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Computed Tomography Pulmonary Angiography (CTPA) is an essential imaging modality
for diagnosing pulmonary embolism (PE). Although its primary focus is on the pulmonary
arteries, the detailed images it provides can also offer valuable insights into cardiovascular
structures. This thesis focuses on developing automated systems to detect, segment, and
measure mediastinal structures and PE in CTPA scans, addressing challenges such as increasing
radiology workloads and the need for high diagnostic accuracy.

Paper I presents a deterministic algorithm that automates segmentation and measurement
of major thoracic vessels, including the ascending aorta (AAo), descending aorta (DAo), and
pulmonary trunk (PT). This method eliminates the need for manual annotations, achieving
segmentation success rates of up to 100% and demonstrating high correlations with radiologist
measurements (Pearson’s r = 0.68–0.99) across varying image qualities. External validation
further confirmed its robust performance, with a Dice score of 0.92, highlighting its clinical
applicability.

Paper II builds on this by training a deep learning model (nnU-Net) using segmentation
masks derived from the deterministic approach. This model achieved improved segmentation
accuracy (Dice score: 0.95) and higher success rates for detecting AAo, DAo, and PT compared
to traditional methods. Validation on external datasets further confirmed its reliability and
potential for integration into clinical workflows.

Paper III focuses on detecting pulmonary embolism (PE) using a 3D U-Net generated
by the nnU-Net framework, which was trained on an internal dataset of 149 CTPA scans
containing PE. The model achieved exceptional classification performance, with sensitivity
and specificity exceeding 96% in internal and external validations. Advanced post-processing
strategies improved specificity and reduced false positives, outperforming state-of-the-art
methods in sensitivity, specificity, and overall diagnostic accuracy.

Future work includes integrating these models into Picture Archiving and Communication
Systems (PACS) for seamless clinical deployment, refining algorithms for PT measurement
and right/left ventricle analysis, and exploring advanced architectures like vision transformers
to further enhance performance. In conclusion, the proposed developments aim to elevate
diagnostic precision and clinical outcomes, paving the way for routine deployment of automated
CTPA analysis systems in healthcare.
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Preface 

  -Nunc nova aetas hominum venit 
 

From hunter-gatherers to modern humans, mankind has witnessed numerous 
scientific developments. Notably, the incredible scientific and technological 
advancements of the 20th century have continued to accelerate in the 21st cen-
tury. Medical imaging technologies, computer sciences and technologies, and 
Artificial Intelligence (AI) have all benefited from these rapid advancements. 
However, technological advancements in certain fields often give rise to new 
challenges, yet innovations in other areas frequently emerge as solutions, ad-
dressing these challenges in tandem. In our thesis, we examined one such is-
sue: the advancements in medical imaging techniques have led to the genera-
tion of billions of medical images, overwhelming radiologists and making it 
difficult for them to complete patient reports in a timely manner. This bottle-
neck can be addressed through further developments in computer science and 
technology. For instance, while the United States Food and Drug Administra-
tion approved only six artificial intelligence-based medical devices in 2015, 
this number skyrocketed to 221 over the next eight years and more than quad-
rupled in just one year, reaching 950 as of August 7, 2024. There is no doubt 
that these AI-based medical devices, both developed and in development, will 
be the solution to this bottleneck. However, these advancements in artificial 
intelligence also give rise to substantial concerns.  

In a world already struggling with wars, conflicts, civilizational clashes, 
pandemics, and climate change, will the remarkable advancements in AI help 
solve our existing challenges, or will they create new ones? Should we be 
afraid of AI? Or when should we be afraid? While the answer to this question 
remains open-ended, we might find insight by reflecting on human history and 
posing similar questions to ourselves. Should we be afraid of mankind? As the 
cleverest animal on Earth, are we dangerous? When did we become danger-
ous? Was it when Prometheus stole fire from Mount Olympus, or when we 
began asking questions and exploring philosophy? 
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My response to the question of whether we should fear AI is a cautious yes, 
particularly if AI systems begin to pose philosophical questions instead of 
simply carrying out their assigned tasks. If, one day, the AI engines we have 
created start generating philosophical inquiries like the ones below, it may 
signal the need for us to sound the alarm: 

• Does God exist, and who am I? 
• Do humans have free will? 
• What is the meaning of life? 
• What is reality? 
• What is the role of power? 
• What is consciousness, and is death the end? 

If we set aside our concerns and reservations about AI, we are left with in-
credible opportunities that it brings. Those capable of creating large datasets, 
processing them using intelligent algorithms, and transforming the processed 
data into final products stand to gain immense wealth and power. These enti-
ties could be individuals, startups, companies, or even entire nations. Accord-
ing to Alvin Toffler's wave theory, the first wave encompassed the agricultural 
revolution, during which communities transitioned from hunter-gatherers to 
agricultural societies, achieving power and prosperity. This 1st Wave created 
great empires. This wave was disrupted by the industrial revolution, and 
power and prosperity shifted from agricultural societies to those who could 
quickly transition to industrial societies, resulting in the formation of strong 
nation-states. In Toffler's final wave, the post-industrial society transitioned 
from an industrial economy to a knowledge-based economy, leading to the 
rise of large multinational information technology companies with significant 
economic power. This final wave produced vast amounts of data. In addition 
to Toffler's three-wave theory, considering the exponentially increasing ad-
vancements in artificial intelligence, it would be appropriate to add a new 
wave and call it the 4th Wave, the AI-society. In this 4th Wave, the AI-society, 
those who can collect and process the information produced by 3rd Wave so-
cieties, transforming it into intelligent final products, will ultimately achieve 
great wealth. The future belongs to those who can quickly catch the 4th Wave. 
 
Ali Teymur Kahraman 
Uppsala / Sweden, 12/12/2024 
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Introduction 

Medical imaging techniques are essential for detecting, diagnosing, staging, 
and planning treatment for a wide range of diseases [1]. Computed Tomog-
raphy (CT) is a widely used, cross-sectional, three-dimensional imaging mo-
dality [2]. Over the past few decades, there have been significant advance-
ments in CT technology, including improvements in gantry rotation speed, 
scanning time, and spatial resolution [3]. As a result, the number of CT scans 
performed has risen [4–6]. In the United Kingdom and the United States 
alone, over 6 million and 83 million CT examinations are conducted annu-
ally, respectively [7]. Concurrently, the demand for CT examinations has 
been growing at a rate three times higher than the growth of the radiology 
workforce in the United Kingdom [8]. This growing demand can create bot-
tlenecks in healthcare workflows, preventing radiologists from completing 
reports on time [9,10]. During the reporting process, radiologists assess var-
ious morphometric and geometric parameters from CT scans, including or-
gan diameters, volumes, and densities, to aid in risk stratification. These 
measurements are essential in clinical practice, particularly in evaluating pa-
tient health [11–13], and are also critical for assessing image quality [14,15]. 
However, the manual measurement of parameters, such as those associated 
with cardiovascular diseases (CVDs), is labour-intensive. For example, cal-
culating the right ventricle-to-left ventricle volume ratio alone takes approx-
imately seven minutes [16].  

Pulmonary embolism (PE), a blockage of the pulmonary arteries caused by 
blood clots, is a life-threatening condition associated with significant mortal-
ity and morbidity rates [17]. When diagnosed and treated promptly, PE re-
mains the leading cause of preventable hospital deaths worldwide [18]. Cur-
rently, CT pulmonary angiography (CTPA) is the gold standard imaging tech-
nique for diagnosing PE [19]. This method uses iodine-containing contrast 
media (ICCM) to enhance the visibility of vascular structures in CT scans. 
Blood clots do not absorb the contrast media, appearing as dark filling defects 
within the pulmonary arteries. Radiologists manually inspect CTPA images 
for these defects to diagnose PE, a process that is both time-consuming and 
mentally demanding [20]. To address these inefficiencies, computer-aided 
systems hold significant potential to automate and streamline these processes. 

A promising approach to addressing this challenge is the increased adop-
tion of Artificial Intelligence (AI) powered automated Computer-Aided 
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Detection (CAD) systems. Over the last decade, significant advancements in 
the computational capabilities of graphical processing units (GPUs), which 
can perform tera-scale floating-point operations per second [21], along with 
the vast availability of medical imaging data estimated at 4.2 billion diagnostic 
examinations conducted globally each year  [22], have driven substantial 
growth in research and development. This progress has focused on integrating 
AI techniques, including machine learning (ML) and deep learning (DL) mod-
els, into a wide range of healthcare applications [23]. A successful example of 
this is the application of AI in digital breast tomosynthesis, which has reduced 
radiologist workloads by 40% [24]. Similarly, AI-based cancer detection al-
gorithms have reduced workloads by more than 50% [25]. These examples 
demonstrate the potential of computer-aided systems to assist radiologists and 
increase their productivity. 

In clinical practice, automated CAD systems must achieve a high level 
of specificity to minimize the burden on radiologists caused by false posi-
tives. At the same time, these systems must also maintain sufficient sensi-
tivity to provide meaningful contributions, such as automatically prioritiz-
ing emergency cases for urgent review. With this goal in mind, our focus is 
on developing a CAD system that leverages advanced image processing and 
analysis techniques, alongside state-of-the-art deep learning architectures, 
for the automated analysis of contrast-enhanced chest CT scans. This sys-
tem is designed to assist in diagnosing pulmonary embolism and other car-
diovascular diseases, enhancing both accuracy and efficiency in clinical 
workflows. 

Thesis Outline 
This thesis provides an overview of the medical and technological aspects of 
solutions developed for the automated evaluation of CTPA volume images for 
CVDs and is structured as follows:  

The next section provides essential medical and imaging knowledge to sup-
port the understanding of PE and the great vessels within the chest cavity. It 
begins with an anatomical overview of the thoracic cavity, including the right 
and left pleural cavities and the mediastinum. The discussion then shifts to the 
role of medical imaging in diagnosing PE, with a specific emphasis on CTPA. 
Subsequent sections explore the radiological challenges in imaging and pro-
vide a comprehensive background on pulmonary embolism. The third section 
delves into digital image processing techniques applicable to CTPA imagery, 
including image acquisition, enhancement, binary morphological processing, 
segmentation, and feature recognition. The fourth section introduces deep 
learning methodologies, emphasizing neural networks, convolutional neural 
networks, the U-Net architecture, and the advanced nnU-Net framework. The 
fifth section presents the current investigation, outlining its aims, materials, 
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and findings from three papers, including their background, methods, results, 
and discussions. Finally, the thesis concludes with insights into the implica-
tions of this work and potential future directions. 
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Medical Context 

Thoracic Cavity 
The thorax is a major part of the body located in the chest, between the neck 
and the abdomen. It is enclosed by the thoracic cage, which includes the ribs, 
sternum, and thoracic vertebrae [26]. The thoracic cavity is divided into three 
compartments: the right pleural cavity, located on the right side of the chest; 
the left pleural cavity, located on the left side of the chest; and the mediasti-
num, which lies between the two pleural cavities. The right pleural cavity con-
tains the pleura, pleural fluid, and the right lung. The right lung primarily con-
sists of the bronchial tree, along with lobar, segmental, and sub-segmental 
branches of the pulmonary arteries and pulmonary veins.  

 
Figure 1. Anatomy of the lungs and heart within the mediastinum and pleural 
cavities. This illustration details the key anatomical features of the respiratory and 
cardiovascular systems, highlighting the trachea, main bronchi, lobar bronchi, pulmo-
nary arteries, pulmonary veins, superior vena cava, inferior vena cava, and the cham-
bers of the heart (atria and ventricles). The mediastinum, marked by yellow dashed 
lines, shows the central thoracic area that contains the heart, major blood vessels, and 
other structures. The pleural cavities, enclosing the lungs, are outlined with blue 
dashed lines to emphasize the division of the thoracic cavity into distinct regions. 
Courtesy of AnatomyTOOL.Org [27]. 
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Similarly, the left pleural cavity houses the pleura, pleural fluid, and the left 
lung. Like the right lung, the left lung primarily contains the bronchial tree, as 
well as lobar, segmental, and sub-segmental branches of the pulmonary arter-
ies and pulmonary veins (Figure 1) [28].  

