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ABSTRACT

AUTOMATED SEGMENTATION OF MAXILLARY SINUS FROM
COMPUTED TOMOGRAPHY IMAGES: A COMPARATIVE ANALYSIS OF
U-NET AND ITS VARIANTS WITH PRE-TRAINED ENCODERS

DEDEOGLU, Ahmet Said
M.Sc. in Electrical and Electronics Engineering
Supervisor: Asst. Prof. Dr. Serkan OZBAY
Co- Supervisor: Assoc. Prof. Dr. Orhan TUNC
September 2023

63 pages

The maxillary sinus holds an important position in the respiratory system, and its
accurate segmentation from computed tomography (CT) images remains challenging.
Traditional manual and semi-automatic methods are time-consuming and inconsistent,
making them less suitable for clinical applications. Automated segmentation has
become possible thanks to the advancements in deep learning, but challenges still exist
due to the complex sinus anatomy and inter-individual variations. This study presents
the development and evaluation of four different deep learning models for maxillary
sinus segmentation: a plain U-Net model, and three U-Net variations that utilize
VGG16, ResNet50, and Inception-ResNet v2 as encoders. The main objectives are to
evaluate these models for accurate segmentation, to further segment the air section and
mucosal inflammation within the MS, to calculate the maxillary sinus volume and
opacification ratios, and to demonstrate the potential of deep learning models in
maxillofacial radiology. The Inception-ResNet v2 - UNet model demonstrated the best
performance with a Dice score of 0.96671 and an Intersection over Union (IoU) score
of 0.94004, while all models, including the plain U-Net, have shown noteworthy

SucCcCesses.

Key Words: Maxillary Sinus, U-Net, Transfer Learning, Medical Image

Segmentation



OZET

BIiLGiISAYARLI TOMOGRAFi GORUNTULERINDEN MAKSILLER
SINUSUN OTOMATIK BOLUMLENDIRILMESI: U-NET VE ONCEDEN
EGITIMLi KODLAYICILAR iLE KARSILASTIRILMALI BiR ANALIZ

DEDEOGLU, Ahmet Said
Yiiksek Lisans Tezi, Elektrik ve Elektronik Miihendisligi
Tez Yoneticisi: Dr. Ogretim Uyesi Serkan OZBAY
Tez Yonetici Yardimecisi: Do¢. Dr. Orhan TUNC
September 2023

63 pages

Maksiller siniis, solunum sisteminde 6nemli bir yere sahiptir ve bilgisayarli tomografi
goriintiilerinden dogru bir sekilde ayirt edilmesi hala zordur. Geleneksel mantiel ve
yar1 otomatik yontemler cok zaman alic1 ve tutarsizdir, dolayisiyla klinik uygulamalar
icin pek uygun degillerdir. Derin 0grenmenin gelismesi sayesinde otomatik
segmentasyon miimkiin hale gelmistir, ancak karmagsik sinilis anatomisi ve bireyler
aras1 varyasyonlar gibi nedenlerle hala zorluklar yasanmaktadir. Bu ¢aligma, maksiller
siniis segmentasyonu i¢in dort farkli derin 6grenme modelinin gelistirilmesi ve
degerlendirilmesini sunmaktadir: diiz bir U-Net modeli ve VGG16, ResNet50 ve
Inception-ResNet v2'yi kodlayici olarak kullanan ii¢ U-Net varyasyonu. Ana hedefler,
bu modellerin dogru segmentasyon i¢in degerlendirilmesi, MS i¢indeki hava boliimii
ve mukoza iltihabinin ayrica segmente edilmesi, maksiller siniis hacminin ve
opasifikasyon oranlarinin  hesaplanmast  ve derin 68renme modellerinin
maksillofasiyal radyolojideki potansiyelini gostermektir. Inception-ResNet v2 - UNet
modeli 0.96671 Dice ve 0.94004 intersection over union (IoU) skorlari ile en iyi
performansi1 gosterirken, diiz U-Net dahil tim modeller dikkate deger basarilar

gostermistir.

Anahtar Kelimeler: Maksiller siniis, U-Net, Ogrenme aktarmasi, Tibbi goriintii

boliitleme
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CHAPTER 1
INTRODUCTION

This chapter presents an overview of the maxillary sinus (MS), its definition,
functions, and the diseases and operations related to it. It further introduces the concept
of MS segmentation and its various types, and its importance in medical imaging. Then
discusses the problem statement: the need for more efficient and precise segmentation
techniques. Subsequently, explains the motivation for the study and its objectives.

Lastly, the outline of the thesis is presented.

1.1 Overview of Maxillary Sinus

The maxillary sinuses are pyramid-shaped, air-filled cavities located within the
maxilla, the upper jawbone. They are part of the paranasal sinus system and are
situated on either side of the nose, underneath the eyes. Their health and structure are
very important for functions such as the humidification and warming of inspired air,
and voice resonance. Moreover, they are often implicated in various disease states,
ranging from sinusitis and allergic reactions to more severe conditions such as sinus

tumors [1], [2].

Sinusitis is one of the most common diseases affecting the MS. It is an inflammation
of the sinus lining, usually caused by a viral or bacterial infection. Symptoms typically
include nasal congestion, facial pain or pressure, and a reduced sense of smell. In CT
scans, sinusitis may manifest as an increased opacification within the sinus cavity [3],
[4]. Sinus polyps are soft, non-cancerous growths on the lining of the sinuses or nasal
passages, often linked with chronic inflammation due to conditions like sinusitis or
allergies. They may cause similar symptoms to sinusitis and can sometimes block the

sinus passages entirely [5], [6]. Maxillary sinus tumors



are relatively rare but serious conditions. Both benign and malignant tumors can occur
in the maxillary sinus. Depending on the tumor type and stage, symptoms can vary
from sinusitis-like symptoms to more severe signs like facial numbness or swelling
[7], [8]. Maxillary sinus mucocoele is a benign, cyst-like lesion resulting from the
obstruction of the sinus ostium, the opening from the sinus to the nasal cavity. A
mucocoele can cause sinusitis-like symptoms and may lead to bone erosion if not
treated [9], [10]. Odontogenic diseases are conditions that originate from the teeth or
related tissues and can extend into the maxillary sinus. Such conditions include

periodontal disease, dental abscesses, or periapical pathology [11].

There are several factors that can influence the shape and size of the MS. Dental
anatomy is one of the primary factors that affect the morphology of the MS,
specifically the upper posterior teeth, which are closely linked to the sinus. The roots
of these teeth can encroach on the MS cavity and cause convolutions in the sinus floor
[12], [13]. Another important factor that can significantly affect maxillary sinus
morphology is sinus septa. These are thin bony walls within the sinus that can vary
significantly in size, location, and orientation. They can divide the sinus into separate
compartments, significantly affecting its morphology [1], [14], [15]. Age is another
important factor for maxillary sinus morphology. The morphology of the MS change
with age. In infants and children, the sinuses are small, but they grow rapidly during
the first few years of life and continue to enlarge throughout adolescence. In adulthood,
the sinuses have usually reached their full size [16], [17]. Diseases such as chronic
sinusitis, benign and malignant tumors, cysts, and odontogenic infections can alter the

morphology of the maxillary sinus [18]-[21].

