performance. To perform segmentation two models U-Net and YOLOv8 were used.
The major finding was that a Dice score of 0.8803 was achieved using pretraining on
style-transfer images using YOLOv8. It was also found that by pre-training using
simulated images performance was on average increased by 0.3%/0.6% (Dice/IoU)
for simulated images and 0.9%/1.2% for style-transfered images. A model trained
purely on simulated images could achieve a Dice score of 0.5182. Overall it can be
concluded that the simulated images help improve performance and style-transfer
also shows promise for improving the metrics.

Keywords: Fluoroscopy, X-ray, Mentice, Style Transfer, Segmentation, U-Net, YOLO,
TAVI, Simulation, Catheter.
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1
Introduction

This chapter gives a general background and a basic description of the project. It
acknowledges similar work and describes the collaborative partner of the project,
Mentice. Mentice is a company that develops simulators for a certain family of
medical procedures called endovascular procedures. More about that in Section 1.6.

1.1 Project Description

Fluoroscopy is a medical imaging method used to get a live stream of X-ray images,
allowing the surgeon to see what is happening inside the patient in real time. X-ray
�uoroscopy is explained in more detail in section 2.1.

This project used simulated �uoroscopy images to train two di�erent computer vision
models. The aim was to evaluate the feasibility of using the simulated �uoroscopy
images as training data. More speci�cally, the models that were trained were seg-
mentation models (models that detect objects in an image and identify which pixels
represent which objects). The segmentation models were trained to detect catheters
in the simulated �uoroscopy images. A catheter is a thin tube that is inserted into
the patient to perform a medical procedure.

The performance of the models was then evaluated by using them to detect and
mark catheters in a set of real �uoroscopy images from a publicly available dataset.
Furthermore, the project used several di�erent methods to explore the usefulness
of the simulated �uoroscopy images as training data. The di�erent methods and
models used resulted in many combinations of experiments that were carried out,
evaluated, and compared. The experiments are later de�ned in Section 3.1.4.

1.2 Motivation

The main task in this project was to perform segmentation in �uoroscopy images.
One reason to segment catheters in �uoroscopy images is that it can help visualize
the catheters in situations where the catheters are hard to see. However, a common
problem with using segmentation models for medical images is the lack of annotated
training data. This is mainly due to patient privacy protection laws. Several pre-
vious studies have mentioned the lack of training data as one of the main limiting
factors [8, 9]. One workaround to this issue is to use simulated images, which can
be accessed in larger quantities, to train segmentation models.

1



1. Introduction

1.3 Objective

Broadly, the problem that this thesis will try to address is the problem of lack of
data for AI applications in healthcare as described in section 1.2. This is done by
investigating the feasibility of using simulated images from Mentice as training data
instead. This project evaluates how well this approach works for �uoroscopic X-ray
images using images generated with the Mentice system.
To address this issue, the project explores the following research questions:

1. To what extent can the segmentation capabilities of a model trained on simu-
lated images from Mentice generalize to real �uoroscopic X-ray images?

2. To what extent can the simulated images increase the performance of the
segmentation model?

3. How do the results compare to previous studies performing segmentation on
real �uoroscopic X-ray images?

4. How do di�erent model architectures and training strategies such as style-
transfer and �ne-tuning on real images a�ect the performance of the models?

1.4 Scope

This section introduces some speci�c limitations placed on the project to create a
well-de�ned problem and focus the work. This section also clari�es how this thesis
di�ers from other works.

1.4.1 Limitations

In short, the limitations explicitly placed on the project are:
ˆ The use of raw simulated data is limited to that generated by the Mentice

system.
ˆ The real data used only contains annotations for one class, catheters.
ˆ All numerical results will be generated from the segmentation of catheters.
ˆ All models used will be neural networks.
ˆ Novel architectures will not be developed.
ˆ The image domain will be limited to �uoroscopic X-ray images.
ˆ Optimizing inference time to enable live applications will not be considered.
ˆ All training of models will be done locally.
ˆ Models size/training memory usage will be limited by local hardware.

Some of the limitations are further detailed, motivated, and discussed in Chapter 5.

1.4.2 Novelty

Despite certain commonalities with existing research, this thesis introduces novel
elements that distinguish it from prior works. Similar to some of the papers discussed
in section 1.5, simulated data will be used to train the models. However, this speci�c
method of using simulated procedures to generate the simulated data has not been
found for this imaging modality. Finally, we will use a domain adaptation method
not found in any similar work in medical image analysis.

2



1. Introduction

1.5 Similar Work

This section reviews relevant literature to position the current project within the
existing body of work, focusing on catheter segmentation in medical imaging. Also,
this section helps establish a general idea of what performance can be expected from
a catheter segmentation model.

Two papers that had a similar idea as the intended method for this project are
described in the following two paragraphs [6, 7]. Ambrosiniet.al produced a seg-
mentation model for catheter segmentation in X-ray �uoroscopy images. They used
a CNN-based approach for segmentation and reported results of a median tip dis-
tance error of 0.9 mm and a median centerline distance error of 0.2 mm [6].

