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ABSTRACT

Medical image segmentation is a growing field in medical image analysis. The
segmentation of diseases, organs, or abnormalities in medical images has become
demanding for the analysis of medical images. It is an essential task in medical image
analysis for the identification of disease, treatment planning, and observation.
Segmentation is a challenging job because of the numerous artifacts present in the
medical images. Over the past few years, convolutional neural networks (CNNs) have
shown outstanding performance in the segmentation of images. U-Net is a
convolutional neural network, that has achieved excellent performance in the
segmentation of medical images. Despite the outstanding performance of the U-Net and
variants of U-Net, these architectures have certain limitations and are not sufficient for
the segmentation of medical images. U-Net has an overfitting problem, a vanishing
gradient issue, and it has a small receptive field. This thesis proposes an architecture, A
Dual Convolutional Neural Network with U-Net and Multi-Residual Network for
medical image segmentation to improve the segmentation. The proposed architecture
consists of two networks. One network is U-Net, which uses pre-trained Resnet 50 as
an encoder and the second network is MultiRes U-net. The residual block in the
proposed architecture solves the vanishing gradient issue. Atrous spatial pyramid
pooling (ASPP) block is used in both networks that increase the receptive field to
capture more information. The proposed architecture is evaluated on three medical
datasets: gastrointestinal polyp dataset, brain tumor dataset, and dental dataset. The
gastrointestinal polyp dataset and brain tumor dataset are publicly available open-access
dataset and is used by researchers for the segmentation. The dental dataset is collected
from the Oral Radiology Unit, Kulliyyah of Dentistry, International Islamic University
Malaysia. Data augmentation is applied to the training set to increase the dataset which
will help to reduce the overfitting problem and improve the performance of the
segmentation. The result of a proposed architecture, A Dual Convolutional Neural
Network with U-Net and Multi-Residual Network, for medical image segmentation is
compared to the existing architectures: FCN, U-Net, and Unet Resnet. The
performance of the proposed architecture is evaluated in terms of Dice Similarity
Coefficient (DSC), Intersection over Union (IOU), Precision, and Recall. The
experimental results show that the proposed architecture, A Dual Convolutional Neural
Network with U-Net and Multi-Residual Network achieves higher DSC, 10U,
Precision, and Recall for the segmentation of the gastrointestinal polyp dataset, dental
dataset, and brain tumor dataset and outperforms the existing segmentation
architectures.
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CHAPTER ONE
INTRODUCTION

1.1 BACKGROUND OF THE RESEARCH

Image analysis is a technique of obtaining information by measuring objects within an
image. It is a procedure of extracting the information from images. The various image
processing techniques for image analysis are image pre-processing, image compression,
edge detection, and image segmentation (Muthuselvi & Prabhu, 2017). For image
analysis, segmentation is one of the most efficient and widely used techniques, which
is the procedure of dividing digital images into multiple segments in order to improve
the quality of the images (Merjulah & Chandra, 2017). Analysis of medical images is
crucial for providing rapid and precise diagnosis and medical treatment (Tran et al.,
2021). Medical images have to go through numerous phases prior to the identification
of the disease. In medical applications, it is required to process the medical images to
identify the details of the medical images. In the initial phase, medical images must be
gathered, then the preprocessing has to be performed and after that, the data must be
stored in memory. It requires huge computational power and memory (Vardhana et al.,
2018). In medical images, segmentation is performed to extract the region of interest
for medical image analysis (Merjulah & Chandra, 2017). Image Segmentation in the
medical field is one of the significant challenges in the past few years (Tran et al., 2021).