There are various maxillary sinus related operations. Sinus Lift (or Sinus
Augmentation) operation is often performed by oral and maxillofacial surgeons or
periodontists. It's mainly done when the upper jaw doesn't have enough bone, or the
sinuses are too near the jaw, to put in dental implants. The procedure involves lifting
the sinus membrane and grafting bone into the sinus, thus providing enough bone to
securely place the implant [13], [22]. Functional Endoscopic Sinus Surgery (FESS) is
another procedure which is usually performed by otolaryngologists to treat chronic
sinusitis that has not responded to medication [23], [24]. These surgeries underscore

the importance of accurate preoperative maxillary sinus segmentation. This
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segmentation can provide critical information about the sinus's structure, shape, size,
and any present abnormalities, supporting surgeons in surgical planning and execution

[25], [26].

1.2 Maxillary Sinus Segmentation

Maxillary sinus segmentation, the process of identifying and delineating the
boundaries of the MS in medical images, plays a pivotal role in a variety of clinical
applications as explained in the previous section. Despite its importance, the
segmentation of the MS is challenging due to its complex anatomical structure,
variations among individuals, and the presence of neighboring structures with similar
radiographic characteristics. There are manual, semi-automatic, and automatic

segmentation methods in the literature [27].

1.2.1 Manual Maxillary Sinus Segmentation

Manual segmentation of the MS usually involves a radiologist or a trained operator
going through the slices of a CT or MRI scan and delineating the sinus region of
interest slice by slice by using the special purpose softwares for biomedical
applications [28]—[31]. While manual segmentation can be more accurate because it
allows for the radiologist's expertise and knowledge of the structure of the MS to be
used, it is also laborious and time-consuming. Furthermore, it can suffer from
variability between different raters, making it less consistent and reliable. Therefore,
the need for semi-automated and automated segmentation methods is stated in various

studies [32]-[34].

1.2.2 Semi-automatic Maxillary Sinus Segmentation

Semi-automatic segmentation methods combine both computer algorithms and human
intervention to achieve optimal results. They reduce the time and effort required for
segmentation, while still incorporating some level of expert knowledge and control.

These methods often require an initial seed point or contour provided by the user, after

3



which the segmentation is completed automatically based on predefined criteria such

as intensity thresholds or region growing algorithms.

Shi et al. [35] used an intensity-based algorithm for three-dimensional (3D)
segmentation of the MS based on cone-beam computed tomography (CBCT) datasets.
The segmentation procedure is a methodical, step-by-step process that selects a
reference point in each sinus, examines neighboring voxels, and classifies points based
on intensity values and geometric features. Cho et al. [36] carried out a retrorespective
case-control study to identify key factors for volumetric changes in the adult maxillary
sinus. The MS was segmented using a semi-automatic process that began with the
conversion of the original CT image into a binary format. This helped to filter out soft
tissue densities and clearly outline the bony boundary of the sinus. The binary image
underwent a morphological closing operation to maintain a continuous sinus boundary.
The MS was further segmented using a region-growing algorithm. Farias Gomes et al.
[37] developed a formula through maxillary sinus measurements using CBCT scans
for sex estimation. The maxillary sinus segmentation was performed using ITK-SNAP
3.0 software in a semi-automatic process. Initially, the boundaries of the maxillary
sinus were manually defined on different planes to set the region of interest (ROI).
Following this, a specific threshold range was set for voxel selection. 'Seeds' were then
placed within the ROI to initialize the segmentation. Hung et al. [38] used 3D-Slicer
software platform to determine the presence, location, and volume of mucous retention
cysts (MRCs) in the MS and to correlate these data with factors such as age and sex.
To measure MRCs, a region-growing algorithm was used involving steps such as
manual marking of the MRCs, outlining the boundary of the maxillary sinus, and
automatic segmentation of MRCs and the remaining air-filled cavity of the sinus, using

the Grow From Seeds tool in the software for volume and surface measurement.

These methods significantly reduce the workload of manual segmentation while
maintaining a reasonable level of accuracy. They, however, still require some level of
manual intervention, hence they may not be ideal for large-scale or real-time

applications. This has led to the development of fully automatic methods, such as deep



learning-based models, which can provide high-quality segmentation results with no

need for manual intervention.

1.2.3 Automatic Maxillary Sinus Segmentation

Automatic segmentation methods use algorithms to partition an image into multiple
segments, without user intervention. In recent years, a number of innovative automatic
segmentation methods have been developed. Giacomini et al. [39] created an
automated algorithm for the volumetric assessment of the MS based on CT images.
The automated segmentation process involves reading the CT image, applying a
threshold to remove soft tissue and highlight bone regions, using morphological image
processing operators for fine-tuning, utilizing the watershed technique for
segmentation, employing a rule-based system to compare major areas, and finally
classifying areas of air and opacification, repeated until the entire CT scan is analyzed
and a volumetric region of interest is derived. Therefore, the algorithm automates the
process of identifying and measuring the volume of the MS, thereby reducing the time
required for manual segmentation. However, as stated in the study, the methodology
was only tested using one protocol that relied on a CT slice thickness of 0.5 mm and

volume quantification errors can increase with thicker slices.

Xu et al. [40] proposed an automatic segmentation method based on combination of
the VGG classification network and a V-Net architecture for maxillary sinus in CT
images. The VGG classification network determines whether each input slice contains
the MS region. Once the slices containing the MS region have been identified, the V-
Net performs a detailed segmentation of the MS. An additional feature of this V-Net
is the application of edge supervision, which helps to reduce region misjudgments in
the segmentation process. The VGG network achieved a classification accuracy of
97.04 £ 2.03% in identifying CT slices with and without the MS. In terms of
segmentation, the improved V-Net method achieved a Dice coefficient of 94.40 +

2.07%, an intersection over union (IoU) score of 90.05 + 3.26% .



Kuo et al. [41] introduced a technique for segmentation of the inferior turbinate and
MS for volume calculation. They first found the area they wanted to look at (ROI) in
CT images using something called a back propagation neural network. This network
uses special matching techniques and similarities in small areas as inputs. Next, they
used a level set method to draw the shape of the inferior turbinate and MS. For creating
a 3D model and visualization, they used the marching cubes algorithm. The automatic
recognition accuracy and sensitivity for the inferior turbinate and MS were found to

be 96.3% and 95.1%, respectively.

Deng et al. [42] proposed a neural network, BE-FNet, for 3D segmentation of MS. The
network uses a symmetrical encoder-decoder architecture for bounding box estimation
and in-region 3D segmentation tasks with overestimation strategy, residual dense
blocks, an attention excitation mechanism, and a pyramid network with multilevel
feature fusion. The model displayed a good performance with an average Dice of 0.947

+0.031.

It was presented a method for the level set segmentation of maxillary sinus using a
convolutional neural network (CNN) model in [23]. This method uses CNN to identify
points on the zero level set contour, adjusting their speed based on proximity to lesions,
which enables more accurate and adaptive MS segmentation, particularly in

challenging cases with heterogeneous lesions.

In [43], an active learning framework was utilized for segmentation of the MS and
lesions using a CNN model on CBCT images. The dice similarity coefficients showed
an incremental improvement in air segmentation as opposed to lesion segmentation

across the steps of the framework.