 
Figure 2. Stepwise visualization of organs and structures in the thoracic Cavity. 
(1) All thoracic organs shown in 3D, including the rib cage, lungs, and systemic cir-
culatory structures, with the mediastinum depicted in yellow dashed lines and pleural 
cavities outlined with blue dotted lines. (2) Rib cage isolated for structural reference. 
(3) Rib cage removed to display lungs and thoracic circulatory anatomy. (4) The right 
and left lungs were visualized independently. (5) With the lungs removed, the thoracic 
circulatory system and bronchial tree were clearly visualized (6) Major systemic ves-
sels and the heart displayed in isolation. (7) Bronchial tree shown independently. (8) 
Pulmonary veins visualized exclusively. (9) Pulmonary arteries visualized exclu-
sively. Images in panels (1), (3), (5), (8), and (9) were created using Human Anatomy 
Atlas version v2017.1.27, courtesy of Visible Body [29]. Images in panels (2), (4), 
(6), and (7) were created in https://BioRender.com. 

The lungs are essential organs of the respiratory system, responsible for deliv-
ering oxygen to the bloodstream and removing excess carbon dioxide from 
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the body. Pulmonary vessels, including arteries and veins, play a crucial role 
in blood circulation within the lungs. The pulmonary artery (PA) carries de-
oxygenated blood from the heart to the lungs, while the pulmonary veins 
transport oxygenated blood from the lungs back to the heart [30]. 

The central compartment of the thoracic cavity, known as the mediastinum, 
is a visceral space located between the left and right pleural cavities. The me-
diastinum is divided into two main sections: the superior mediastinum and the 
inferior mediastinum. The inferior mediastinum is further subdivided into 
three regions: the anterior, middle, and posterior mediastinum. This central 
compartment of the thoracic cavity contains several vital structures, including 
the heart, trachea, tracheal bifurcation, and oesophagus. It also contains major 
blood vessels, such as the pulmonary trunk, the right and left pulmonary ar-
teries and veins, the ascending and descending thoracic aorta, the aortic arch, 
and the superior vena cava and inferior vena cava, along with other essential 
organs [31,32]. To enhance the understanding of the anatomy and spatial re-
lationships of these structures, Figure 2 presents a step-by-step visualization 
of the thoracic cavity and its major organs. This illustration provides an in-
depth, layer-by-layer depiction, aiding in a clearer grasp of the organization 
and interactions within the thoracic cavity. 

Medical Imaging 
Medical imaging encompasses a range of specialized methods and techniques 
used to visualize a patient's internal structures for both diagnostic and thera-
peutic applications. The origins of this field date back to 1895, with the Ger-
man physicist Wilhelm Conrad Röntgen's discovery of X-rays [33]. X-rays 
are a high-energy form of electromagnetic radiation with very short wave-
lengths. They can penetrate materials like human tissue, which typically ab-
sorb or reflect visible light [34]. This penetrating ability makes X-rays valua-
ble in medical imaging for visualizing bones, organs, and other internal struc-
tures, helping diagnose conditions such as fractures and tumours. 

In contemporary medicine, medical imaging systems are essential and 
closely linked with radiology, a medical specialty focused on the use of imaging 
for diagnosis and treatment. Depending on clinical requirements, various imag-
ing modalities are utilized, including X-rays, CT, Magnetic Resonance Imaging 
(MRI), Ultrasound, and Nuclear Medicine techniques such as Positron Emission 
Tomography (PET) and Single Photon Emission CT (SPECT) [35]. 

Computed Tomography 
Medical imaging field saw significant advancements in the 1970s with the 
invention of CT by British engineer Godfrey Newbold Hounsfield based on 
theoretical calculations by Allan M. Cormack [34]. CT, also known as X-ray 
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computed tomography or computerized axial tomography (CAT) scan, is an 
imaging technique that uses rotating X-ray sources and detectors to capture 
multiple "slice" views of the body from different angles. These two-dimen-
sional (2D) cross-sectional images, derived from three-dimensional (3D) 
structures, are reconstructed using mathematical algorithms to provide de-
tailed internal views of tissues and organs. CT technology comes in various 
forms, including Standard (Conventional) CT, Helical (Spiral) CT, High-Res-
olution CT, Multiple-Row Detector CT, and Dual Source CT. Each variation 
offers different levels of scanning speed, image quality, and dose efficiency 
[36]. During the scan, the patient lies on a motorized table that moves through 
the gantry while the X-ray source rotates around them. Detectors collect the 
exiting X-rays to generate snapshots, and a computer then compiles these im-
ages into precise axial slices [37]. 

 
Figure 3. The principal anatomical planes of CTPA volume images. A. The three 
imaginary anatomical planes on the human body (courtesy of ref. [38]). B. Chest 
CTPA examination in axial (transverse) (B), coronal (C) and sagittal (D) plane. 
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Computed Tomography Pulmonary Angiography 
CT Pulmonary Angiography (CTPA) is a diagnostic imaging technique that 
involves injecting an iodine-based contrast agent to increase blood vessel den-
sity, thereby improving the visualization of vascular structures in CT scans 
[39]. Following the injection, a series of X-ray images is captured, providing 
detailed insights into potential blockages or abnormalities within the pulmo-
nary circulation. The iodine-containing contrast medium (ICCM) enables vis-
ualization of the pulmonary arteries from the main level down to the sub-seg-
mental branches [40].  

As blood clots do not absorb the contrast agent, they appear as intravascular 
filling defects within the pulmonary arteries, allowing for their identification 
[41,42]. A CTPA examination contains a sequence of 2D cross-sectional CT 
images which together form a 3D volume image. 2D cross-sectional CT im-
ages can be visualized in three principal anatomical planes axial, coronal, and 
sagittal (Figure 3). 

Pulmonary Embolism 
Venous thromboembolism (VTE) refers to a blood clot that forms in a vein 
and encompasses pulmonary embolism (PE) and deep vein thrombosis (DVT) 
[43]. Pulmonary embolism occurs when a clot from a DVT travels to the lungs 
[44,45], making it a common and potentially fatal complication of VTE [46]. 
Following myocardial infarction and stroke, PE ranks as the third most com-
mon cause of death from cardiovascular disease [47] and is the leading cause 
of preventable deaths in hospitals worldwide [48]. Each year, PE affects over 
400,000 individuals in Europe [49] and between 300,000 and 600,000 people 
in the United States [50], resulting in an estimated 100,000 or more deaths 
[51].  

The risk of developing a PE can be classified as unprovoked (also known 
as idiopathic or primary) or provoked (also known as secondary). Unprovoked 
risk factors include being over 65 years of age, obesity, smoking, hyperten-
sion, prolonged travel (particularly in a seated position), and thrombophilia. 
In contrast, provoked risk factors encompass recent surgery or trauma, pro-
longed immobility (including during the postoperative period), cancer, preg-
nancy, pneumonia, and congestive heart failure [44,52]. 

The clinical signs and symptoms of PE typically include shortness of 
breath (dyspnoea) and chest pain, often described as sharp, stabbing sensa-
tions that worsen with deep breathing or coughing. Patients frequently ex-
hibit an increased heart rate (tachycardia, >100 beats per minute) and a rapid 
respiratory rate (tachypnoea, >20 breaths per minute) as the body attempts to 
compensate for decreased oxygen levels and impaired circulation. Additional 
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common symptoms include coughing, which may be dry or accompanied by 
blood-streaked sputum (haemoptysis) [53]. 

Diagnosis of Pulmonary Embolism 
Diagnosing PE typically involves a well-structured approach that relies on 
non-invasive techniques, allowing clinicians to confirm (rule in) or exclude 
(rule out) PE while minimizing unnecessary testing [44]. Various clinical 
models have been developed to guide the diagnosis of PE [17,43,52]. The gen-
eral outline of a commonly used diagnostic algorithm is summarized below.  

The first step is to estimate the likelihood of PE, which can be done either 
through clinical judgment or by using validated scoring systems such as the 
Wells Score [54] or the revised Geneva Score [55]. These tools incorporate 
factors like signs of deep vein thrombosis, recent surgery or immobilization, 
active cancer, and haemoptysis to assess the probability of PE [56]. 

When these scores categorize a patient as low risk, the Pulmonary Embo-
lism Rule-out Criteria (PERC) may be applied to refine the likelihood even 
further. PERC consists of eight clinical parameters, such as age under 50, heart 
rate under 100 beats per minute, adequate oxygen saturation, and absence of 
unilateral leg swelling. If a low-risk patient satisfies all PERC criteria (i.e., is 
“PERC negative”), additional testing for PE is generally unnecessary. How-
ever, if a patient does not meet PERC requirements, or if the clinical suspicion 
based on Wells or Geneva remains moderate or high, the next step is to meas-
ure D-dimer levels. A normal D-dimer in an appropriately selected patient can 
rule out PE, whereas an elevated D-dimer calls for imaging [52,57].  

The current gold standard for diagnosing suspected PE is CTPA, which 
allows direct visualization of the pulmonary vasculature to detect any clots 
[17,58]. At the level of the carina of trachea, the main pulmonary arteries (also 
known as the pulmonary trunk) bifurcate into the right and left main PA. The 
right and left PA subsequently split into lobar, segmental, and subsegmental 
branches (52). PE can occur at each of these PA levels (Figure 4). In general, 
there is high concordance between radiologists in diagnosis of PE up to the 
segmental level, but lower concordance on subsegmental emboli (20,53). 

In summary, by integrating clinical probability assessment, applying the 
PERC rule to selected low-risk patients, conducting targeted D-dimer testing, 
and confirming findings with CTPA, clinicians can accurately confirm or rule 
out pulmonary embolism in a stepwise manner. 
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Figure 4. The appearance of PE in different levels of the pulmonary arteries in 
CTPA volume images. The red arrow shows PE at the main (A), the right lobar (B), 
the segmental (C) and subsegmental (D) pulmonary artery levels. The CT images were 
acquired in the axial plane at slice thickness of 2.0 mm, WL: 100 HU, WW: 600 HU. 

Radiological Challenges 
Due to various physical, technical, and patient-related factors, distortions and 
unwanted effects, collectively known as CT artifacts, can appear in CT im-
ages. CT image artifacts can be classified based on their appearance into four 
major categories: streaking, rings and bands, shading, and miscellaneous arti-
facts [59]. However, when classified by their primary cause, these artifacts fall 
into four categories: physics-based artifacts (such as beam hardening and 
noise), patient-based artifacts (including motion and breathing artifacts, as 
well as metal artifacts), scanner-based artifacts (like ring artifacts from detec-
tor malfunctions), and artifacts from helical and multisection techniques [60]. 
Figure 5 illustrates several common artifacts observed in our study cohort 
(refer to the Materials section), accompanied by sample images demonstrating 
their appearance on CTPA scans. 
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Figure 5. Most frequent image artifacts in the internal dataset. Panel A shows 
beam hardening artifacts indicated by the arrow (WL: -400 HU; WW: 1500 HU). In 
Panel B, noise is observed throughout the image (WL: 40 HU; WW: 400). Panel C 
displays artifacts caused by a metallic object in the superior vena cava, indicated by 
the arrow (WL: 300 HU; WW: 600). Panel D illustrates a motion artifact resulting in 
a blurry and double image of the pulmonary trunk (WL: 40 HU; WW: 400). 
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Digital Image Processing and Analysis 
Techniques Applicable to CTPA Imagery 

Digital image processing and analysis involve extracting information from 
digital images [61] and are a subfield of digital signal processing. A digital 
image can be represented as a two-dimensional signal, formulated mathemat-
ically as a function of two independent variables, for example, 𝑓ሺ𝑚,𝑛ሻ = 𝑔. 
By introducing an additional independent variable, such as 𝑓ሺ𝑚,𝑛, 𝑧ሻ = 𝑔, 
three-dimensional (3D) volume images can be generated. Here, 𝑚, 𝑛, and 𝑧 
represent the coordinates of the smallest unit of the image. In two-dimensional 
(2D) images, this smallest unit is referred to as a pixel, while in 3D images, it 
is called a voxel. For CT pulmonary angiography (CTPA) volume images, 𝑚 
and 𝑛 are the independent variables that define the image matrix, determined 
by the spatial resolution capacity of CT scanners. At present, a matrix size of 512 ×  512 is the standard for most CT scanners [62]. The independent var-
iable 𝑧 corresponds to the total number of individual images (slices) in the 
CTPA volume. The slice thickness, a parameter of CT image acquisition, de-
termines the value of 𝑧. Together, these variables define the CTPA volume 
images, which can be visualized as shown in Figure 6. 