Medical image segmentation, a process that involves determining the pixels of
lesions or organs from background medical images such as Magnetic Resonance
Imaging (MRI) or Computed Tomography (CT) images, is one of the most crucial tasks
in medical image analysis in order to provide critical information about the volumes
and shapes of these organs (Hesamian et al., 2019). In healthcare facilities, accurate
medical image segmentation is necessary for proper diagnosis (Ashkani Chenarlogh et
al., 2022). With the rapidly developing field of artificial intelligence, particularly deep
learning (DL), image segmentation approaches that utilize deep learning have produced
excellent outcomes in the domain of the segmentation of images. Deep learning
provides several advantages over conventional machine learning and computer vision
techniques regarding segmentation accuracy as well as speed. Consequently, the

application of deep learning to segment the medical images can efficiently assist
1



clinicians in confirming the dimension of cancerous growths and determining the effect
prior to and following medical treatment, significantly decreasing the burden on
clinicians. Despite the remarkable achievements in the segmentation of medical images
in the past few years, the use of deep learning for the segmentation of medical images
continues to encounter complications in studies. For instance, the resolution of the
medical images is low, the availability of the medical images in the dataset is less and
the quality is poor. The inaccurate medical image segmentation findings are not able to
satisfy the necessary medical requirements (X. Liu et al., 2021). This research aims to
develop a deep neural network architecture capable of segmentation with high accuracy.
To achieve this aim, the proposed architecture is inspired by U-Net and is optimized by
developing two networks in sequence using U-Net as a baseline architecture and a
Multires U-Net. The Multires U-Net employs the Multiresidual block and Res path.
Multiresidual block combines the features from DenseNet and ResNet.

This chapter will explain: the problem statement for medical image
segmentation, research objectives, research questions, research hypotheses, and
research significance, respectively. This chapter will also represent the research scope
and limitations, and research contributions. The thesis outline and chapter summary are

shown at the end of this chapter.

1.2 PROBLEM STATEMENT

A large amount of medical image datasets prevents manual segmentation in a
reasonable time (Pereira et al., 2016). Manual segmentation techniques produce
inaccuracy and require a huge amount of time (Abirami & Sheela, 2014). There are lots
of medical image segmentation techniques; however, these techniques are sensitive to
noise (Norouzi et al., 2014). The fundamental techniques of image segmentation are
insufficient for achieving complex object segmentation across the numerous types of

medical images (Ashkani Chenarlogh et al., 2022).

Deep learning has achieved significant advancements in recent years for image
segmentation (Tran et al., 2021). Medical image segmentation based on deep learning
has yet to overcome research challenges, despite the significant advancements it has

made in recent years. The accuracy of medical image segmentation is not high, and also



the availability of medical datasets is small. Inaccurate medical image segmentation
findings are unable to fulfill the actual criteria (X. Liu et al., 2021).

Convolutional Neural Network (CNN) is the most well-known and widely used
algorithm in the field of deep learning (Alzubaidi et al., 2021). Nevertheless, CNN
needs a huge amount of data during training to produce good results (Hu et al., 2020)
which increases the memory requirement (Chakravarty & Sivaswamy, 2019). U-Net is
one of the architectures of CNN that is a popular and successful model for the

segmentation of images (Lundervold & Lundervold, 2019).

U-Net has shown a remarkable ability in the segmentation of medical images,
even with a limited amount of training datasets (Ibtehaz & Rahman, 2020). However,
if the characteristic of the image is not prominent, the performance of the U-Net network
will be very low (Du et al., 2020). Moreover, for the segmentation of intricate medical
images with less clear boundaries, U-Net tends to over-segment or under-segment
(Ibtehaz & Rahman, 2020). U-Net skips the segmentation of the region of interest
completely for the complex medical images (Ibtehaz & Rahman, 2020; Lou et al.,
2021). In addition, U-Net and U-Net variants struggle to segment small region of
interest or small organs (Zhu et al., 2018; Lou et al., 2021). Furthermore, U-Net and U-
Net variants are limited to a single receptive field which affects the performance of the

network for the segmentation task (Su et al., 2021).

1.3 RESEARCH QUESTIONS

The research intends to address the following research questions:

1. What are the issues in medical image segmentation with the U-Net architecture

of the Convolutional Neural Network?