Zhang et al. [44] developed a network built upon the U-Net backbone, for
segmentation of the MS and MS septum in CBCT images. The experimental results

indicated that this method significantly improved the average Dice similarity



coefficient and Hausdorff distance, outperforming networks without boundary Cross-

fusion and boundary attention components.

Jung et al. [43] recently developed a network based on a 3D U-Net architecture and
applied to CBCT images for maxillary sinus segmentation. It was reported in the study,

the network yielded a high Dice Similarity Coefficient (DSC) of 98.4%.

Another CNN model developed in [45] for segmentation and separation of MS to air,
mucosal thickening (MT), and MRCs, using low and full-dose CBCT images. The
model was a three-step CNN algorithm, which leaned on V-Net with support vector
regression. The median Dice scores for air, MT, and MRCs parts were recorded at
0.972, 0.729, and 0.678 for low-dose, and 0.968, 0.663, and 0.787 for full-dose scans,

respectively.

Another deep learning-based method employing the U-Net architecture was developed
for segmentation of MS from CBCT images, achieving a DSC of 0.9090 + 0.1921 [46].
To refine and correct prediction errors from U-Net segmentation, post-processing
techniques were applied. After post-processing, the DSC further improved and
demonstrated a high level of performance for the segmentation of clear and hazy MS

samples.

1.3 Problem Statement and Motivation

Although the maxillary sinus plays a critical role for a healthy respiratory system,
accurate and efficient segmentation of the maxillary sinus from CT images remains
challenging. Traditional methods such as manual and semi-automatic segmentation are
time-consuming, labor-intensive, and subject to high variability, which limits their
practical utility in clinical settings. Automatic segmentation methods, particularly
those based on deep learning, have shown promising results, but further research is
required to assess their suitability for maxillary sinus segmentation, especially given

the complexity of the sinus anatomy and inter-individual variations.
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Additionally, while some studies have explored the use of different deep learning
models for MS segmentation, few have directly compared the performance of multiple

models or utilized advanced architectures.

It is aimed to implement and evaluate a plain U-Net model and three U-Net variants
with different encoders - VGG16, ResNet50, and Inception ResNet v2 - for maxillary

sinus segmentation.

By comparing the performance of these models and exploring their applicability for
the task of maxillary sinus segmentation, it is hoped to contribute to the development
of efficient, reliable, and automated methods for maxillary sinus segmentation. This
could potentially lead to improvements in diagnostic accuracy, treatment planning, and

overall patient care in clinical settings related to maxillofacial radiology and beyond.

1.4 Objectives

The primary objectives of this study are:

1. Itis aimed to employ and assess four different deep learning models: : a U-Net
model, and three variations of the U-Net model using VGG16, ResNet50, and
InceptionResNet v2 as encoders for maxillary sinus segmentation. The models'
performance is evaluated based on their ability to accurately segment the
maxillary sinus from CT images.

2. After the initial segmentation using the plain U-Net and its variants, it is aimed
to further segment the air section and mucosa inflammation sections within the
MS.

3. The study seeks to compute the volume of the maxillary sinus and opacification
ratios, which are critical for diagnosing sinus-related disorders and

understanding sinus health.



4. By demonstrating the potential of deep learning models for maxillary sinus
segmentation, the study hopes to contribute to the advancement of diagnostic

processes in maxillofacial radiology.

1.5 Outline of the Thesis

This chapter provides an overview of the MS and a literature survey for the
segmentation of MS. The subsequent chapter, Chapter 2, discusses the related work
regarding general medical image segmentation, with a particular emphasis on U-Net
and transfer learning strategies for medial image segmentation. Chapter 3 delineates
the research methodology, including comprehensive information on the preparation of
the dataset, the models, and the methodologies employed in the study. Chapter 4 details
all the findings from each test, contrasting them with other outcomes, and includes an
analysis of these results. Chapter 5 concludes the thesis and provides suggestions for

future research.



CHAPTER 2
RELATED WORKS

2.1 Medical Image Segmentation

Image segmentation is a key process in computer vision and image processing that
involves distinguishing the desired structures from the background and from one
another. Each segment usually corresponds to different objects or regions in the image
[47]. Medical image segmentation is a specialized sub-field within image
segmentation that focuses on the partitioning of medical images into meaningful
regions. This process is critical in many applications of medical imaging, aiding in
diagnosis, study of anatomical structure, planning for surgical procedures, and

monitoring of disease conditions [48].

Traditional methods for image segmentation have been employed for years. Some of
the commonly used techniques are thresholding, edge detection, region-growing,
clustering methods, and watershed transformations [49], [50]. Thresholding is one of
the simplest forms of image segmentation. It involves separating an image into two or
more segments based on the pixel intensity levels. It leverages intensity values to
differentiate between tissues or organs [51]—[53]. In this method, boundaries of objects
within an image are detected by identifying areas where the pixel intensity changes
sharply. Common techniques include the Sobel, Prewitt, and Canny edge detectors. It
has been used in many studies in medical imaging [54]-[56]. Region growing is a
classical image segmentation technique used to extract meaningful regions from an
image. It is particularly useful in medical image segmentation due to its ability to
capture regions of interest based on some similarity criterion. Its combination with
other traditional and neural network based segmentation methods or usage in a multi-
step segmentation pipeline has found wide covarage in the literature [37], [38], [57],
[58]. Clustering methods, like K-means, Fuzzy C-means, and Expectation-

Maximization algorithms, are unsupervised techniques that
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group similar data points together based on certain features or properties. In the context
of medical image segmentation, clustering aims to group together pixels or voxels (in
3D imaging) that have similar characteristics [59]-[62]. The watershed transformation
is a popular technique used in image segmentation, inspired by geographical watershed
principles [63], [64]. To improve the results of the watershed transformation in medical
imaging, it is often combined with other techniques or used as part of a multi-step
segmentation process [39], [65], [66]. However, these methods often require manual
fine-tuning and are not always robust to the variations seen in clinical practice. The
advent of deep learning has revolutionized the field of medical image segmentation
[67]. Neural networks, particularly CNNs, have shown remarkable results in tasks
such as tumor detection, organ segmentation, and lesion identification, outperforming
traditional techniques in many aspects. CNNs have the ability to learn complex
patterns and structures within images, making them well-suited for the task of medical

image segmentation [68], [69].

Among deep learning architectures, U-Net has emerged as a leading choice for
biomedical image segmentation due to its symmetric expansive path, which aids in
precise localization [70], [71]. First made to figure out the structure of neurons in
certain types of microscope images, U-Net has been adopted and adapted for various
other medical image segmentation tasks, including maxillary sinus segmentation [44],

[72], [73].