 
Figure 6. An illustration of CTPA volume images with fundamental definitions. 
The white grids on the slices are imaginary lines used to indicate pixels and voxels. 
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Furthermore, 𝑔 represents the intensity of the image at a specific location, 
determined by 𝑚, 𝑛, and 𝑧. In CTPA volume images, 𝑔 corresponds to radi-
odensity, which is measured using the Hounsfield Unit (HU) scale. The HU 
scale is a linear transformation of the linear attenuation coefficient of water at 
room temperature [63]. Table 1 provides the HU scale values for various ma-
terials commonly observed in CTPA imaging [64,65]. 

Table 1. Hounsfield unit values for different tissues in CTPA examinations. 

Materials HU 
Air -1000 
Lung -900 to -200 
Fat -100 to -20 
Water 0 
Blood 20 to 90 
Muscle 40 to 60 
Spongy Bone 30 to 230 
Compact Bone >250 
Foreign body >1000 
Note. —  CTPA volume images have a HU range of 4096, 
from -1000 HU (air) to +3000 HU (metallic object), with 
shades of gray per pixel. 

An image analysis problem can be addressed through several fundamental 
steps, each comprising a range of algorithms and methods [66]. In the follow-
ing sections, we focus on five key steps: image acquisition, image enhance-
ment, binary morphological image processing, segmentation, and feature 
recognition and classification, along with their associated methodologies. 
Nevertheless, the most crucial technique in digital image processing, which 
we must address first, is convolution. 

Convolution 
Convolution is a mathematical technique used to merge two functions, result-
ing in a third function. This technique involves shifting one function across 
the other, calculating the product of their overlapping values at each step, and 
summing these results to produce the final outcome [67]. It is a crucial opera-
tion widely utilized in image processing applications such as sharpening, blur-
ring, enhancing images, detecting edges, and extracting features. 
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In image processing, the first function is referred to as the input image, 
while the second function is known as the filter or kernel. The convolution 
operation can be mathematically represented as: 

 𝑶ሺ𝒊, 𝒋ሻ =  ෍ ෍ 𝑭ሺ𝒎,𝒏ሻ ∙ 𝑰(𝒊 + 𝒎, 𝒋 + 𝒏)𝒇
𝒏ୀି𝒇

𝒇
𝒎ୀି𝒇  (1) 

Where: 𝒇 represents half the size of the filter, 𝑶(𝒊, 𝒋), is the output pixel value at 
position (𝒊, 𝒋), 𝑭(𝒎,𝒏) is the filter value at position (𝒎,𝒏), and 𝑰(𝒊 + 𝒎, 𝒋 +𝒏), is the corresponding pixel in the image. 

Image Acquisition 
Retrieving an image from its source is the first step in any digital image pro-
cessing and analysis problem. The internal CTPA dataset used in this thesis 
was obtained from the Picture Archiving and Communication System (PACS, 
Sectra AB, Linköping, Sweden) in Digital Imaging and Communications in 
Medicine (DICOM) format. DICOM is an internationally recognized standard 
commonly used for storing and transferring data in medical imaging. A DI-
COM file contains raw image data along with metadata related to CT image 
acquisition procedures and patient information [68,69]. 

Image Enhancement 
Image enhancement is the process of improving the quality of digital images 
to facilitate further processing and analysis [70]. In this study, we employed 
Gaussian smoothing methods to reduce noise and suppress unnecessary details 
in CTPA volume images. Gaussian smoothing is highly effective for noise 
reduction and computationally efficient. Applying the Gaussian smoothing 
method to a digital image involves convolving the image with a Gaussian filter 
kernel. The Gaussian filter kernel is generated using the Gaussian function: 

 𝑮(𝒎,𝒏) = 𝟏𝟐𝝅𝝈𝟐 𝒆ି𝒎𝟐ା 𝒏𝟐𝟐𝝈𝟐  (2) 

Here, 𝜎 represents the standard deviation of the Gaussian distribution. The 
Gaussian smoothing method reduces image noise while also diminishing im-
age details. However, in certain situations, preserving image details, such as 
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object edges, is essential (Figure 7). Anisotropic diffusion, also known as Pe-
rona-Malik diffusion, addresses this by reducing noise while maintaining im-
portant details in the image [71]. The anisotropic diffusion method can be ex-
pressed as: 

 𝑰𝒕 = 𝒅𝒊𝒗(𝒄(𝒎,𝒏, 𝒕)𝜵𝑰) = 𝒄(𝒎,𝒏, 𝒕)∆𝑰 +  𝜵𝒄 ∙  𝜵𝑰 (3) 

Here, 𝐼 represents the image, 𝑡 is the iteration variable, and 𝛁, div, and ∆ de-
note the gradient, divergence, and Laplacian operators, respectively. The dif-
fusion coefficient function, 𝒄(𝒎,𝒏, 𝒕), can be expressed as: 

 𝒄(||𝛁𝑰||) =  𝒆ି(||𝛁𝑰|| 𝑲⁄ )𝟐 (4) 

Here, 𝑲 is a constant that determines the sensitivity to edges. 

 
Figure 7. Example of Gaussian smoothing and anisotropic diffusion operations. 
To better understand the applied operations, two different values of window level 
(WL) and window width (WW) are provided. In the first row (A1, B1, and C1), WW 
is set to 4094 HU and WL to 1023 HU; in the second row (A2, B2, and C2), WW is 
set to 600 HU and WL to 100 HU. The original image is shown in A1 and A2. The 
result of the Gaussian smoothing operation, with a sigma (𝜎) value of 2, is shown in 
B1 and B2. The result of the anisotropic diffusion operation is shown in C1 and C2. 
As can be seen above, in Gaussian smoothing operations, image details are blurred, 
whereas in anisotropic diffusion operations, the details are preserved. 
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Binary Morphological Image Processing 
Binary morphological image processing is a technique used to manipulate bi-
nary images using a small, pre-defined binary shape, known as the structuring 
element (SE), which is essentially a matrix of pixels. Applying morphological 
operations to a digital image involves convolving the image with the SE. The 
purpose of morphological image processing is to evaluate whether the SE fits, 
hits, or misses an object within the binary image. In this study, we utilized 
four fundamental morphological operations for binary object manipulation: 
erosion, dilation, opening, and closing. The opening and closing operations 
are derived from the basic operations of erosion and dilation [72]. An example 
of binary morphology operations is given in Figure 8. 

 
Figure 8. Example of a binary morphological operation. The original image (A) is 
first thresholded with a 100 HU cut-off value, as shown in B. Then, the opening op-
eration with a disk-shaped structuring element and a matrix size of 3 pixels is applied 
to the thresholded image. The result is shown in C. 

Segmentation 
Segmentation is the process of dividing an image into regions of interest (ROI) 
that share similar characteristics, such as intensity, texture, pattern, or location 
[73]. It is the most critical step in image analysis, as all subsequent calcula-
tions and measurements rely on accurately defined ROI [66]. However, seg-
mentation is also the most challenging step in the process. Detecting pulmo-
nary embolism (PE) in CTPA volume images represents a segmentation prob-
lem. The ROI to be segmented is the pulmonary artery (PA) because PE occurs 
exclusively within the PA system. However, the PA is a complex anatomical 
structure that is difficult to segment accurately. The segmentation methods 
employed in this thesis are described in the following section. 
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Thresholding 
A threshold value is defined, and pixels or voxels are classified as background 
or foreground based on whether their intensity values fall below or above this 
cut-off value. Thresholding is the simplest segmentation method and can be 
expressed as: 

 𝒇(𝒎,𝒏) = ൜𝟎, 𝒊𝒇 𝒈(𝒎,𝒏) ≤ 𝑻𝟏, 𝒊𝒇 𝒈(𝒎,𝒏) > 𝑻 (5) 

Here, 𝒇(𝒎,𝒏) represents the binary output image, 𝒈(𝒎,𝒏) is the grayscale 
input image, and 𝑇 is the threshold value. Figure 8-B illustrates an example 
of a basic thresholding operation. 

Region Growing 
This region-based image segmentation method begins with the selection of 
seed points (pixels or voxels). A region-growing criterion is then applied to 
identify and include adjacent pixels or voxels that meet the specified condi-
tion. This method is computationally efficient and performs well when accu-
rate seed points are selected [74]. However, the primary challenge lies in the 
selection of these seed points. If the process is not automated with high accu-
racy, it can significantly increase the user’s workload. 

The region-growing method can be applied to both 2D and 3D binary or 
grayscale images. The sensitivity of the algorithm in defining regions depends 
on the connectivity parameters. For an (𝑚 × 𝑛) image matrix, either 4-pixel 
or 8-pixel connectivity can be used. For an (𝑚 × 𝑛 × 𝑧) volume matrix, con-
nectivity options include 6, 18, or 26 voxels. A higher connectivity value en-
ables the algorithm to segment regions faster and cover more area or volume. 

Edge Detection 
Edge detection is a technique used to identify the boundaries of objects by 
detecting sudden changes in intensity within an image. This is typically 
achieved by convolving the image with specialized edge detection operators 
(filters). Commonly used edge detection operators include the Laplacian, 
Prewitt, Sobel, and Canny operators [66]. The combination of the Canny op-
erator and the Hessian matrix provides an effective vesselness filter, making 
it particularly useful for detecting vascular structures. Therefore, in this study, 
we utilized the Canny operator and the Hessian matrix for edge detection (Fig-
ure 9). The Hessian matrix is defined as: 
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 𝑯𝒎𝒏 = ൤𝑰𝒎𝒎(𝒗) 𝑰𝒎𝒏(𝒗)𝑰𝒎𝒏(𝒗) 𝑰𝒏𝒏(𝒗)൨ (6) 

Here, 𝑣 represents a voxel in the image, 𝑰𝒎𝒎 is the second derivative of the 
image in the horizontal direction, 𝑰𝒏𝒏 is the second derivative in the vertical 
direction, and 𝑰𝒎𝒏 is the partial derivative of the image in both horizontal and 
vertical directions. The eigenvalues of the Hessian matrix provide critical in-
formation about the structure of an object. Consider the eigenvalues 𝝀𝟏 and 𝝀𝟐 of 𝑯𝒎𝒏: 

• If both 𝝀𝟏 and 𝝀𝟐 are large, it indicates a corner 
• If one of 𝝀𝟏 and 𝝀𝟐 is large and the other small, it indicates a step 

edge 
• If both 𝝀𝟏 and 𝝀𝟐 are small, it indicates a low-contrast region 

 
Figure 9. Example of edge detection operations. The original image is shown in 
panel A. The Canny edge detection operation is applied, as shown in panel B. The 
eigenvalue of the Hessian matrix is calculated on the original image, and the result is 
displayed in panel C. 

Feature Recognition and Classification 
The final step in digital image processing and analysis is feature recognition 
and classification. Feature recognition involves detecting or identifying ob-
jects within an image, while classification entails grouping these detected ob-
jects into predefined categories or classes. Object detection and classification 
can be achieved using statistical methods or structural methods. Statistical 
methods, such as those based on deep learning, will be discussed in the next 
section. Here, we provide a brief overview of a basic object detection method. 
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Connected Component Labelling 
Connected Component Labelling (CCL) is an object detection method used to 
identify connected regions in binary images [75]. CCL can be applied to 2D 
or 3D binary or grayscale images. For an (𝑚 × 𝑛) image matrix, either 4-pixel 
or 8-pixel connectivity can be used. For an (𝑚 × 𝑛 × 𝑧) volume matrix, con-
nectivity options include 6, 18, or 26 voxels. The CCL algorithm for binary 
images can be summarized in three basic steps: 

1. The input image is converted into a binary image. 
2. Voxels are grouped based on the specified voxel connectivity pa-

rameter. 
3. The grouped voxels are labelled sequentially according to their 

group order and count (Figure 10). 