2. Why to develop an architecture, A Dual Convolutional Neural Network with U-

Net and Multi-Residual Network, for medical image segmentation?

3. How to develop A Dual Convolutional Neural Network with U-Net and Multi-

Residual Network, for medical image segmentation?

4. How effective is A Dual Convolutional Neural Network with U-Net and Multi-

Residual Network compared to other existing segmentation architectures?

3



1.4 RESEARCH OBJECTIVES

The main research objective is to develop A Dual Convolutional Neural Network with
U-Net and Multi-Residual Network architecture for the segmentation of medical

images. To achieve these the following research objectives, need to be carried out:

1. To investigate the issues of the U-Net architecture of Convolutional Neural

Networks for medical image segmentation.

2. To propose A Dual Convolutional Neural Network with U-Net and Multi-

Residual Network architecture for the segmentation of medical images.

3. To evaluate and validate the effectiveness of A Dual Convolutional Neural
Network with U-Net and Multi-Residual Network architecture on different
medical image datasets for segmentation by comparing the results with other

existing segmentation architectures.

1.5 RESEARCH HYPOTHESES

The hypothesis for this research is that the segmentation of medical images using A
Dual Convolutional Neural Network with U-Net and Multi-Residual Network can
segment medical images accurately and can outperform other convolutional neural

network segmentation architectures.

1.6 RESEARCH SIGNIFICANCE

Segmentation of medical images is a crucial step in many applications of the clinical
field, such as disease diagnosis and treatment planning. Various researchers have used
numerous techniques to improve the segmentation of medical images. However, due to
the complexity of medical images, the accurate segmentation of medical images
remains a challenging task. The significance of this research is to develop an
architecture, A Dual Convolutional Neural Network with U-Net and Multi-Residual
Network, for the segmentation of medical images. The optimized segmentation
architecture, A Dual Convolutional Neural Network with U-Net and Multi-Residual

Network, will improve the performance of segmentation for medical images.



This research aims to provide a more accurate segmentation for the medical
images. A Dual Convolutional Neural Network with U-Net and Multi-Residual
Network is proposed for the segmentation of medical images in this research. The
proposed architecture is optimized by using the two networks, U-Net and MultiRes U-
net. The optimized segmentation architecture for the medical images utilizes the atrous
spatial pyramid pooling (ASPP) with different dilation rates, which increases the
receptive field in order to acquire more information, also squeeze and excitation
attention mechanism is used to select the more useful information while ignoring the
irrelevant information. Data augmentation is also applied to the dataset, which helps to
improve the performance of the segmentation. Then the optimized segmentation
architecture is applied to the different datasets. The performance results are evaluated
in terms of the dice similarity coefficient, intersection over union, precision, and recall
and are compared with the existing architectures for the segmentation of medical
images. Overall, the findings demonstrate that the optimized architecture, A Dual
Convolutional Neural Network with U-Net and Multi-Residual Network, provides an
improvement for the segmentation of the medical image, indicating that the result is

promising.

1.7 RESEARCH SCOPE AND LIMITATION

This section explains the scope and limitations of the research on the development of

an optimized architecture for the segmentation of medical images.

The research is focused on the development of the optimized architecture, A
Dual Convolutional Neural Network with U-Net and Multi-Residual Network, to
improve the performance of the segmentation of medical images. The proposed
architecture for the medical image segmentation is optimized by the implementation of
the Resnet_50, Atrous Spatial Pyramid Pooling, Squeeze and Excitation, multires block,
and respath to improve the segmentation performance of the architecture. The optimized
architecture is trained and evaluated for the segmentation of different medical datasets.
In this research, the evaluation of the performance of the optimized architecture is
conducted by using the metrics: dice similarity coefficient, intersection over union,

precision, and recall.