Transfer learning, the practice of reusing pre-trained models on new tasks, has also
gained popularity in the domain of medical image segmentation. By leveraging models
pre-trained on large datasets, transfer learning allows for improved performance, even
with smaller dataset sizes [67], [74]. This approach is particularly useful in the medical
field, where acquiring large annotated datasets can be challenging due to privacy issues
and the effort required for expert annotation. Tajbakhsh et al. [75] discuss the benefits
and challenges of fine-tuning pre-trained CNNs for medical image analysis tasks. They
look into how transfer learning might be used in the medical imaging and highlight the
differences between regular and medical images, which might change how knowledge

is shared or transferred.
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2.2 U-Net for Medical Image Segmentation

U-Net is a CNN architecture that was introduced in 2015 [72]. It was specifically
designed for biomedical image segmentation, making it a highly influential and widely
used model in medical imaging. The model is termed U-Net due to its "U" shape,
where the left side of the U encodes the input image into feature representations, and

the right side decodes these features back into the segmented image.

U-Net has been employed for precise tumor segmentation in various types of medical
scans such as MRI, CT, and Ultrasound. This aids in the early detection of
malignancies and the development of treatment plans [76]—[78]. In addition to tumor
detection, U-Net is commonly used to segment different organs and anatomical
structures such as the liver, heart, and lungs. This assists in the detailed analysis and
visualization for surgeries and other medical procedures [79]-[81]. The ability of U-
Net to capture fine details makes it suitable for tasks such as blood vessel

segmentation, which is essential in studying vascular diseases [82], [83].

The U-Net’s effectiveness lies in its ability to learn from a relatively small amount of
labeled data and generalize well to new, unseen data. Moreover, it enables end-to-end
training and utilizes expansive paths with skip connections to recover spatial
information lost during the downsampling process. These unique characteristics have
made U-Net a popular choice for biomedical image segmentation tasks. Moreover, U-
Net architecture has been utilized in several studies for MS segmentation [44], [46],

[73], [84].

2.3 Transfer Learning in Medical Image Segmentation

While U-Net's architecture offers a powerful means for segmenting biomedical
images, training the network from scratch requires a substantial amount of data and
computational resources. Herein lies the importance of transfer learning, a method that
leverages a model pre-trained on a large dataset, and fine-tunes it for a specific task

[85].
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The use of transfer learning in medical image segmentation provides several
advantages. First, it enables the network to leverage a comprehensive set of learned
features, reducing the amount of training data needed. Second, it accelerates the
training process by starting with a pre-trained network rather than initializing weights

randomly [86].

The integration of pre-trained models such as VGG16 [87], ResNet50 [88], and
InceptionResNet v2 [89] as encoders in the U-Net architecture combines the strengths
of these powerful models with the localization capabilities of U-Net. VGG16 is famous
for being simple and good at identifying objects. ResNet50 is known for its advanced
learning ability. InceptionResNet v2 blends the best features of two different systems,
the Inception architecture and residual connections. The use of these models as
encoders in U-Net leverages their ability to extract complex features, which is further

enhanced by the expansive path of U-Net for accurate segmentation.

In the context of maxillary sinus segmentation, the integration of VGG16, ResNet50,
and InceptionResNet v2 into the U-Net architecture can provide enhanced
performance. By serving as encoders, these pre-trained models can bring a wealth of

feature extraction capabilities to U-Net.

There is a growing body of research demonstrating the effectiveness of these integrated
models for various segmentation tasks [90]-[93], but literature focusing specifically

on maxillary sinus segmentation remains scarce.
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CHAPTER 3
MATERIALS AND METHODS

3.1 Dataset

This study incorporated a total of 71 head CT scans from both male and female
subjects. The scans were obtained from Gaziantep University Sahinbey Research and
Practice Hospital. The dataset consisted of many different sizes of MS. The sizes of
the MS in the early and final layers of a CT volume are small, and they increase
through the middle layers. Furthermore, the dataset contained not only clear sinuses
but also maxillary sinuses with varying degrees of opacification. Examples of
maxillary sinuses of different sizes and opacification levels from our dataset are shown

in Figure 3.1.
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Figure 3.1 Examples of CT images from the dataset with different sizes and
opacification levels

Axial, coronal, and sagittal views of the maxillary sinuses are shown in Figure 3.2.
Slices in the axial plane were used for segmentation, considering the morphology of
the maxillary sinus and its surrounding structures. The exclusion criteria for participant
selection in this study included cases where the radiograph quality was inadequate due
to the presence of artifacts, instances where an abnormality was detected in the
maxillary sinus, or a history of prior surgery in the maxillary sinus. These factors were
considered to ensure that the selected participants had reliable and consistent
radiographic data and were free from any pre-existing conditions that could potentially

impact the study results.
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Figure 3.2 Axial, coronal, and sagittal views of the maxillary sinus.

3.1.1 Ground-truth Labelling

The CT scans, exported as Digital Imaging and Communications in Medicine
(DICOM) files, were imported into 3D Slicer 4.11, an open-source medical image
analysis software application [94]. The ground truth datasets were labeled for training
and testing the model on a layer-by-layer basis using the 3D Slicer 4.11. The labelling

process involved the following steps:

1. Contouring One Side: Utilizing the Segment Editor tool of the 3D Slicer, the

contour of one side of the maxillary sinus was manually delineated.

2. Filling and Mask Creation: The region enclosed by the contour was

automatically filled in to generate segmentation masks for that side of the sinus.

3. Contouring the Other Side: Subsequently, the contour of the maxillary sinus

on the other side was also delineated manually.

4. Finalizing Labeling: The enclosed area of the other contour was then filled in,

marking the completion of the labeling process for one slice.

The labelling steps are shown in Figure 3.3. These steps were applied to every

maxillary sinus containing slices in the CT scans, and a complete maxillary sinus
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volume was created, as shown in Figure 3.4. The masked regions were also checked
and edited in the coronal and sagittal planes to avoid any inconsistencies. Bony
structures inside the sinus such as the septum were not included in the segmentation
region, and additional edits were made as needed to remove those structures from the

segmentation region.

STEP 1 STEP 2

Figure 3.4 Completed labelling process for a sample CT volume.
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3.1.2 Preprocessing

The DICOM files of the CT scans and their corresponding generated masks of
maxillary sinuses were extracted and converted to PNG format for the model training
and testing phases. Only the CT slices containing MS were included in the dataset,
excluding any layers without MS. After these exclusions, the dataset comprised 3947

CT slices containing MS.

For the purpose of training and testing, the dataset was randomly divided into an 8:2
ratio, forming the training and test sets respectively. Further, the training set was
subdivided into an 8:2 ratio to create the training and validation sets. The training set
was utilized to train the models, the validation set assessed the models' performance
during the training phase and facilitated the selection of the best performing model,

and the test set evaluated the final performance of the models.

Before feeding into the model, all images were normalized to a range between 0 and
1. The original size (512 X512 pixels) of all input images used for training, validation,
and testing was maintained without applying any resizing. Due to memory constraints,
the dataset did not undergo any data augmentation. Samples of final CT images and

corresponding ground truth masks from the dataset are showed in Figure 3.5.

Figure 3.5 Samples of CT images and corresponding ground truth masks from the
dataset.
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3.2 Network Architectures

Several networks were created for maxillary sinus segmentation in CT images. The
U-Net architecture was used as the baseline model in the conducted experiments. With
its release in 2015, U-shaped structures and modified versions have found extensive
applications in medical imaging and other fields [70]-[72]. U-Net's defining features
are its encoder-decoder configuration and the integration of these structures via skip

connections.