 
Figure 10. Example of connected component labelling operations. The original 
image is shown in panel A. First, an anisotropic diffusion operation was applied to the 
original image to enhance it. Next, an erosion morphological operation was applied. 
Then, the image was thresholded at 100 HU to capture potential blood vessels. Finally, 
a connected component labelling algorithm was applied to detect and separate each 
component. As shown in panel B, each component is represented with different gray-
scale values. 
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Deep Learning 

Artificial intelligence (AI), at its core, involves enabling machines to perform 
tasks typically associated with human intelligence. Machine learning (ML), a 
subset of AI, allows machines to acquire skills and learn from experience 
without direct human intervention [76]. Deep learning (DL), a further subset 
of ML, leverages artificial neural networks (ANNs) to progressively extract 
higher-level features from input data [77]. ANNs are computational algo-
rithms inspired by biological neural networks, while deep neural networks 
(DNNs) are ANNs with multiple layers that enable more complex processing.  

 
Figure 11. Hierarchical relationship in Artificial Intelligence (AI). Machine 
Learning (ML) as a subset of AI, Artificial Neural Networks (ANNs) as a subset of 
ML, Deep Learning (DL) within ANNs, Convolutional Neural Networks (CNNs) as 
a specialization of DL, and U-Net as a specific architecture within CNNs. 

Within ANNs, convolutional neural networks (CNNs) form a specialized sub-
set. CNNs comprise at least one convolutional layer, a pooling layer, and a 
non-linear activation function. Each layer performs specific mathematical 
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operations and can be understood as a mathematical function. Among deep 
learning architectures, deep convolutional neural networks (DCNNs) are par-
ticularly well-suited for semantic segmentation tasks [78]. Given that our 
problem involves semantic segmentation, we focused on the U-net architec-
ture, a specific and widely recognized DCNN model designed for this purpose 
[79]. Meanwhile, Table 2 summarizes other architectures recommended for 
various tasks. These concepts are presented in a hierarchical structure in the 
form of a Venn diagram as shown in Figure 11, and they are broadly defined 
in the following sections. 

Table 2. Comprehensive overview of various architectures and their use cases in 
computer vision tasks. 

Architectures Use Cases 
LeNet [80,81] Handwritten digit recognition 
AlexNet [82] Large-scale image classification 
VGGNet [83,84] Image classification and object detection 
GoogleNet [85,86] Image classification and feature extraction 
ResNet [87,88] Image recognition and object detection 
DenseNet [89] Image classification 
EfficientNet[90,91] Image classification and object detection 
MobileNet [92,93] Mobile and embedded vision applications 
YOLO [94–96] Object detection and real-time video analysis 
R-CNN [97,98] Object detection and instance segmentation 
Capsule Networks [99,100] Image classification and object detection 
Generative Adversarial Networks [101–103] Image synthesis 
Atrous Convolutions [104,105] Semantic segmentation 
SqueezeNet [106] Image classification 
ShuffleNet [107,108] Mobile and embedded vision applications 
NASNet [109] Image classification and recognition 
Vision Transformers [110,111] Classification, detection and segmentation 
Recurrent CNNs [112,113] Object recognition, time-series analysis 
Octave Convolution Networks [114] Image and video recognition 
Spatial Transformer Networks [115] Image classification and object detection 
Foundation Models [116,117] Image classification and object detection 
Fully Convolutional Networks [118,119] Semantic segmentation 
Big Transfer [120] Image classification 

Note. — CNNs: convolutional neural networks, R-CNN: Region based CNNs.  
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Artificial Neural Networks 
Artificial Neural Networks (ANNs) take inspiration from the architecture and 
functionality of biological neurons. In the human brain, neurons gather signals 
through dendrites, process them within the soma, and transmit an output signal 
via the axon when a certain threshold is surpassed. Similarly, an artificial neu-
ron combines weighted input signals and uses a non-linear activation function 
to generate its output [121] (Figure 12). 

 
Figure 12. Schematic illustrations of both biological and artificial neurons are 
presented. Panel A shows a biological neuron (created in https://BioRender.com), 
while Panel B illustrates an artificial neuron (AN). In an AN, the inputs (𝑥௜ ௧௢ ௠)  serve 
the same purpose as dendrites, namely receiving information. The weights (𝑤௜ ௧௢ ௠) 
and bias (𝑏) mirror synapse strength and baseline excitability, and the soma (cell 
body) is represented by the summation (∑) and activation function (𝑓). Finally, the 
output of the AN corresponds to the signal transmitted along the axon in a biological 
neuron. 

 This process can be mathematically described as:  

 𝒚 = 𝒇൭෍𝒘𝒊𝒙𝒊 + 𝒃𝑴
𝒊ୀ𝟏 ൱ (7) 

Where, 𝑥௜  represents the inputs, 𝑤௜ denotes the trainable weights, 𝑏 is the bias 
term, and 𝑓(∙) symbolizes the activation function. By arranging these neurons 
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into layers and interconnecting them, ANNs are capable of learning intricate 
mappings from input data to desired outputs [121].  

Convolutional Neural Networks 
Convolutional Neural Networks (CNNs) are a special type of neural network 
that use convolution operations (refer to the Digital Image Processing and 
Analysis Techniques section)  instead of traditional matrix multiplications in 
at least one layer [122]. By focusing on local spatial relationships in grid-like 
data, such as images or signals, CNNs excel at identifying important features 
for tasks like image recognition and computer vision [123]. A typical CNN 
architecture alternates between convolutional layers and pooling layers (Fig-
ure 13). Pooling (like max pooling or average pooling) reduces the size of the 
feature maps while keeping essential information.  

 
Figure 13. A schematic depiction of a Convolutional Neural Network. A basic 
CNN architecture can be constructed with a single convolutional layer followed by a 
single pooling layer and concluded with one fully connected layer. 

Activation functions, such as ReLU (Rectified Linear Unit), add non-linearity 
to help the network learn complex patterns. Towards the end of the network, 
fully connected (dense) layers combine the features for final classification or 
regression tasks. Another useful technique is pointwise (1×1) convolution, 
which helps reduce the size and efficiently combine features across channels. 
CNNs can have dozens or even hundreds of layers, with each layer refining 
the features found by previous layers. Through forward propagation and back-
propagation, the network’s parameters (weights and biases) are adjusted, al-
lowing CNNs to adapt and improve in recognizing the most relevant features 
for a given task [124]. 
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U-Net 
U-Net is a CNN architecture originally introduced by Ronneberger et. al., spe-
cifically for biomedical image segmentation [125]. Its success, however, ex-
tends well beyond medical imaging [79,126,127] to various segmentation 
tasks [128,129]. The network’s distinctive U-shaped layout arises from two 
main pathways: a contracting (encoder) path that captures semantic context 
and an expanding (decoder) path that recovers spatial precision. This design, 
often referred to as “fully convolutional,” was inspired by earlier fully convo-
lutional networks (FCNs) introduced by Long et al. [118], yet U-Net distin-
guishes itself with extensive use of skip connections. These connections con-
catenate the feature maps from the encoder to the corresponding layers in the 
decoder, ensuring that high-level context is effectively combined with spatial 
details. 

 
Figure 14. 2D U-net architecture. The figure illustrates the 2D U-Net, comprising a 
contracting path (left) and an expanding path (right). Blue arrows indicate 3×3 con-
volutions with ReLU activation, orange arrows denote 2×2 max-pooling layers, and 
green arrows represent 2×2 up-convolutions. Gray arrows show skip connections that 
merge features from the contracting to the expanding path. The input is a CT scan 
slice, and the output is a segmentation mask. Dimensions and feature channels are 
annotated, showcasing the model’s symmetry and ability to retain spatial details for 
accurate segmentation. 

In the contracting path, U-Net employs repeated blocks of 3×3 convolutions, 
each followed by a ReLU activation, and then a max-pooling operation to pro-
gressively reduce spatial dimensions while increasing the number of feature 
channels. This strategy broadens the receptive field and extracts robust, high-
level representations. The bottleneck, which bridges the encoder and decoder, 
is the network’s deepest layer where two 3×3 convolutions and ReLU activa-
tions capture abstract semantic features. While this deeper representation is 
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powerful for classification, it tends to lose spatial localization. To counterbal-
ance this, U-Net’s decoder path systematically upsamples the feature maps 
using transposed convolutions (or up-convolutions). After each upsample, the 
network concatenates the feature maps from the corresponding encoder level, 
providing rich localization cues that help reconstruct fine-grained spatial in-
formation in the output segmentation map. Finally, a 1×1 convolution layer 
reduces the number of feature channels to match the target classes, producing 
a dense prediction for each pixel [126]. Figure 14 demonstrates how the input 
image is progressively contracted and then expanded, utilizing skip connec-
tions to combine low- and high-level features for accurate segmentation. 

A key advantage of U-Net is its ability to produce pixel-level classifications 
efficiently. By discarding fully connected layers and relying solely on convo-
lutional operations, the architecture can handle images of varying sizes. To 
further tackle large images, U-Net employs a tiling (or overlap-tile) strategy, 
mirroring the border regions so that the network retains context near the edges. 
This allows segmentation of high-resolution images without being constrained 
by GPU memory limits [125]. Overall, U-Net’s flexibility in input handling, 
its effective skip connections, and its balanced encoder-decoder design have 
solidified its position as a cornerstone in semantic segmentation tasks, ena-
bling precise object localization alongside a broad contextual understanding 
for accurate predictions. 

nnU-Net 
The no-new-U-Net (nnU-Net) is an open-source, self-configuring method de-
signed for deep learning-based biomedical image segmentation [130]. Built 
upon the widely used U-Net semantic segmentation architecture [125], it pro-
vides an automated and standardized pipeline for tasks such as preprocessing, 
data augmentation, network architecture design, training, postprocessing, and 
inference. nnU-Net organizes hyperparameters into three categories: rule-
based, fixed, and experimental, and its proven success across diverse datasets 
makes it a transformative tool in medical image segmentation. 

Key features include automatic configuration, advanced network architec-
ture, and efficient training and inference. It adapts preprocessing, network de-
sign, and postprocessing to dataset-specific properties using rule-based and 
empirical parameters. The architecture supports 2D U-Net, 3D U-Net (Full 
Resolution), and 3D U-Net Cascade, employing an encoder-decoder design 
with skip connections for improved gradient flow (Figure 15). Instance nor-
malization ensures stability with small batches, and Leaky ReLU enhances 
gradient propagation. Training incorporates robust data augmentation tech-
niques such as rotation, scaling, Gaussian noise, and low-resolution simula-
tion. Inference uses a sliding window approach with Gaussian weighting to 
minimize stitching artifacts, and optimization relies on a combination of cross-
entropy and Dice loss functions [130]. 
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Figure 15. Schematic architecture of the 3D U-Net model generated by nnU-Net. 
The model consists of a multi-scale encoder-decoder structure with symmetric skip 
connections. The encoder (left) progressively reduces the spatial resolution of the in-
put while increasing feature dimensionality, starting from 32×128×128×128 and end-
ing at 320×4×4×4. Each encoder block employs 3×3×3 convolution layers with in-
stance normalization (IN) and IReLU activation, followed by down-sampling with 
stride 2×2×2. The bottleneck layer represents the most compressed representation of 
the input features. The decoder (right) reconstructs the spatial resolution through 
transposed convolution layers (stride 2×2×2) and combines features from correspond-
ing encoder levels using skip connections. The output layer uses a 1×1×1 convolution 
followed by softmax to generate the final segmentation map. 