The limitation of this research is listed below:
5



a) This research is limited to the evaluation of the optimized architecture on the
limited dataset because of the less availability of the medical image datasets.

b) The computational resources and the Graphics Processing Unit (GPU) memory

limit the research.

1.8 RESEARCH CONTRIBUTION

This research proposed an optimized architecture, A Dual Convolutional Neural
Network with U-Net and Multi-Residual Network, for the segmentation of medical
images using U-Net as a baseline architecture. The proposed segmentation architecture
utilizes two networks, the first network is U-Net, and the second network is MultiRes
U-Net. The architecture consists of two encoders and two decoders. The first network
in the proposed architecture contains a pre-trained Resnet-50 encoder, that has been
trained on ImageNet. The second network consists of the multires blocks and the
respath. Also, squeeze and excitation block and atrous spatial pyramid pooling (ASPP)

are used in both the networks of the proposed architecture.

The experiment is conducted on three different medical image datasets with a
variety of imaging modalities including the two publicly available datasets, the
gastrointestinal polyp dataset, and the brain tumor dataset. Furthermore, the third
dataset, dental images, is gathered from the Oral Radiology Unit. The datasets are pre-
processed before it is fed to the proposed architecture for segmentation. The dental
dataset is manually cropped and the binary mask for the ground truth is generated (see
section 3.2.2.2). Moreover, data augmentation is applied to all three datasets to increase

the training dataset.

The performance of the proposed segmentation architecture is evaluated using
metrics Dice Similarity Coefficient (DSC), Intersection over Union (IOU), precision,
and recall. Comparison is performed with the other segmentation architectures to
demonstrate that the proposed architecture, A Dual Convolutional Neural Network with
U-Net and Multi-Residual Network, performs better for the segmentation of medical

images.

The impact of this research lies in the performance achieved through the

optimized architecture, A Dual Convolutional Neural Network with U-Net and Multi-
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Residual Network. The optimized architecture is efficient in identifying fine details and
characteristics in medical images by using two networks, which results in more accurate
segmentation outcomes, providing medical professionals with better insights into
complex anatomical structures. The optimized architecture not only advances the
current state of the art in medical image segmentation but also provides insight for future

research in the field.

1.9 THESIS ORGANISATION

This thesis is divided into six chapters: introduction, literature review, methodology,
experimental design, experimental results, and conclusion and future work. Figure 1.1

illustrates the organization of the thesis.

CHAPTER 2 - LITERATURE REVIEW
Detailed understanding of the segmentation techniques for medical
images.

L 2

CHAPTER 3- METHODOLOGY
Covers the conceptual framework for research and conceptual design of
the architecture.

¥

CHAPTER 4 - EXPERIMENTAL DESIGN
Precisely describes the proposed architecture for segmentation of medical
images.

) 2

CHAPTER 5 - EXPERIMENTAL RESULTS
Evaluation and performance analysis of the proposed architecture

$

CHAPTER 6 - CONCLUSION AND FUTURE WORK
Discusses the findings of research and outline the future work.

Figure 1.1 Organization of the Thesis

Chapter Two provides an overview of the literature on the published

segmentation techniques. It discusses the work related to the segmentation of medical
7



images using deep neural networks and also explores work related to segmentation

techniques using the optimized algorithm by different researchers.

Chapter Three emphasizes the phases of the proposed methodology for the
research. It discusses the conceptual framework and conceptual design that is used to
develop an optimized architecture for the segmentation of medical images.

Chapter Four presents the experimental design of the proposed architecture for
the segmentation of medical images. Two networks, U-Net, and MultiRes U-Net, from
the proposed architecture are explained. The use of atrous spatial pyramid pooling
(ASPP), squeeze and excitation block, Multires block, and the res path in the proposed

architecture to achieve high performance for the segmentation of medical are explained.

Chapter Five reports the experimental results of the proposed architecture. It
includes the evaluation and performance analysis using metrics for the segmentation of
different medical datasets using the proposed architecture. Further, it illustrates the
comparison results of the proposed architecture to the benchmark architecture for the
segmentation of different medical datasets to prove the ability to generate better

segmentation results.