The contracting path, or the encoder, uses a series of convolutional blocks and pooling
layers, a common feature in conventional convolutional network architectures. These
layers progressively decrease the size of the feature maps while enlarging the receptive
field. The receptive field size depends on the filter sizes and stride lengths used in the
convolutional layers, with each layer's receptive field being influenced by its
predecessor. As it goes deeper through the layers of the CNN, the receptive field size
increases. Thus, the encoder path of the network can capture broader contextual
information and extract higher-level features from the input image, which are essential

for image-segmentation tasks.

The layers positioned at the deepest part of the network, known as the bottleneck layer,
act as a channel between the encoder and decoder. They transfer crucial information
for precise segmentation. This is called the bottleneck layer because the size of the
feature maps is reduced to their minimum size, while the number of feature maps is
higher compared to the layers in the encoder and decoder. Through the contracting
path, the network progressively learns to extract increasingly intricate and meaningful
features, reaching the most abstract image representations at the bottleneck layer. It
compacts the information coded in the feature maps by shrinking the spatial
dimensions while boosting the channel count, capturing the most abstract, high-level

features.
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The expansive path, or decoder, in U-Net creates segmentation maps by gradually
upsampling the low-resolution feature maps. It starts with up-convolution or transpose
convolution layers, enhancing the spatial dimension of the feature maps. These
upsampled maps are concatenated with the feature maps from the contracting path.
Following the concatenation, convolutional blocks comprising several convolutional
and activation layers further process the merged feature maps. For semantic
segmentation tasks, a 1X1 convolutional layer typically capped with a softmax or
sigmoid activation function serves as the final layer, mapping the extracted features to
the desired number of output channels. Figure 3.6 illustrates the original U-Net

architecture to better visualize these concepts.
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Figure 3.6 U-Net architecture from original paper [72].

In this work, the U-Net module was modified for maxillary sinus segmentation.
Moreover, the segmentation of maxillary sinus was also performed using three
different pre-trained transfer learning models: VGGI16 [87], ResNet50[88],
InceptionResNet v2 [89]. The models were used as encoders for the U-Net model and

the decoders were constructed in accordance with the models.
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3.2.1 U-Net

The proposed U-Net model, depicted in Figure 3.7, is comprised of two main parts: an
encoder and a decoder. Channel depths, feature map sizes, and performed operations
for every layer were provided in the figure. There are four levels with different feature
map sizes in the encoder and decoder parts, and another level in the bottleneck layer

with the smallest feature map size.

Every level features two convolutional blocks, each made up of a 3x3 convolution,
batch normalization, and ReLU layers. In the encoder, a Max Pooling layer (2X2,
stride 2) is used at each transition between levels to reduce the resolution of the feature
maps by half. In the decoder part, transposed convolution layers are used at each level

transition to halve the channels width while doubling the feature map size.

The feature maps resulting from these transposed convolutions are then concatenated
with the corresponding feature maps from the encoder. Finally, a 1X1 convolutional
layer is applied to condense the feature maps to a single channel. This is followed by

a sigmoid activation function, which generates a binary segmentation map.
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Figure 3.7 Proposed U-Net model.

3.2.2 U-Net with VGG16 Encoder

The VGG architecture was first presented in the 2014 research paper "Very Deep
Convolutional Networks for Large-Scale Image Recognition" by authors Karen
Simonyan and Andrew Zisserman [87]. This deep learning structure comprises
multiple convolutional layers followed by fully connected layers, typically designed
with 16 or 19 layers in total. VGG stands for the Visual Geometry Group, a team from
Oxford University, and 16 refers to 13 convolutional layers and three fully connected
trainable layers. The core idea underpinning the VGG network is to enhance the
network's depth using smaller 3 X3 convolution filters. This strategy enables an
increase in the number of layers while maintaining a reasonable amount of trainable
parameters. In this work, the VGG16 network served as a pre-trained encoder within
the VGG16-UNet model. The fully connected layers were excluded, which
substantially reduces the number of parameters needing training from 138 million to a
more manageable 14.7 million. Each convolutional layer of the VGG16 was
accompanied by batch normalization and ReLU layers. Five Max Pooling layers across
a 2x2 pixel window with a stride of 2, were applied, which effectively halving the

resolution. In the decoder part of the VGG16-UNet model, there were 13 convolutional
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layers corresponding to those in the encoder part. Similar to the encoder, batch
normalization and ReLU layers followed each convolutional layer. The decoder also
incorporated five upsampling layers, which doubled the resolution of the feature map,
mirroring the effect of the max-pooling layers in the encoder. Additionally, skip
connections were used to concatenate the output of the upsampling layer with the
corresponding same-sized convolution layer in the encoder. The sigmoid activation
function was used at the output layer for the binary classification, distunguishing
between background and maxillary sinus containing pixels. A visual representation of

the VGG16-UNet architecture can be seen in Figure 3.8.
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Figure 3.8 VGG16-UNet model.
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3.2.3 U-Net with ResNet50 Encoder

ResNets (Residual Networks) is another popular CNN architecture, such as VGGNet.
It was introduced and achieved outstanding performance in the ILSVRC and COCO
competitions in 2015 [88]. ResNet and VGGNet differ from each other in terms of the
way they handle the flow of information. VGGNet relies on the straightforward
stacking of convolutional and pooling layers, and each layer learns to transform its
input into a desired output representation, which eventually causes vanishing gradient

problems as the model becomes deeper.

ResNet solved this problem by means of Residual Learning concept. In traditional
deep learning (Figure 3.9-a), a network learns the desired underlying mapping f(x)
directly from the input x to the output. As networks get deeper, learning this direct
mapping can become increasingly challenging, leading to the vanishing or exploding
gradient problem. Residual learning (Figure 3.9-b), on the other hand, focuses on
learning the residual or difference between the desired underlying mapping f (x) and

the input x. This residual function is represented as g(x) = f(x) — x.
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Figure 3.9 (a) Traditional and (b) residual learning.

ResNet-50 specifically consists of 50 layers, and it is part of the family of ResNet
architectures which have various depths like 18, 34, 50, 101, and 152 layers. ResNet-
50 architetcure is constructed with multiple residual blocks, as shown in Figure 3.10.
In ResNet-50, each residual block is composed of three layers: a 1 X1 convolution, a
3X3 convolution, and another 1x1 convolution. If the input and output of the residual
block have the same shape, the shortcut connection directly adds the input to the
output, as shown in Figure 3.10. In cases where the input and output of the residual
block have different shapes, a linear transformation (i.e., a 1 X1 convolution) is applied
to the shortcut to match the dimensions, as shown in Figure 3.10. This is known as a
projection shortcut, as opposed to an identity shortcut where the shapes are already

compatible, and no transformation is needed.
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Figure 3.10 Residual blocks of ResNet50 model.