The workflow leverages dataset fingerprinting to extract properties like di-
mensions, spacing, modalities, and class distribution, while pipeline finger-
printing configures parameters such as patch size and network topology. Em-
pirical selection fine-tunes configurations, choosing between 2D, 3D full res-
olution, or 3D cascade models and applying connected-component-based 
postprocessing for refinement. nnU-Net’s out-of-the-box usability achieves 
state-of-the-art results validated by international competitions. It is highly ver-
satile, handling 2D and 3D images across diverse modalities and scales, robust 
to class imbalances, and capable of managing large datasets  [131]. As a stand-
ardized benchmark tool, it ensures reproducibility and fair comparisons. 
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While version 1 of nnU-Net required both raw and ground truth datasets to 
be in the NIfTI format, version 2 overcomes this limitation by supporting mul-
tiple input file types, including PNG, BMP, TIFF, NRRD, MHA, and others.  

Widely used in medical imaging, nnU-Net system excels in segmenting 
structures such as brain tumours [132], liver  [133], lungs [134], and cardiac 
regions [135]. It serves both domain scientists seeking straightforward solu-
tions and AI researchers developing new methodologies [136]. 
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The Present Investigation 

Overall Aims 
The primary objective of this thesis was to develop and validate automated 
and deep learning-based algorithms for detecting, segmenting, measuring, and 
classifying mediastinal structures and vascular features in computed tomogra-
phy pulmonary angiography (CTPA) examinations, with a particular focus on 
pulmonary embolism (PE) detection. The aim was to enhance diagnostic ac-
curacy, speed, and efficiency in clinical practice. The specific aims of each 
paper are outlined below: 

Paper I 
Automated detection, segmentation and measurement of major vessels 
and the trachea in CT pulmonary angiography. 

To develop a deterministic, fully automated algorithm for detecting, segment-
ing, and measuring mediastinal structures in CTPA, achieving high accuracy 
across internal and external datasets while addressing common artifacts and 
medical conditions. 

Paper II 
Segmentation and Measurements of Major Vessels from CT Pulmonary 
Angiography Using Deep Learning. 

To develop a deep learning-based approach for the segmentation and meas-
urement of major blood vessels in CTPA, utilizing nnU-Net for segmentation 
and a deterministic algorithm for measurement, aiming to achieve high corre-
lation with radiologist assessments and robust performance on internal and 
external datasets. 

Paper III 
Enhanced Classification Performance using Deep Learning Based Seg-
mentation for Pulmonary Embolism Detection in CT Angiography. 

To develop a deep learning-based classification pipeline using nnU-Net and 
post-processing rules to detect pulmonary embolism (PE) in CTPA with state-
of-the-art sensitivity, specificity, and AUROC across internal and external 
validations. 
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Background 
Computed tomography (CT) pulmonary angiography (CTPA) is a medical im-
aging technique that uses an intravenous (IV) contrast agent to improve the 
visibility of thoracic blood vessels, with a particular focus on the pulmonary 
arteries [17,137]. CTPA is currently the preferred imaging method for diag-
nosing pulmonary embolism (PE) [58,138]. Beyond PE, cardiovascular dis-
ease (CVD) is the primary cause of morbidity and mortality worldwide [139]. 
Accurate identification and measurement of major blood vessels in the tho-
racic cavity are critical for radiologists in diagnosing and assessing CVDs 
[140–142]. CTPA also enhances the visibility of other significant blood ves-
sels within the chest cavity, thereby aiding radiologists in effectively evaluat-
ing CVDs [143,144]. Several CVDs, such as chronic thromboembolic pulmo-
nary hypertension (CTEPH), pulmonary arterial hypertension (PAH) [145–
147], and aortic aneurysms [148,149], can be identified or suspected based on 
the presence of enlarged pulmonary arteries or an enlarged ascending aorta 
[150–152].  

During the CTPA reading and reporting process for PE, radiologists man-
ually perform quality control and various measurements of mediastinal struc-
tures in the images, depending on the clinical situation and local practices. 
Measurements of the standard deviation of Hounsfield Units (HU) in a spe-
cific region of interest (ROI), such as the descending aorta (DAo), and the 
mean HU value in the pulmonary trunk (PT), are utilized for image quality 
assessment [14,153]. The mean HU value in PT aids in selecting the optimal 
window setting for PE detection [154]. These manual measurements are time-
consuming [155], and a fully automated solution could potentially enhance 
radiologists' workflow efficiency and accuracy, thereby improving overall pa-
tient outcomes. 

Current automatic methods for segmenting and measuring major blood ves-
sels in the chest cavity typically use traditional image processing and analysis 
techniques [156–158]. Although deep learning-based approaches have shown 
potential [159–161], many of the existing datasets are limited by small sample 
sizes and a lack of representative artifacts and co-morbidities. To address the 
challenges presented, Paper I proposes an algorithm leveraging traditional 
image processing and analysis techniques, utilizing deterministic methods to 
accurately segment and measure mediastinal structures specifically the DAo, 
AAo, PT in CTPA examinations. These validated segmentation outputs were 
then used as ground truth annotations for training deep learning models. In 
Paper II, we trained a state-of-the-art semantic segmentation framework, the 
no-new-U-Net (nnU-Net) [130], on the accurately segmented vascular struc-
tures from the cohort of Paper I. This deep learning approach demonstrated 
the ability to detect and segment mediastinal structures with high precision. 
Furthermore, we compared the results of this statistical, probabilistic approach 
with the deterministic methods of Paper I, benchmarking the performance of 
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the nnU-Net against expert radiologists and highlighting the strengths and po-
tential of each approach in clinical practice. 

PE is a critical and potentially fatal condition that arises when blood clots 
block the pulmonary arteries, leading to significant morbidity and mortality 
[11]. In Europe alone, over 400,000 individuals are affected by PE [49], with 
estimates ranging from 300,000 to 600,000 cases annually in the United 
States, resulting in more than 100,000 deaths each year [50,51]. As one of the 
leading causes of preventable hospital deaths globally [48], PE demands rapid 
and effective clinical intervention [162]. CTPA imaging technique involves a 
CT scan performed after the intravenous administration of iodinated contrast 
medium, which highlights emboli as dark filling defects within the pulmonary 
arteries [40]. However, reviewing each CT slice to detect PE is a time-inten-
sive process for radiologists, requiring extensive training and attention to de-
tail. Additionally, small sub-segmental emboli present a challenge due to high 
inter-observer variability [20]. An automated PE detection system in CTPA 
can help radiologists by speeding up the reading process and reducing the risk 
of missing emboli. 

Developing an accurate automated solution for PE detection is challenging 
due to anatomical variations, motion artifacts, variations in contrast medium 
concentration, and coexisting pathologies. To date, various techniques have 
been explored, including traditional image processing methods [163,164] and 
statistical/probabilistic approaches like machine learning [165–167] and deep 
learning [168,169]. Despite these efforts, these models often struggle with low 
sensitivity [164,166,168] and high false positive rates [163,164,166,167], pri-
marily due to limited training data [163,164,166–168]. The leading method 
currently employs a ResNet classification model on 1465 CTPA scans, 
achieving a sensitivity of 92.7% and specificity of 95.5% [170]. Similarly to 
Paper II, we trained the nnU-Net semantic segmentation model for PE seg-
mentation in Paper III. The nnU-Net framework [130] significantly improves 
segmentation performance, enabling automatic classification of routine pa-
tient CTPA examinations as PE-positive or PE-negative with higher sensitiv-
ity and specificity than the current state-of-the-art methods. 
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Materials 
Ethical Consideration 
A retrospective dataset comprising 700 non-ECG-gated CTPA examinations 
conducted between 2014 and 2018 at a single institution (Nyköping Hospital, 
Sweden) was collected. Approval for the collection and analysis of these 
CTPA examinations was obtained from the Swedish Ethical Review Authority 
(EPN Uppsala Dnr 2015/023 and 2015/023/1). The CTPA examinations were 
standard clinical procedures, exported sequentially from a chronological his-
tory list within the institution’s Picture Archiving and Communication System 
(PACS) in Digital Imaging and Communications in Medicine (DICOM) for-
mat. To ensure anonymization, all personal identifiers within the DICOM 
headers were removed using the Dicom2USB hardware solution (www.di-
com2usb.com). 

 
Figure 16. Representative examples of CTPA examinations at the level of PT, 
showcasing varying image quality. The radiologist categorized these examinations 
as good, acceptable, or inferior quality. Panel A displays a good-quality CTPA exam. 
Panel B presents an acceptable quality CTPA exam, with some image noise and streak 
artifacts from the superior vena cava. Panel C demonstrates an inferior quality CTPA 
exam characterized by severe image noise, motion artifacts, and inadequate IV con-
trast concentration in the PT. In all panels, the CTPA exams have the same window 
setting (width = 600 HU, level = 100 HU). 

Assessment of CTPA Volume Image Quality 
For each CTPA examination, the radiologist evaluated five image quality pa-
rameters that influence the assessment of pulmonary embolism (PE): motion 
artifacts, streak artifacts, intravenous contrast concentration in the pulmonary 
trunk (PT), parenchymal disease, and image noise. A total quality score was 
computed, categorizing the overall CTPA examination quality as good (score 
0–3), acceptable (score 4–7), or poor (score ≥8). Table 3 summarizes the dis-
tribution of the CTPA examination dataset across various quality levels with 
the study characteristics, utilized for training, validation, and testing in Papers 
I, II, and III. Illustrated examples of three CTPA quality categories are pro-
vided in Figure 16, with detailed information on the original scoring method-
ology and calculation outlined in the supplementary material of Paper I. 
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Manual Measurements of Major Blood Vessels 
The radiologist measured the diameters of the AAo and PT, the IV contrast 
concentration in the PT, and the image noise in the 2 mm axial image stack, 
The PT diameter was measured proximal to the bifurcation point, while the 
AAo diameter was measured at the level of the PT. For the IV contrast con-
centration, a 2 cm² circular ROI was placed in the PT to calculate the mean 
HU value. Similarly, a 1 cm² circular ROI was positioned in the DAo to cal-
culate the SD of HU values, which represents the image noise. An example of 
these measurements is shown in Figure 17. 

 
Figure 17. Radiologists carried out the ground truth measurements. Panel A 
shows that the IV contrast concentration in the PT was determined by averaging the 
HU values within a 2 cm² circular region of interest (indicated by the arrow). The 
image noise was evaluated by calculating the standard deviation (SD) of the HU in a 
1 cm² circular region of interest in the DAo (marked by the arrowhead). Panel B de-
picts the measurements of the PT diameter (arrow) and AAo diameter (arrowhead). 

These measurements were performed by an experienced senior radiologist 
(TF) on the CTPA volume images using the RadiAnt DICOM Viewer 
(Medixant) (https://www.radiantviewer.com). The initial review and measure-
ments of 150 CTPAs were carried out by a radiology resident (DT) with ex-
pertise in general diagnostic radiology, followed by a double-check by radiol-
ogist TF. These manual measurements of the major blood vessels were used 
as the ground truth in Papers I and II and are provided in Table 3.
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Quantitative Evaluation of Major Blood Vessels Segmentation 
In Paper II, we used the deterministic solution from Paper I to generate 2D 
segmentation masks, successfully producing segmentation masks for the ma-
jor blood vessels in 596 out of 700 CTPAs. These masks served as the ground 
truth for the major blood vessels in the thoracic cavity: the DAo, AAo, and 
PT. The ground truth segmentation masks were validated by two radiologists, 
DT and TF. However, the remaining 104 CTPAs required manual annotation, 
as they could not be processed automatically in Paper I. The manual annota-
tions were performed using the open-source software MITK. These annota-
tions for the 104 CTPAs were also validated by radiologists DT and TF to 
ensure consistency and accuracy. 

Manual Annotation of Pulmonary Embolism 
In the internal dataset, 149 out of 700 CTPAs showed the presence of PE. 
These exams were manually segmented in the axial view, image by image, 
resulting in 36,471 segmentations (Table 4). The CTPAs were reviewed and 
annotated using the open-source software Medical Imaging Interaction 
Toolkit (MITK) [171] by two radiologists, DT and TF. An example of PE 
annotation is illustrated in Figure 18. 