Chapter Six concludes the research by remarking on the process of developing
A Dual Convolutional Neural Network with U-Net and Multi-Residual Network for the
segmentation of medical images. It presents the conclusion of the thesis and possible

direction for future work.

1.10 CHAPTER SUMMARY

This chapter provides an overview of segmentation techniques for medical images.
Section 1.1 presents the background of the research. Section 1.2 explains the problem
statement. Research questions are mentioned in Section 1.3 and research objectives are
presented in Section 1.4. Section 1.5 shows the research hypotheses. Research
significance is illustrated in Section 1.6. The research scope and limitations of the
research are discussed in Section 1.7. Section 1.8 explains the contribution of the

research. The organization of the thesis is demonstrated in Section 1.9.



CHAPTER TWO
LITERATURE REVIEW

2.1 INTRODUCTION

Chapter 2 provides a depth of insight into the content of the segmentation techniques
for medical images using deep neural networks. This chapter illustrates a review of the
prior literature works related to deep neural networks for the segmentation of medical
images, along with existing gaps. This chapter is categorized into sections that discuss
medical images, image analysis, medical image segmentation, deep neural network,
convolutional neural network, and U-Net. In section 2.2, the chapter discusses the
information regarding medical images. This section presents the medical images used
in the published experiments for the segmentation. Section 2.3 explains the techniques
for image analysis. Section 2.4 illustrates literature regarding the image segmentation.
It gathers the work related to the segmentation of medical images. Deep learning
techniques for the segmentation of medical images are presented in section 2.5. Section
2.6 discusses the U-Net and work related to U-Net for the segmentation of medical
images. The research gap of the previous research is discussed in Section 2.7. Finally,

Section 2.8 presents the chapter summary.

2.2 MEDICAL IMAGES

Medical images play an essential role in monitoring and diagnosing the condition of the
patient’s health (Mehmood et al., 2019). Medical images such as X-Rays, Ultrasound
(US), Magnetic Resonance Imaging (MRI), Computed Tomography (CT) scans, and
Positron-emission Tomography (PET) (Anwar et al., 2018) are used for a visual
representation of the internal body for clinical studies, diagnosis, and treatment planning
(Mittal et al., 2020). Medical images contain rich features with high resolution, a
massive amount, and complex features (Bo et al., 2020). Medical images have been
used and stored continuously for diagnosis and research reasons (Sharma & Aggarwal,
2019).

In a previous study, Feng et al. (2023) used X-Ray images of sella turcica for

the segmentation. Ferl et al. (2022) used CT scans of the lungs for the segmentation of
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lung tumors. Hashem & Kamil (2022), used an X-Ray of the chest for the segmentation.
Chen et al. (2021) used CT images of abdominal organs and MRI images of the cardiac
diagnosis for the segmentation. Yousefirizi et al. (2021) used PET images for
oncological segmentation. Pasban et al. (2020) used an MRI of an infant's brain for the
segmentation. Yang et al. (2020) have used ultrasound for the segmentation of medical
images. Singh et al. (2020) used ultrasound for the segmentation of breast tumors. Seeja
& Suresh (2019) used dermoscopy images for the segmentation of skin cancer. Zhao et
al. (2018) used an MRI of the head and neck for the segmentation of cancerous lymph

nodes.