In this study, the ResNet-50 architecture was integrated as a pre-trained encoder for
the U-Net architecture, except for the final fully convolutional layer of the model. The
resulting hybrid architecture was termed as ResNet50-UNet. The ResNet50-UNet
architecture’s encoder part was made up of 4 stage residual blocks. It starts with a
single convolutional layer with 64 filters, followed by a max-pooling operation. Stage
1 was repeated three times and consists of a specific sequence of convolutional layers
with dimensions: (1X1, 64), (3X3, 64), and (1Xx1, 256). The numbers represent the
filter size and the number of filters, respectively. Stage 2 was repeated four times, this
stage employs a series of (1Xx1, 128), (3x3, 128), and (1X1, 512) convolutional layers.
Stage 3 was an expanded stage, repeated six times, comprised of (1X1, 256), (3X3,
256), and (1x1, 1024) convolutional layers. The final stage, repeated four instances,
includes convolutional layers with configurations of (1x1,512), (3x3,512), and (1X1,

2048). Throughout these stages, batch normalization and ReLU activation were
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applied following each convolutional layers. The only exception was the final 1x1
convolutional layer, specifically designed to match the depth of the final feature map
with the segmentation mask's depth. The model concludes with the application of a
sigmoid activation function to the final feature map. This step converts the output into
a binary segmentation mask. The architecture of the ResNet50-UNet is shown in

Figure 3.11.
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Figure 3.11 ResNet50-UNet model.

3.2.4 U-Net with Inception-ResNet v2 encoder

Inception-ResNet v2 is a CNN architecture that is a combination of Inception and
ResNet [89]. Inception-ResNet v2 combines the principles of both architectures. The
key idea is to introduce residual connections into the Inception modules. The Inception
module is a key building block in the Inception family of architectures, including
Inception-ResNet v2. It is designed to capture information at various scales and levels
of abstraction. The design of the Inception module is based on the idea that pictures
have many levels of details and shapes [95]. For segmentation of the maxillary sinus,
an Inception module could be helpful. By using different filters and pooling methods

at the same time, it can create a detailed picture of various features.
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The network typically begins with a "stem" that consists of a few convolutional and
pooling layers. The purpose of the stem is to reduce the spatial dimensions of the image
and increase the number of channels, preparing the input for subsequent complex
processing. Inception-Residual blocks, a sequence of blocks that combines Inception
modules with residual connections, make up the majority of the model. Reduction

blocks are used to change the feature map size between the stages of Inception-

Residual blocks.

The Inception-ResNet v2 was used as the encoder part of the U-Net architecture in this
study. It was a pretrained version on ImageNet dataset [96]. The general schematic of
the encoder is roughly depicted in Figure 3.12. It was mainly composed of Inception-
ResNet-A,B,C blocks and reduction blocks between them. The structure of the
Inception-ResNet blocks is depicted in details in Figure 3.13. They include multiple
parallel branches with different convolutional operations. Each branch consists of
different combinations of convolutions with varying kernel sizes and pooling
operations. The outputs of these branches were concatenated along the channel
dimension and the Inception module’s output was fed into a residual connection. It is
really a deep and complex model. The decoder section was composed of convolutional

and upsampling layers similar with the ResNet50-UNet model.
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Figure 3.13 Inception-ResNet -A,B,C blocks.

3.3 Training and Validation Settings

Inception-ResNet-C

In this section, it is presented the training and validation settings utilized in the
development and evaluation of the proposed Maxillary Sinus segmentation models.
Four distinct models were trained: a plain U-Net model, and three additional models
utilizing pre-trained encoders (VGG16, ResNet50, and InceptionResNet v2) integrated
into the U-Net architecture. All training experiments were performed using Python 3
and the Keras library with TensorFlow backend on Google Colab. Tesla A100 GPUs
were utilized for accelerated computation, enabling efficient training of deep neural

networks.

During model training, all models were optimized using the Adam optimizer with an

initial learning rate of le-3. A batch size of 6 was employed. To avoid overfitting and
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ensure the models achieved optimal performance, early stopping was implemented
during training. Specifically, if the validation loss did not decrease for 20 epochs, the
training process was halted, and the model with the best validation performance was
retained. Additionally, a learning rate scheduler was employed to dynamically adjust
the learning rate. The learning rate was reduced by a factor of 10 if the validation loss

did not decrease for 10 consecutive epochs until the lower bound of 1e-7 was reached.

The training process was set to run for a maximum of 100 epochs. However, with the
early stopping mechanism in place, the actual number of epochs varied based on the
convergence speed and generalization performance of each model. The plain U-Net
model was halted at at epoch 85, while the other three models lasted until the maximum

number of epochs.

The performance of the models is evaluated using several metrics: Dice Coefficient,
Intersection over Union (IoU), precision, and recall. The dice coefficient is a statistical
tool that measures the similarity between the predicted segmentation and the ground
truth segmentation of the maxillary sinus. A Dice score of 1 represents a perfect
segmentation by the model, whereas a score of 0 indicates no overlap at all between
the predicted and actual segmentation. The Dice score is particularly useful when
evaluating segmentation models for datasets with small objects or class imbalances
because it takes into account both the true positive and false positive predictions. The

Dice score is calculated as:

Dice s ~ 2 * |Intersection| 3.1)
lce score = |Predicti0n| + |Ground TTuth| .

where:

e |Intersection| is the number of pixels that are correctly classified as both
foreground (maxillary sinus) in both the predicted and ground truth masks.
e |Prediction| is the total number of pixels classified as foreground in the

predicted mask.
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e |Ground Truth| is the total number of pixels classified as foreground in the

ground truth mask.

Figure 3.14 illustrates the Dice scores achieved by each of the trained models on both
the training and validation sets. The Dice scores were calculated after each epoch
during the training process, providing insights into the convergence behavior and

generalization performance of the models.
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Figure 3.14 Comparison of training and validation Dice Coefficients.

IoU is another metric used to to quantify the correspondence between the predicted
and actual segmentations. It measures the overlap between the prediction and the
ground truth divided by the union of both areas. An IoU score close to 1 signifies
almost perfect overlap, and thus, higher accuracy of segmentation. The IoU score is

calculated as:
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|Intersection|

IoU

where:

~ |Prediction| + |Ground Truth| — |Intersection|

(3.2)

e |Intersection| is the count of pixels that were correctly identified as maxillary

sinus (foreground) in both the predicted and ground truth masks.

e |Prediction| is the total count of pixels that were identified as maxillary sinus

(foreground) in the predicted mask.

e |Ground Truth| is the total count of pixels that are actually maxillary sinus

(foreground) in the ground truth mask.

The IoU scores achieved by each of the trained models on both the training and

validation sets are illustrated at Figure 3.15.

1.0

0.8

0.6

loU

04

021

0.0+

1.0

0.8

loU

0.4

0.2

0.01

UNet

VGG16 - UNet

—————

—— traning loU
val loU

[

0.8

0.6

loU

04

0.2

A

—— traning loU
val loU

0 20 40
Epoch

ResNet50 - UNet

60

80

T

= traning loU

val loU

0 20 40 60
Epoch

80 100

20

40 60
Epoch

InceptionResNet v2 - UNet

80 100

0.90 4

0.85 4

oy

0.80 4

0.75 1

—— traning loU
val loU

20

40 60
Epoch

Figure 3.15 Comparison of training and validation IoU.