Table 4. Ground truth annotation for 149 internal CTPA scans with PE. 

Component Blood Clots 
Average 
Volume 

Min Volume Max Volume 
Total 

Volume 

(mm3) (mm3) (mm3) (mm3) 

3D (Volume) 1497 682 0.21 36510 

744783 2D (Area) 36471 16 0.21 830 

1D (Voxel) 2439400    

Note. — PE = Pulmonary embolism, 3D = 3-dimensional, 2D = 2-dimensional, 1D = 1-dimensional. 
Min = minimum, Max = maximum. 3D components comprise 2D components, and 2D components 
comprise 1D components where a 1D component is equal to 1 voxel. 
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Figure 18. Example of PE annotation. Panel A presents the original CTPA exam, 
while Panel B displays the radiologist's manual annotation in red. In all panels, the 
CTPA exams have the same window setting (width = 800 HU, level = 100 HU). 

External Datasets 
Three publicly available datasets were used to externally evaluate the pro-
posed algorithm and model: the Segmentation of Thoracic Organs at Risk in 
CT Images (SegTHOR) dataset [172] (used in Papers I and II), Ferdowsi 
University of Mashhad's Pulmonary Embolism (FUMPE) Dataset [173] (used 
in all three papers), and the RSNA-STR Pulmonary Embolism CT (RSPECT) 
Dataset [174] (used in Paper III). The purposes and general outlines of these 
external datasets are provided below in detail. 

Segmentation of Thoracic Organs at Risk in CT images (SegTHOR) 
The SegTHOR training set includes 40 CT scans, both with and without IV 
contrast, all featuring manual segmentation of the aorta [172]. For the external 
evaluation of AAo segmentation, 12 CT scans with IV contrast were selected 
from the 40 available scans, while the remaining 28 CT scans without IV con-
trast were excluded. These 12 CT scans with IV contrast were used for the 
external validation of AAo segmentation in Papers I and II. 

Ferdowsi University of Mashhad's Pulmonary Embolism Dataset 
The FUMPE dataset is a publicly available collection consisting of 35 CTPA 
examinations with voxel-level PE annotations, including the diameter of the 
PE annotated by radiologists. The annotation of the PE diameter was used for 
external evaluation in Papers I and II, while the voxel-level PE annotations 
were used for external evaluation in Paper III. In the FUMPE dataset, one 
PE-positive examination was excluded due to the absence of a ground truth 
annotation. Out of the 34 remaining CTPA examinations, 32 were PE-positive 
and 2 were PE-negative. Upon reviewing the ground truth, it was found that 
the annotation mask was incorrect in 8 CTPA examinations. Therefore, 
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additional corrections were made to these annotations before their use. For 
further details, please refer to the supplementary materials in Paper III. 

RSNA-STR Pulmonary Embolism CT (RSPECT) Dataset 
The RSPECT dataset comprises a training set (n = 7279) and a test set (n = 
2167), with image-level annotations provided for the training set by several 
radiologists. From the training dataset, 385 CTPAs showing central PE were 
selected, and an additional 385 CTPAs were randomly chosen from the 4877 
CTPAs that did not exhibit PE or other true filling defects. In total, 770 CTPA 
exams were used for patient-level external evaluation in Paper III. 
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Methodology 

Paper I 
Automated detection, segmentation and measurement of major vessels 
and the trachea in CT pulmonary angiography 
In Paper I, we introduced a Computer-Aided Detection (CADe) system de-
signed to automate the detection, segmentation, and measurement of medias-
tinal structures, specifically the ascending aorta (AAo), descending aorta 
(DAo), and pulmonary trunk (PT). This system integrates advanced image 
processing and analysis techniques to achieve its objectives. The methodology 
is structured into two primary steps: pre-processing and segmentation. A sum-
mary of the details is provided below, and further information can be found in 
the Supplementary Materials of Paper I. 

Step 1 Pre-Processing 
I. We initially divided an internal set of 700 CTPAs into two groups:

a training set (n = 180) for algorithm development, and a test set (n
= 520) for unbiased evaluation of the final algorithm.

II. Each axial CT image voxel was converted to Hounsfield Units
(HU), and scanning direction was determined using DICOM header
information.

III. To account for patient orientation variations due to factors like sco-
liosis or movement, CT images were aligned along the x-axis of the
axial plane from cranial to caudal directions (Figure 19, B).

Step 2 Segmentation 

Step 2.1. Locating Trachea and Bronchial Tree: 
I. Two adjoined volumes of interest (VOIs) are extracted from the su-

perior thoracic cavity.
II. Within these VOIs, trachea candidates are identified using thresh-

olding, flood-fill operations, and connected component analyses.
III. The longest candidate meeting empirically determined diameter

and volume ranges is selected as the trachea.
IV. The trachea is tracked slice by slice cranially to caudally until the

bifurcation point where the left and right main bronchi are distin-
guished.

V. The CT slice where the distance between bronchi exceeds 0.75 cm
is designated as the carina of the trachea (Figure 19, C6).
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Step 2.2. Locating and Measuring the DAo: 
I. Detected near the carina of the trachea, posterior to the left main

bronchus, based on IV contrast and circularity.
II. Artificial ray search methods identify contrast-filled pixels corre-

sponding to the DAo (Figure 19, C7-9).
III. The HU density of DAo is calculated using the area of a 1 cm² circle

at its mass center (Figure 19, C12).

Figure 19. Flowchart of the proposed CADe system. Panel A displays a total of 
700 2-mm axial CTPA image stacks retrieved from the PACS server. Panel B illus-
trates the pre-processing stage, where the linear scale values and curvature of the CT 
images were computed. Panel C outlines the segmentation procedure, which consists 
of four steps, starting with trachea detection, followed by the identification of the 
DAo, AAo, and PT. Panel D emphasizes the system's noise assessment and the re-
porting of measurements for the mediastinal vascular structures. 
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Step 2.3. Locating and Measuring the AAo: 
I. Identified by tracking segmented DAo regions slice by slice in a 

caudal-to-cranial direction to detect characteristic morphological 
changes. 

II. The first circular object detected anteriorly in a cranial-to-caudal 
direction is designated as the AAo (Figure 19, C14). 

III. Segmentation is performed between the levels of the aortic arch and 
the carina of the trachea to compute the mean diameter of the AAo 
(Figure 19, C15). 

Step 2.3. Locating and Measuring the AAo: 
I. A rectangular search space is created adjacent to the left side of the 

Aao (Figure 19, C18). 
II. The PT is segmented and tracked cranially to caudally until the 

proximal part of the PT is identified near the pulmonary valve (PV). 
III. The circularity of the segmented region confirms the PV level (Fig-

ure 19, C20). 
IV. The PT diameter is calculated using the Hough transform as the 

mean of diameters across segmented planes (Figure 19, C24). 

Paper II 
Segmentation and Measurements of Major Vessels from CT Pulmonary 
Angiography Using Deep Learning 

In Paper II, we utilized the deterministic solution from Paper I to generate 
segmentation masks for the AAo, DAo, and PT, which served as the ground 
truth. The dataset was then divided into a training set of 490 CTPA examina-
tions and a testing set of 210 CTPA examinations. We trained the 2D U-Net 
architecture with a depth of 7, generated using the nnU-Net framework. For 
each major vessel (AAo, DAo, and PT), we used 490 2D segmentation masks 
(Figure 20, Panel A). The model was trained separately for each vessel. After 
training the model, we performed post-processing step followed by a model 
inference to segment each vessel. A summary of these steps is provided below. 

Step 1. Model Inference and Post-Processing: 
I. Three trained models were obtained for segmenting the DAo, AAo, 

and PT (Figure 20, Panel B). 
II. The volume of interest (VOI) was determined by focusing on slices 

between 22% and 65% of the CTPA volume to capture key ana-
tomical landmarks (Figure 20, Panel C). 

III. The segmentation candidates were processed using deterministic 
algorithms to identify the best 2D segmentation masks (Figure 20, 
Panel C). 



 

 52 

Step 2. Descending Aorta (DAo) Segmentation (Figure 20, Panel C): 
I. 3D connected component analysis identified the largest component 

in the VOI, assuming it to be the DAo. 
II. Components smaller than 200 pixels were removed, and a morpho-

logical closing operation was performed to refine the boundaries. 
III. The standard deviation of Hounsfield Units (HU) within a 1 cm² 

region of interest (ROI) in the DAo was used to measure image 
noise, with the median value calculated for the final measurement. 

Step 3. Ascending Aorta (AAo) Segmentation (Figure 20, Panel C): 
I. The candidate pool was filtered to remove irrelevant small objects, 

and a 3D connected component analysis was performed. 
II. The component with the centroid closest to the superior part of the 

CTPA was selected. 
III. Further operations, including tracking shifts in area and centroid, 

ensured that the final component represented the AAo. 
IV. The equivalent diameter of 2D objects in the final 3D component 

was measured, and the median value provided the final diameter. 
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Figure 20. Study design of Paper II. A total of 700 CTPA examinations were col-
lected, and a deterministic segmentation algorithm from Paper I was used to generate 
2D masks for the DAo, AAo, and PT. Segmentation was successfully performed on 
596 examinations, with 104 requiring manual annotation. The dataset was split into 
490 training and 210 testing scans (Panel A). The 2D U-Net model, created using the 
nnU-Net framework, was trained on 490 scans with 5-fold cross-validation. The 
model architecture included 3×3 convolutional layers, instance normalization, and 
leaky ReLU (Panel B). Vessel candidates were generated through model inference, 
followed by 2D vessel detection and measurement algorithms (Panel C). The final 
model's performance was evaluated on 210 internal CTPAs and 47 CTPAs from two 
public datasets (Panel D). Gold-colored boxes represent Paper I solutions, while light 
blue boxes indicate Paper II contributions. 

Step 4. Pulmonary Trunk (PT) Segmentation (Figure 20, Panel C): 
I. Small components were filtered out, and a morphological opening

operation removed noise and irrelevant structures.
II. Components with less than 10,000 pixels were discarded, and ref-

erence points were established to identify the likely PT.
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III. The algorithm prioritized the proximity of components to the refer-
ence points, ensuring that the correct component was selected as 
the PT. 

IV. The selected component underwent a closing operation to smooth 
the boundaries, completing the segmentation. 

Step 5. IV Contrast in PT and Measurement (Figure 20, Panel C): 
I. The mean HU of all 2D objects in the final PT component was used 

to measure the IV contrast concentration. 
II. The diameter of the PT was measured using horizontal line seg-

ments extracted via the Hough transform, and the median value of 
these segments provided the final diameter. 

Paper III 
Enhanced Classification Performance using Deep Learning Based Seg-
mentation for Pulmonary Embolism Detection in CT Angiography. 

In Paper III, we trained the 3D U-Net architecture, generated using the nnU-
Net framework, on PE-positive examinations from the internal dataset 
(n=149). The data were randomly split into training (80%, n=119) and valida-
tion (20%, n=30) sets. We used 5-fold cross-validation during model training. 
After training and validation, the validated model was embedded in a classifi-
cation algorithm consisting of three steps: pre-processing, image segmentation 
inference, and post-processing. These steps are summarized below: 

Step 1. Pre-processing:  
I. All DICOM data were converted to the NIfTI format using an in-

house Python script. 

Step 2. Image Segmentation Inference: 
I. The trained nnU-Net model was used to perform the segmentation 

inference of PE (Figure 21, Panel B). 

Step 3. Post-processing:  
I. The softmax function in the final layer provides a probability distri-

bution across predicted classes. We developed a set of logical rules 
based on different softmax probability thresholds (0.75 to 0.95) and 
volumetric thresholds (0 mm³ to 200 mm³) were used to create seg-
mentation masks with varying volumes (Figure 21, Panel C). 

II. The segmentation output was then transformed into patient-level 
classification by applying a threshold based on the total predicted 
emboli volume (Figure 21, Panel C). 
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III. We developed two distinct strategies. Strategy 1 provided the 
best balance between sensitivity and specificity, while Strategy 2 
delivered the highest specificity (see Supplementary Materials of 
Paper III). 