The other study by Gherardini et.al [7] utilized a similar CNN-based approach
as Ambrosini et.al. What primarily di�erentiates them is that Gherardini et.al uti-
lized synthetic data, phantom data (data obtained from �uoroscopy videos with
experiments carried out on a silicone aorta phantom which is a physical model of
the aorta made out of silicone), and data from in-vivo operations using transfer
learning. This paper also used a signi�cantly smaller model but achieved better re-
sults with a Dice coe�cient of 0.58 compared to the previous 0.53 [7]. However, they
made this comparison using their dataset and not the results of the original paper, it
is also unclear if they included the post-processing methods used by Ambrosiniet.al.

Another two papers looked at catheter segmentation in X-ray [25, 26], however,
these were chest X-ray images and not �uoroscopy images. The older of the two
papers by Suramanianet.al [26] performed segmentation of the catheters and then
classi�ed what type of catheter it was. They achieved an accuracy of 85.2%. The
newer paper by Boccardiet.al [25] performed segmentation of the catheters and also
di�erentiated between di�erent instances of di�erent catheters and their overlapping
regions. Boccardiet.al achieved a dice score of 0.739.

There are also some papers using synthetic data to train segmentation models for
other medical imaging modalities. Kreitneret.al [8] used a segmentation model that
was trained on synthetic data. The segmentation model was meant to segment ves-
sels in optical coherence tomography angiography images. The synthetic data was
generated using a generative model and they used a CNN for segmentation. They
showed that they were able to get a segmentation model that performed well, a Dice
score of up to 0.912, without using annotated real images [8].

Danilov et.al [12] used semi-synthetic data for catheter segmentation. The semi-
synthetic data was generated by inserting randomly shaped catheters in the heart
cavity in 3D echocardiography. They reported a dice coe�cient of 92.6% when using
synthetic and real data for training compared to 86.5% when using real images [12].

Wu et.al [13] used methods not based on deep learning methods to perform segmen-
tation in X-ray �uoroscopy images. They reported results of an error of 1.79mm for

3



1. Introduction

the catheter median center line distance [13]. Comparing this to Ambrosiniet.al,
the CNN model performs signi�cantly better.

1.6 Mentice

This project was done in collaboration with Mentice, a company known for its
endovascular procedure simulators. They describe their simulator as a "�ight sim-
ulator" for medical doctors and students. Endovascular procedures are a family of
medical procedures where an instrument is inserted into the vessel and navigated
to where the medical issue is e.g. myocardial infarction, and then some procedure
is performed to �x it. In Mentice's simulator, you instead insert the medical instru-
ment, for example, a catheter into a box that has sensors and feedback actuators in
it. The sensory data is then sent to a computer with the simulation running which
models the catheter and relevant blood vessels in 3D. This model is projected to a
2D image as if it were seen through a �uoroscope. This happens several times per
second to produce a video stream of images.

Mentice gave us access to their simulation system and its simulated �uoroscopic
images. Full access to the source code was granted which allowed for modi�cations
such that the system will output images well-suited for use as training data. They
also provided guidance for operating their system in addition to input and expertise
on the project overall.

4



2
Theory

This chapter presents the most relevant theoretical aspects that will be used in
the method. This starts with a brief introduction to the relevant medical- devices,
imaging methods, and procedures is included. Additionally, it includes technical
information about relevant Machine Learning (ML) models and the theory behind
their implementation, use, and evaluation.

2.1 X-Ray Fluoroscopy

Fluoroscopy is a medical imaging method that uses the X-ray imaging modality to
produce a continuous time sequence of images. This imaging method can be found
within catheterization laboratories in hospitals where di�erent coronary procedures
can be performed.

X-ray imaging di�erentiates tissues and objects based on their di�erential absorp-
tion of X-ray photons, which are recorded to create grayscale-intensity images. The
main types of noise in X-ray are Poisson-, salt and pepper- and speckle-noise [29]
and it can generally be reduced by increasing the radiation.

Several medical devices are essential for procedures performed under �uoroscopy.
One such device is the introducer tube that is located at the groin or arm, this
tool is the interface between the cardiovascular system and the outside; all other
tools enter the cardiovascular system through the introducer tube. The guide wire
is a tool used to navigate through the cardiovascular system to help other tools,
primarily the catheter, reach their desired destination. A catheter is used as a tube
for contrast �uid and for helping with the deployment of other tools such as stents
and balloons. Stents and balloons are tools intended to deal with certain medical
problems such as myocardial infarction [33].

For medical purposes, di�erent cardiovascular procedures can be performed in the
cauterization laboratories depending on the need. One such procedure done for di-
agnostic purposes is a coronary angiogram which is done to look for narrowed or
blocked vessels in the heart [32]. Another procedure is Trans-catheter Aortic Valve
Implantation (TAVI) done to implant an arti�cial heart valve [31]. Another proce-
dure is Percutaneous Coronary Intervention (PCI) which is done to treat narrowed
heart vessels [30].
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