80

Recall (or sensitivity) calculates the proportion of actual positives that are correctly

identified. In the context of this study, it signifies the fraction of maxillary sinus pixels

that are correctly identified out of all the actual maxillary sinus pixels in the CT
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images. A high recall means the proposed model has effectively identified most of the
maxillary sinus pixels, minimizing the chance of false negatives. Recall is calculated

as:

Recall = — 3.3)
CCat = TP Y FN '

where:
e TP, or True Positives, represent the pixels that were correctly classified as part
of the maxillary sinus.
e FN, or False Negatives, represent the pixels which are a part of the maxillary

sinus but were incorrectly classified by the model.

A high recall score suggests that the model has successfully identified the majority of
the relevant pixels, whereas a low recall score indicates that the model has failed to

detect a significant portion of the maxillary sinus.

The recall metric is especially critical in tasks where it is vital to correctly identify
every instance of the target class. This is often the case in medical imaging, where
missing an instance of an organ or anomaly could result in loss of important
information. However, recall should not be used as the only measure of a model's
performance. It is often analyzed alongside other metrics like precision, IoU, and Dice
score to give a more complete picture of the model's accuracy. For instance, a model
might have a high recall but low precision, meaning it correctly identifies many
maxillary sinus pixels but also incorrectly identifies many non-sinus pixels as sinus.
This results in a balancing act between sensitivity (recall) and specificity (precision).
Figure 3.16 displays the recall scores achieved by each of the trained models on both

the training and validation sets.
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Figure 3.16 Comparison of training and validation Recall metrics.

Precision measures the proportion of correctly predicted positive observations out of
the total predicted positives. In this context, it quantifies the fraction of pixels that are
correctly classified as maxillary sinus out of all the pixels the model identifies as
maxillary sinus. A high precision indicates a lower false-positive rate, implying that
when the proposed model predicts a pixel to be a part of the maxillary sinus, it is highly

likely to be correct. The formula for computing precision is:

TP

— 3.4
TP + FP G4

Precision =

where:

e TP, or True Positives, are the pixels that the model correctly identified as being
part of the maxillary sinus (foreground) in both the predicted and the actual

(ground truth) masks.
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e FP, or False Positives, are the pixels that the model incorrectly identified as
being part of the maxillary sinus (foreground) in the predicted mask, when they

are not part of the maxillary sinus in the ground truth mask.

The precision scores achieved by each of the trained models on both the training and

validation sets are displayed at Figure 3.17.

U-Net VGG16 - UNet
10 e e 1.0 P g = s
/ﬂl-_-'—_ﬂ’_ nAT— - ——
0.8 0.8 4
c 061 c 0.6
i) 2
& ]
o ]
g g
a o
0.4 0.4
021 0.2
—— precision —— precision
val_precision val_precision
0.0 T T T T T T T T
0 20 40 60 80 0 20 40 60 80 100
Epoch Epoch
ResNet50 - UNet InceptionResNet v2 - UNet

1.0 . AT = e ————

ST P DDA pPNG=F=<r

| W
0.95

0.8

0.6 -

=3
0
1=

precision
precision

=
@
w

0.4

0.80 4
0.2

—— precision —— precision
0.0 val_precision 0.75 9 val_precision

0 20 40 60 80 100 0 20 40 60 80
Epoch Epoch

Figure 3.17 Comparison of training and validation Precision metrics.

3.4 Volume Measurement and Opacification Ratio Calculation

The volume and opacification ratio of the MS can be crucial in medical diagnosis and
treatment. Understanding the volume of the maxillary sinus can assist in diagnosing
various sinus conditions, including chronic sinusitis. The opacification ratios can
indicate the presence of inflammation, infection, or tumors [3], [4]. In procedures like
sinus surgery or dental implant placement, knowing the exact volume and condition of
the maxillary sinus is essential. It helps surgeons and dentists to plan the procedure
more precisely and minimize potential risks [12]. Monitoring changes in the maxillary

sinus volume and opacification over time can be a critical part of evaluating the
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effectiveness of treatments like antibiotics or surgical interventions. The volume of the
maxillary sinus can vary significantly between individuals. Understanding these
variations can be essential for personalized medicine and tailoring treatments to the
specific patient [97]. In the context of scientific research, studying the maxillary sinus's
volume and opacification ratios can contribute to a deeper understanding of sinus

pathology and the development of new diagnostic techniques or treatments.

To calculate the volume of the Maxillary Sinus, a two- dimensional ROI was extracted
from each CT slice. The area of the segmented region in each slice was multiplied by
the slice thickness to obtain the volume contribution of that particular slice [36], [41].
The total volume of the Maxillary Sinus was then determined by summing up the

volume contributions from all slices, as shown in Eq. 3.5:

V=) A(s;)As (3.5)
2

where V is the total volume of the MS, n is the number of MS containing slices, A(s;)
is the area of segmented region in the i-th slice, As is the slice thickness. The area of
the segmented region in each slice was measured by multiplying the number of pixels
in the segmented region by the pixel size. The CT images used in the study had varying
pixel sizes and slice thickness values. These values were automatically extracted from
the metadata of the DICOM files of the CT images. The ground truth volumes are
automatically calculated by 3D Slicer. It provides accurate volume measurements for

reference.

To segment the air section (black) and mucosa inflammation region (gray) in all slices,
thresholding was applied using Otsu's method [98]. Otsu’s thresholding is a widely
used image segmentation technique for automatically determining the optimal
threshold value to separate the pixels of a grayscale image into two classes: foreground
and background. The threshold value is chosen such that the pixel intensities are

divided into two groups in a manner that maximizes the difference between the two
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groups, making the resulting segmentation more accurate. The generated masks were
applied to the original CT images, and only the pixels within the mask regions were
extracted. Thresholding was just applied to maxillary sinus patches. A few samples of
the final segmentation results are shown in Figure 3.18. Opacification ratio was
calculated as the percentage of the volume of the inflamated region to the total sinus
volume. It provides a measure of the extent to which the sinus is affected by

inflammation.
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Figure 3.18 First Column: CT slices, Second Column: automatic segmentation
results produced by the CNN models, Third Column: extracted
maxillary Sinus patches, Fourth Column: segmentation results with air
(blue) and opacification (green) seperated based on their pixel intensity
values.
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CHAPTER 4
RESULTS and DISCUSSION

4.1 Performance Comparison of the Models

In this study, a plain U-Net model was employed alongside three U-Net variations
incorporating VGG16, ResNet50, and InceptionResNet v2 as encoders for MS
segmentation. The models were trained and validated on a specially labelled dataset of
CT images, emphasizing the maxillary sinus region. All the models were evaluated on
test dataset according to Dice, IoU, Precision, and Recal metrics. Table 4.1 shows the
performance of the models. The Inception ResNet v2 — U-Net model emerged as the
top performer among the models tested. Its success underscores the potential benefits
of integrating sophisticated deep learning architectures within the U-Net framework.
The use of pre-trained models (VGG16, ResNet50, InceptionResNet v2) as encoders
in the U-Net architecture demonstrated improved performance compared to the plain
U-Net model. This validates the hypothesis that transfer learning can boost the
segmentation task, bringing with it inherent knowledge within these pre-trained
models. Despite being outperformed by its more complex counterparts, the plain U-
Net model exhibited satisfactory results. Its relatively simpler architecture and
satisfactory performance highlight its suitability for applications where computational

resources may be constrained or where a more straightforward approach is desired.
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Table 4.1 Performance comparison of the models.