 
Figure 21. Study design of Paper III. 700 CTPA examinations were annotated by 
two radiologists, with 149 PE-positive exams used for training and PE-negative exams 
reserved for evaluation (Panel A). A 3D U-Net model, trained with 149 PE-positive 
CTPAs using 5-fold cross-validation, utilized a 3×3×3 filter, instance normalization, 
and leaky ReLU (Panel B). Softmax probabilities were used for voxel classification 
and predicted PE volume calculation. Patient-level classification was achieved 
through volume thresholding and logical rules (Panel C). The model was evaluated 
on 804 external CTPA exams from two public datasets (Panel D). 
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Results and Discussion 

Paper I 
Automated detection, segmentation and measurement of major vessels 
and the trachea in CT pulmonary angiography 

A total of 700 CTPA examinations were included in the Paper I, conducted 
on 652 patients (54% women) aged 16–100 years (median 72; interquartile 
range 18). Ground truth was established by a comprehensive review con-
ducted by a senior radiologist and a radiology resident. Of the total examina-
tions, 180 were randomly designated for training and 520 for testing. A radi-
ologist’s quality assessment determined that 65% of the training set and 71% 
of the test set were rated as good or acceptable, with the remainder was clas-
sified as inferior. Nonetheless, all examinations were included in the study. 

A fully automated CADe system was developed to detect, segment, and 
measure critical mediastinal structures, including major vessels (e.g., AAo, 
DAo, PT) and anatomical landmarks (e.g., tracheal bifurcation). Two radiol-
ogists independently evaluated the CADe outputs, achieving high initial inter-
observer agreement (99.52%–100%), with any remaining disagreements re-
solved by consensus. In the test set, correct detection of the tracheal bifurca-
tion and carina was observed in 96% of examinations, while the pulmonary 
vein (PV)/proximal PT was correctly identified in 87%. Regarding cardiovas-
cular structures, the DAo was detected in 90%, the AAo in 86%, and the PT 
in 88% of cases. Once identified, these structures were successfully segmented 
in 100% of the relevant test scans. Examination quality had a mild effect, with 
good-quality scans generally yielding slightly better detection and measure-
ment performance than inferior-quality ones. 

Quantitative comparisons between the CADe system and the radiologist 
showed strong correlations for image noise (Pearson’s r=0.87), IV contrast 
level in the PT (r=0.99), AAo diameter (r=0.92), and PT diameter (r=0.68) 
(p<0.001) (Figure 22). Bland-Altman analysis indicated minimal mean dif-
ferences (e.g., -0.25 HU for image noise, 0.51 mm for AAo diameter) and 
small percentage differences (-1.08% for image noise, 1.68% for AAo diam-
eter). Although the system performed best in higher-quality scans, it remained 
robust even when applied to those classified as inferior. When validated ex-
ternally on 12 CTPAs from the SegTHOR dataset, the AAo segmentation 
achieved a median Dice score of 0.92, showing notable improvement com-
pared to prior systems that reported an overall median Dice score of 0.82 for 
multiple cardiovascular structures in smaller datasets [159]. Furthermore, val-
idation in 35 CTPA exams from the FUMPE dataset confirmed a strong cor-
relation (r=0.83, p<0.001) between the CADe system and radiologist PT di-
ameter measurements. 
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Figure 22. Comparison of the Paper I automated CADe system with radiologist 
measurements. Top row: regression analysis (dashed lines). Middle row: Bland–Alt-
man plots of radiodensity and diameter differences (limits ±1.96 SD). Bottom row: 
percentage differences (limits ±1.96 SD). (A) Image noise (n=470), (B) Intravenous 
contrast agent in PT (n=455), (C) Ascending aorta diameter (n=447), (D) Pulmonary 
trunk diameter (n=455). Exam quality was rated as good (black diamonds), acceptable 
(blue circles), or inferior (red squares). 

Compared to earlier work that analyzed smaller cohorts [156,159,175], this 
system was tested on a significantly larger, clinically representative set of 
CTPAs, many of which had suboptimal image quality. While artifact-induced 
segmentation errors were more common for the PT, the performance remained 
high even in inferior scans, emphasizing the system’s utility in real-world con-
ditions. Its sequential segmentation approach, which identifies the DAo first, 
followed by the AAo and PT, enables full automation but makes later steps 
susceptible to initial detection errors. 

In summary, Paper I presents a fully automated CADe system that reliably 
detects, segments, and measures mediastinal landmarks, major vessels, and 
imaging parameters in CTPA scans. It demonstrates high concordance with 
radiologist assessments both internally and in external validation, reflecting 
its potential for routine clinical use. By processing large image datasets 
quickly and accurately, this approach could not only expedite diagnostic 
workflows but also facilitate broader research on mediastinal morphology, 
serving as a foundation for future AI-driven chest CT innovations. 
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Paper II 
Segmentation and Measurements of Major Vessels from CT Pulmonary 
Angiography Using Deep Learning. 

In Paper II, the same internal dataset (n=700 CTPAs) used in Paper I was 
utilized. Since Paper II is based on a statistical approach, a larger training set 
size was required. Therefore, a different training and testing split ratio was 
applied, with the dataset divided into training and testing sets using a 70/30 
split. Of the 490 CTPAs selected for training and 5-fold cross-validation, 
1,470 corresponding 2D segmentation masks were generated (490 per each of 
the DAo, AAo, and PT). For testing, 630 2D masks from 210 CTPAs plus 312 
manually annotated masks from 104 CTPAs were used, ensuring no overlap 
between training and testing. 

Using a nnU-Net–based deep learning (DL) model [130] combined with a 
deterministic post-processing step, the algorithm detected all three major ves-
sels (DAo, AAo, and PT) in the 210 internal test CTPAs, with segmentation 
failures in 3, 8, and 15 cases, respectively. For the successfully segmented 
vessels, the combined overall median Dice score was 0.95 (IQR 0.05). Spe-
cifically, median Dice values of 0.94–0.95 for the DAo, 0.95–0.96 for the 
AAo, and 0.95–0.96 for the PT were achieved, depending on image quality 
(good, acceptable, or inferior). External validation of AAo segmentation on 
12 contrast-enhanced CT examinations from the SegTHOR dataset [172] 
yielded a median Dice score of 0.94 (IQR 0.02), a Jaccard index of 0.88 (IQR 
0.04), and a Boundary F1 (BF) contour matching score of 1.0. 

Measurement analyses were performed on successfully segmented cases. 
Within the internal test set, image noise correlated strongly with radiologist 
assessments (Pearson’s r=0.91, p<0.001), as did AAo diameter (r=0.93), IV 
contrast in the PT (r=0.98), and PT diameter (r=0.55). Mean differences 
ranged from -0.03 HU for image noise to -2.16 mm for PT diameter, and 
Bland-Altman analyses showed moderate percentage differences (e.g., 5.56% 
for AAo diameter, -7.65% for PT diameter) (Figure 23). External measure-
ment validation used 35 CTPAs from the FUMPE dataset [173], where PT 
diameter yielded r=0.83 (p<0.001) and a mean difference of -1.43 mm (-
5.14%) from radiologist annotations. 

Compared to the prior automated deterministic approach in Paper I, the 
proposed method in Paper II demonstrates higher segmentation success rates 
for the DAo (99% vs. 90%), AAo (96% vs. 86%), and PT (93% vs. 88%), 
along with improved accuracy for image noise and PT diameter measure-
ments. However, there is a slightly larger discrepancy in AAo diameter (1.78 
mm vs. 0.51 mm) and PT contrast measurements (17.62 HU vs. -0.28 HU). 
The robust performance of the nnU-Net–based model aligns with other deep 
learning methods reported in the literature [159,176–178], outperforming 
many traditional multi-atlas or model-based frameworks [176,179] and 
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remaining competitive with foundation models (e.g., SAM, MedSAM) 
[116,117,180]. 

 
Figure 23. Comparison of the develop model of Paper II with radiologist meas-
urements. Top row: regression analysis (dashed lines). Middle row: Bland–Altman 
plots of radiodensity and diameter differences (limits ±1.96 SD). Bottom row: per-
centage differences (limits ±1.96 SD). (A) Image noise (n=207), (B) Intravenous con-
trast agent in PT (n=195), (C) Ascending aorta diameter (n=202), (D) Pulmonary 
trunk diameter (n=195). Exam quality was rated as good (black diamonds), acceptable 
(blue circles), or inferior (red squares). 

In conclusion, Paper II presents an automated, end-to-end DL-based system 
that accurately segments major chest vessels and provides strongly correlated 
measurements relative to radiologist annotations. Although a deterministic 
post-processing step led to a few segmentation failures, mostly related to 
suboptimal image quality, the method generally performed reliably on both 
internal and external datasets. The demonstrated improvements over the de-
terministic approach in Paper I confirm the potential clinical utility of inte-
grating these automated tools into routine workflows, such as PACS, to 
streamline measurements of key vascular structures in CTPA examinations. 
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Paper III 
Enhanced Classification Performance using Deep Learning Based Seg-
mentation for Pulmonary Embolism Detection in CT Angiography. 

Paper III presents the development and evaluation of an automated algorithm 
for classifying PE in CTPA examinations using a deep learning framework, 
nnU-Net. A total of 2,439,000 voxels from 1497 PE instances were annotated 
in the internal dataset, encompassing both acute and chronic PEs without dif-
ferentiation. The model was trained using a five-fold cross-validation strategy, 
employing 119–120 training and 29–30 validation CTPAs per fold. Perfor-
mance evaluation excluded 21 examinations with small PEs (volume < 50 
mm³) and utilized the remaining 128 PE-positive and 551 PE-negative cases. 

On the internal dataset, the model achieved a Matthews correlation coeffi-
cient (MCC) of 84.9% using a 20 mm³ threshold volume with post-processing, 
correctly identifying 96.1% of PE-positive cases and 94.6% of PE-negative 
cases. External validation on the FUMPE dataset (34 PE-positive and 2 PE-
negative cases) achieved an AUROC of 98.5%, sensitivity of 96.9%, and spec-
ificity of 100%. Similarly, in the RSPECT dataset (385 PE-positive and 385 
PE-negative cases), the model achieved an MCC of 88.6%, an AUROC of 
98.6%, sensitivity of 98.4%, and specificity of 89.9% (Table 5). Increasing 
the threshold volume to 50 mm³ optimized specificity, achieving 96.7% on the 
internal dataset and 100% and 96.9% on the FUMPE and RSPECT datasets, 
respectively. 

Compared to traditional and contemporary methods, the proposed nnU-
Net-based model outperformed previous approaches in sensitivity, specificity, 
and overall classification accuracy. Earlier methods, such as those by Maizlin 
et al. [181], Wittenberg et al. [20,182], and Lahiji et al. [183], demonstrated 
significant limitations, including low specificity (21–26.9%) and inconsistent 
sensitivity (53.3–97.5%). Deep learning-based approaches like those of 
Tajbakhsh et al. [184], Rajan et al. [169], and Huang et al. [185] achieved 
AUROCs of 70–85% but were constrained by small test datasets and limited 
specificity. The nnU-Net surpassed the state-of-the-art ResNet-based system 
by Weikert et al.  [170] (sensitivity of 92.7% and specificity of 95.5%) by 
achieving 96.2% sensitivity and 96.8% specificity on a combined test set of 
1355 examinations. 

Post-processing strategies proved essential for balancing sensitivity and 
specificity. Strategy 1 optimized this trade-off, while Strategy 2 prioritized spec-
ificity, reducing false positives caused by low contrast medium or structures 
outside the thoracic cavity. False negatives were primarily associated with 
chronic PEs, highlighting a need for further refinement. Additionally, setting a 
cut-off volume of 50 mm³ excluded small, often ambiguous PEs, reducing inter-
observer variability and improving consistency in model performance. 
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Table 5. Diagnostic performance of the trained model. 
  With the Post-Processing 

Parameter Internal Dataset FUMPE External Da-
taset RSNA External Dataset 

No. of CTPAs 679 34 770 
No. of TN 521 2 346 
No. of FP 30 0 39 
No. of TP 123 31 379 
No. of FN 5 1 6 
MCC (%) 84.9 80.4 88.6 
Sensitivity (%) 96.1 (91-98) 96.9 (84-99) 98.4 (97-99) 
Specificity (%) 94.6 (92-96) 100 (34-100) 89.9 (86-93) 
Accuracy (%) 94.8 97.1 94.2 
Balanced Accuracy (%) 95.4 98.4 94.2 
AUC (%) 96.4 98.5 98.6 

Note. — The threshold volume is set to 20 mm³. Data in parentheses are 95% CIs in percentages. CTPAs = 
computed tomography (CT) pulmonary angiography (CTPA) examinations, TN = true-negative CTPAs, FP 
= false-positive CTPAs, TP = true-positive CTPAs, FN = false-negative CTPAs, MCC = Matthew’s corre-
lation coefficient, AUC = area under the receiver operating characteristic curve. 

In summary, the proposed method in Paper III demonstrates substantial clin-
ical utility in PE detection, offering reliable classification and aiding radiolo-
gists by prioritizing positive cases. This method represents a significant ad-
vancement in automated PE diagnosis, with potential to enhance diagnostic 
accuracy and workflow efficiency. However, further improvements in sensi-
tivity and specificity are warranted to fully realize its clinical potential. 
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Conclusion and Future Perspectives 

The increasing number of examinations requiring interpretation by radiolo-
gists presents a significant challenge for the healthcare system [7,8]. Auto-
mated systems designed to perform precise detection, segmentation, and 
measurement tasks in CT imagery offer a potential solution; however, their 
current performance levels remain inadequate for routine clinical use. This 
thesis focuses on developing and evaluating two types of models: determinis-
tic models utilizing conventional image processing and analysis techniques, 
and probabilistic/statistical models leveraging deep learning architectures. 
These models are designed to automatically detect PE, segment, and measure 
mediastinal structures in non-ECG-gated CTPA scans.  

In Paper I, we presented a deterministic system for detecting and segmenting 
major blood vessels in CTPA examinations. In contrast to commonly used prob-
abilistic techniques, such as CNNs that depend on detailed pixel-level labels for 
segmentation tasks, our method avoids the need for manual pixel-wise annota-
tions altogether. This key feature eliminates the dependency on expert-level an-
notations during model development, marking a significant contribution to the 
field. Moreover, the deterministic model offers inherent transparency, allowing 
all segmentation or measurement errors and unexpected outcomes to be easily 
traced and understood. This addresses the "black box" issue often associated with 
probabilistic approaches, enhancing both reliability and interpretability.  

The developed deterministic system demonstrated promising performance 
across various CTPA image quality levels. However, its reliance on over-pa-
rameterized models during the extensive development phases presents a sig-
nificant drawback, requiring considerable time and effort. This challenge un-
derscores the complexity of many computer vision tasks in medical imaging, 
which are often categorized as ill-posed inverse problems [186]. These issues, 
including detecting and segmenting vascular structures or identifying PE in 
CTPA volume images, exceed the capabilities of traditional image processing 
techniques. To overcome these limitations, deep learning techniques offer a 
powerful solution for tackling these ill-posed problems [187]. In Papers II and 
III, we leveraged deep learning methods to effectively address the challenge of 
detecting and segmenting major blood vessels and PE detection in CTPA vol-
ume images, bypassing the shortcomings of conventional approaches. 

In Paper I, the measurement of PT diameter had a Pearson's rho value of 
0.68, while in Paper II, it was 0.55 in the internal test dataset. This indicates 
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a need for a more robust PT diameter measurement algorithm. We plan to 
enhance the PT diameter measurement algorithm in the future to improve the 
correlation between the CAD system and radiologists. In Paper III, the clas-
sification performance of the trained deep learning model (nnU-Net) was as-
sessed using 770 CTPA scans randomly selected from the RSNA Pulmonary 
Embolism CT Dataset, with an equal distribution of PE (n=385) and non-PE 
cases (n=385). The RSNA training dataset, however, comprises a total of 
7,279 CTPA examinations, including 2,368 PE cases and 4,911 non-PE cases. 
To enhance the external testing performance, we plan to evaluate the model 
on the entire RSNA dataset in the future. Additionally, a radiologist review 
will be conducted on selected RSNA CTPA scans. 

To maximize the potential of the models presented in this thesis, their inte-
gration into the PACS server is essential. A straightforward approach to 
achieve this is by creating Grey Scale Presentation State (GSPS) objects to 
encapsulate the detection, segmentation and measurement results. This inte-
gration would enable seamless analysis of the GSPS objects using any univer-
sal image viewer available on the PACS server, thereby making it easier to 
test the proposed models in a clinical setting. In our future work, we aim to 
develop the necessary functionalities for generating GSPS objects to support 
this process effectively.  

The ratio of left ventricle (LV) to right ventricle (RV) diameters serves as 
a key indicator of right ventricular enlargement and is associated with right 
ventricular dysfunction, pulmonary hypertension, and PE [188]. A fully auto-
mated CAD system capable of accurately measuring the RV/LV diameter ra-
tio could significantly benefit both research and clinical workflows. In our 
ongoing study, we have developed a fully automated deterministic algorithm 
to identify the left and right ventricles in CTPA volume images. Preliminary 
results demonstrate successful localization of the ventricles in a training set of 
174 CTPA examinations. Further evaluation of ventricular segmentation and 
diameter measurements will be conducted on the complete internal dataset of 
700 CTPA examinations. Furthermore, additional structures can offer valua-
ble prognostic insights or act as diagnostic indicators. For instance, volumetric 
analysis of heart chambers [189] or the assessment of contrast reflux into the 
inferior vena cava [190] can be evaluated in CTPA scans. We plan to incor-
porate these segmentation and measurement capabilities into a future project 
to enhance diagnostic and prognostic precision. 

There are additional areas of research that warrant further investigation in 
the future. In Papers II and III, we employed the state-of-the-art semantic 
segmentation framework nnU-Net for major vessel and PE detection. How-
ever, alternative architectures, such as vision transformers [111,191] and Kol-
mogorov-Arnold Networks (KANs) [192], may offer improved accuracy and 
performance. As part of our future work, we plan to train and evaluate these 
architectures on our internal dataset to compare their performance with the 
models proposed in this thesis. 
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Populärvetenskaplig Sammanfattning 

Datortomografisk Pulmonell Angiografi (CTPA) är en viktig avbildningstek-
nik inom sjukvården som gör det möjligt att identifiera livshotande tillstånd 
såsom lungemboli och hjärt-kärlsjukdomar. Lungemboli uppstår när blod-
proppar blockerar lungartärerna, vilket kan leda till allvarliga komplikationer 
eller till och med död om det inte behandlas. Hjärt- och kärlsjukdomar är den 
ledande dödsorsaken globalt. Även om CTPA är effektivt för att upptäcka 
dessa tillstånd är analysen av bildmaterialet en arbetsintensiv och komplex 
process där radiologer manuellt måste mäta och utvärdera strukturer i bröst-
hålan. Det är en uppgift som kan vara tidskrävande, benägen att drabbas av 
mänskliga fel och en utmaning p.g.a. den ökande arbetsbelastningen inom den 
moderna sjukvården. 

Denna avhandling undersöker möjligheterna till automation för att hantera 
dessa utmaningar genom att utveckla avancerade datoralgoritmer som kan 
hitta, mäta och analysera kritiska strukturer i bilder från CTPA-undersök-
ningar. Genom att integrera traditionella bildbehandlingstekniker med ban-
brytande artificiell intelligens (AI) är målet att göra den diagnostiska proces-
sen snabbare, mer exakt och konsekvent. Forskningen belyser den transfor-
mativa roll som automation kan spela inom radiologi genom att minska be-
lastningen på vårdpersonal och samtidigt förbättra för patienterna. 

Det första steget i forskningen var skapandet av en deterministisk algoritm 
som kan segmentera stora blodkärl, inklusive uppåtstigande aorta, nedåtgå-
ende aorta, och lungartärstammen. Den utvecklade algoritmen visade sig vara 
både noggrann och tillförlitlig och matchade de manuella mätningar som 
gjorts av radiologer. En viktig egenskap var att den inte krävde manuellt ann-
noterad data för träning, vilket gör den till en praktisk lösning för omedelbara 
kliniska tillämpningar. Detta arbete visade att det är möjligt att automatisera 
rutinmässiga segmenteringsuppgifter i CTPA-undersökningar och lade grun-
den för ytterligare utveckling. 

Baserat på denna grund användes i nästa steg djupinlärning, en typ av ma-
skininlärning, för att förbättra segmenteringsprocessens prestanda. En topp-
modern modell för neurala nätverk, kallad nnU-Net, tränades på data från den 
deterministiska algoritmen, vilket ledde till avsevärd förbättring av segmente-
ringsnoggrannheten med prestandamått över 95%. Den djupinlärningsbase-
rade modellen överträffade inte bara traditionella metoder utan visade också 
robusthet över variationsrika dataset, vilket ger ökad potential för klinisk 
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användning. Genom att utnyttja styrkorna hos både deterministiska och pro-
babilistiska tillvägagångssätt ökade denna forskning möjligheterna för auto-
matiserad segmentering inom medicinsk bildbehandling. 

Det sista området i avhandlingen fokuserade på att automatiskt identifiera 
lungemboli, ett kritiskt tillstånd som kräver snabb diagnos och behandling. 
Genom att använda avancerade djupinlärningstekniker utvecklade vi en mo-
dell som kunde identifiera lungemboli i CTPA-bilder med högre känslighet 
och specificitet än många befintliga metoder. Modellens prestanda validerades 
på externa dataset, där den uppvisade en utmärkt förmåga att generalisera över 
olika patientpopulationer. Dessa resultat understryker potentialen för AI-
drivna verktyg att stödja radiologer i att göra snabbare och korrekta diagnoser.  

Automatisering av analysen av CTPA-bilder erbjuder många fördelar. Den 
påskyndar diagnostikprocessen avsevärt, vilket gör det möjligt för läkare att 
fatta snabbare beslut för tillstånd som kräver akut handläggning, såsom 
lungemboli. Genom att minska variationen mellan individuella radiologer sä-
kerställer automatiserade system konsekventa och pålitliga resultat, vilket för-
bättrar den övergripande diagnostiska noggrannheten. Dessutom frigör dessa 
system radiologer från rutinuppgifter, vilket gör det möjligt för dem att foku-
sera på mer komplexa fall och därigenom öka effektiviteten i vårdflödena. 

Trots de lovande resultaten kvarstår utmaningar med att integrera dessa sy-
stem i vardaglig klinisk praxis. Faktorer som variationer i bildkvalitet, skill-
nader i patientanatomi och behovet av integration med befintlig medicinsk 
programvara måste hanteras. Framtida forskning kommer att fokusera på att 
finslipa dessa modeller, utforska mer avancerade AI-arkitekturer som "vision 
transformers" och utöka deras kapacitet till att mäta ytterligare diagnostiska 
indikatorer, såsom hjärtkammarvolymer eller ventrikulära dimensioner. Att 
integrera dessa automatiserade verktyg i bild- och kommunikationssystem 
(PACS) blir också ett avgörande steg för att underlätta införande på sjukhus 
och kliniker. 

Denna forskning representerar en betydande milstolpe på vägen mot auto-
matiserad medicinsk bildbehandling. Genom att kombinera traditionella bild-
behandlingstekniker med modern AI visar avhandlingen hur teknologin kan 
revolutionera radiologiområdet. Dessa innovationer har potentialen att för-
bättra för patienterna, minska vårdbördan och bana väg för mer effektiva och 
tillgängliga diagnostiska verktyg. När vårdsystemet fortsätter att möta ökande 
krav erbjuder automatisering en lovande lösning för att säkerställa snabb och 
noggrann vård för alla.  
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