MODEL Dice IoU Precision Recall
U-Net 0.95021 0.91870 0.96592 0.94825
VGG16-UNet  0.95494 0.92448 0.96884 0.95257
ResNet50- 0.95203 0.92144 0.96635 0.94962
UNet

Inception

ResNet v2 - 0.96671 0.94004 0.96771 0.97050
UNet

4.2 Visual Assessment of Segmentation Results

Figure 4.1-11 show examples of segmentation results of 2D slices containing MS with
bone structures, opacified MS, and FP, FN results from all models, respectively.
Segmentation results can be easily evaluated visually by comparing them with the
original CT images and GT masks found in the images. The segmentation results
samples including FP and FN pixels for Inception-ResNet v2-UNet model were not

provided because of the lack of the visually detectable samples.
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Figure 4.1 Examples of segmentation results for CT slices with bony structures of
the plain U-Net model.
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Figure 4.2 Examples of segmentation results for CT slices with opacified MS of the
plain U-Net model.
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Figure 4.3 Examples of segmentation results for CT slices with FP and FN pixels of
the plain U-Net model.
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Figure 4.4 Examples of segmentation results for CT slices with bony structures of
the VGG16-UNet model.
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Figure 4.5 Examples of segmentation results for CT slices with opacified MS of the
VGG16-UNet model.
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Figure 4.6 Examples of segmentation results for CT slices with FP and FN pixels of
the VGG16-UNet model.
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Figure 4.7 Examples of segmentation results for CT slices with bony structures of
the ResNet50-UNet model.
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Figure 4.8 Examples of segmentation results for CT slices with opacified MS of the
ResNet50-UNet model.
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Figure 4.9 Examples of segmentation results for CT slices with FP and FN pixels of
the ResNet50-UNet model.
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Figure 4.10 Examples of segmentation results for CT slices with bony structures of
the Inception-ResNet v2-UNet model.
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Figure 4.11 Examples of segmentation results for CT slices with opacified MS of the
Inception-ResNet v2-UNet model.
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4.3 Comparison of the Calculated Volumes and Opacification Ratios

Automatic segmentation results of eight complete CT scans produced by all the models
were used for volume measurement and opacification ratio calculation. For volume
comparison, samples were selected from studies of different sexes, age groups, and
different opacity levels. Ground truth volumes were calculated automatically in 3D
Slicer platform to campare the models’ performances. The final ground truth volumes,
calculated total and opacified volumes, and opacification ratios for some samples are

compared in Table 4.2 -5 .

Table 4.2 The total and opacified volumes of MS and opacification ratios of
segmentation results produced by the plain U-Net model for some samples.

Sample No Gender Age G(E"\lgc;l Tcztcarlnzf)o L O(I;n:];;l ROaE)i.o
(%)
1 F 22 34.78 33.06 2.62 7.92
2 F 20 33.63 33.43 3.13 9.36
3 F 37 41.52 42.08 4.39 10.43
4 F 26 21.67 22.19 1.18 5.32
5 M 19 48.49 48.35 15.42 31.89
6 M 26 50.98 50.77 40.96 80.68
7 F 30 22.29 22.51 12.17 54.06
8 M 24 41.89 41.97 29.11 69.36

Table 4.3 The total and opacified volumes of MS and opacification ratios of
segmentation results produced by the VGG16-UNet model for some

samples.
GTVol.  Total Vol. Opac. Vol. Op.
Sample No Gender Age (cm?) (cm?) (cm?) Ratio
(%)
1 F 22 34.78 35.04 2.61 7.44
2 F 20 33.63 33.44 3.11 9.30
3 F 37 41.52 42.18 4.40 10.43
4 F 26 21.67 21.30 2.18 10.23
5 M 19 48.49 48.38 15.48 31.89
6 M 26 50.98 50.59 40.78 80.61
7 F 30 22.29 21.18 12.26 57.88
8 M 24 41.89 41.84 28.98 69.27
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Table 4.4 The total and opacified volumes of MS and opacification ratios of
segmentation results produced by the ResNet50-UNet model for some

samples.

GT Vol. Total Vol. Opac. Vol. Op.'
Sample No Gender Age (cm?) (cm?) (cm?) Ratio
(%)

1 F 22 34.78 34.94 2.57 7.35
2 F 20 33.63 33.50 3.15 9.40
3 F 37 41.52 41.88 4.25 10.15
4 F 26 21.67 21.58 2.24 10.38
5 M 19 48.49 48.35 15.49 32.04
6 M 26 50.98 50.74 40.93 80.66
7 F 30 22.29 20.38 11.04 54.17
8 M 24 41.89 42.02 29.17 69.42

Table 4.5 The total and opacified volumes of MS and opacification ratios of
segmentation results produced by the Inception-ResNet v2-UNet model
for some samples.

Sample No Gender Age G(I"\;‘;l T(;tcarln\;)o L OIZT;L;])OI' Rce)lﬁ)i.o
(%)
1 F 22 34.78 35.10 2.62 7.46
2 F 20 33.63 33.39 3.08 9.22
3 F 37 41.52 42.64 4.65 10.91
4 F 26 21.67 21.48 2.18 10.14
5 M 19 48.49 47.58 15.51 32.60
6 M 26 50.98 50.89 41.09 80.74
7 F 30 22.29 22.71 12.38 54.51
8 M 24 41.89 42.11 29.25 69.46
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CHAPTER 5
CONCLUSION AND FUTURE WORK

5.1 Conclusion

Accurate segmentation of the maxillary sinus from CT images is a critical and complex
task that has immense significance in the field of maxillofacial radiology. This study
makes a considerable contribution by evaluating and comparing the performance of a
plain U-Net model with three U-Net variants, employing VGG16, ResNet50, and

Inception-ResNet v2 as encoders.

The results highlighted the Inception-ResNet v2-UNet model as the most effective,
with a DSC of 0.96671 and an IoU of 0.94004. The use of pre-trained encoders
demonstrated their effectiveness in improving segmentation, affirming the importance
of transfer learning in medical image analysis. Despite this, even the plain U-Net
model demonstrated satisfactory results, with a DSC of 0.95021 and an IoU of
0.91870.

This study not only explored the basic segmentation of the maxillary sinus but also
delineated the air section and mucosal inflammation within the sinus. The ability to
calculate essential diagnostic metrics such as volume and opacification ratios was

another remarkable achievement.

The study also acknowledged the computational constraints, showing that even
simpler models like plain U-Net could be effective when resources are limited. It
strikes a balance between complexity and efficacy and, provides options for various

practical scenarios.
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5.2 Future Works

The success of the models presented in this study illustrates the potential of deep
learning in medical image segmentation, particularly for complex anatomical
structures like the maxillary sinus. Although the results are promising, there is room
for improvement and exploration. Expanding the dataset to include various age groups,
ethnic backgrounds, and medical conditions could create a more robust model, capable
of handling diverse clinical scenarios. Future studies could aim to integrate these
models into existing radiological workflows. Close collaboration with clinicians and
radiologists will be essential to ensure that the tools developed meet the real-world
needs of medical practitioners. The methodologies developed could be extended to
analyze other sinus regions. This could lead to new ways of diagnosing and planning

treatment in many areas of medicine.
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