2.3 IMAGES ANALYSIS

Image analysis is a technique of acquiring information by the evaluation of objects in
an image. It is the procedure of extracting information from images. Image analysis has
become very useful for industrial and research purposes due to its capability for
processing digital images and objectively, analyze aspects such as size, color, distance,
and the number of particles without disturbing the sample, (Saarinen & Petterson,
2006). The various image processing techniques for image analysis are image pre-
processing, image compression, edge detection, and image segmentation (Muthuselvi
& Prabhu, 2017). The primary goal of image processing is to improve the quality of the
image and extract significant data from the images (Abubakar & Idris, 2020). Image
pre-processing is used to remove background noise to enhance data images prior to
computational processing. Image compression is a type of data compression that
decreases the redundancy of the image and stores or transmits data in a more efficient
manner (Muthuselvi & Prabhu, 2017). Edge detection is a technique that utilizes border
identification of connected objects or regions, and this is used to locate the discontinuity
of the object (Mohamed Y. Abdallah & Algahtani, 2019). Image segmentation is a
technique in which an image is partitioned into several segments, each of which

represents some type of information (W. Khan, 2014).

2.4 IMAGES SEGMENTATION

Image segmentation is an important step in image analysis. It is a fundamental stage to

analyze the images and extract data from them (S.Kannan et al., 2013). Image
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segmentation is a challenging and crucial phase in the processing of images for image
analysis. Segmentation techniques for images are improving more quickly and precisely
(X. Liu et al., 2021). Segmentation of images is a process that divides an image into
regions or segments which is used to locate boundaries and objects such as curves, and
lines in images (Abirami & Sheela, 2014). Segmentation of images is a procedure of
splitting an input image into various segments that have a strong association with the
region of interest (ROI) in the provided image (Malhotra et al., 2022). For image
segmentation, commonly used segmentation techniques are Threshold-based image
segmentation, Edge-based image segmentation, Region-based image segmentation,
(Shirly & Ramesh, 2019), and Deep Neural Network-based image segmentation
(Malhotra et al., 2022). In the threshold-based image segmentation technique, pixels
were assigned to distinct categories based on the range of values in which a certain pixel
resides. In the edge-based image segmentation technique, the pixels in an image are
classified as non-edge or edge according to the filter applied to an image. In the region-
based image segmentation technique, groups of pixels with different values and
adjacent pixels with similar values are separated (Malhotra et al., 2022). Deep Neural
Network-based techniques have helped to produce better and more efficient image
segmentation algorithms in the past few years, and it had attained remarkable accuracy

rates on several datasets (Malhotra et al., 2022).

2.4.1 Image Segmentation for Medical Images

The medical images need to pass a number of stages before the disease can be
diagnosed. In the beginning, the images must be collected, after that the preprocessing
is done and then the data is stored in memory. It needs enormous memory and
processing time. Processing of images is essential in medical domains in order to obtain
information about the images for analysis (Vardhana et al., 2018). Segmentation is a
crucial phase in medical images for analysis and interpretation (Gupta et al., 2018). The
domain of the analysis of medical images is growing, and the segmentation of
abnormalities, diseases, or organs in medical images has become challenging because
of the numerous artifacts present in the images (Malhotra et al., 2022). The intention of
image segmentation is to increase the quality of medical images (Merjulah & Chandra,
2017). Segmentation is used to detect and extract the feature areas in medical

images(Gupta et al., 2018). Image segmentation extracts features from medical images
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for better and more accurate medical diagnostics (Shirly & Ramesh, 2019). The goal of
the medical image segmentation is to present an image in a meaningful form in order to
identify the region of interest (ROI), examine the anatomy, analyze the volume of tissue
to determine the tumor and assist in deciding the dose of the medication and treatment
planning (Malhotra et al., 2022).

Hsiao et al. (2005) proposed an edge-based segmentation technique for images.
The segmentation is performed on different kinds of images. The input image for this
algorithm is a grey-level image. This segmentation algorithm for the images uses a
region-growing method with a morphological edge detector. Initially, images are
enhanced through the morphological closing operations to minimize noise while
improving the edge features of the grey-level image, and then the edge detection of the
image is performed by using the morphological dilation residue edge detector. Finally,
the region growing and region merging techniques are applied for the segmentation of
images into various segments. The edge-based image segmentation technique has the
drawback that noise can affect the performance and false edges could be present, which

adversely impact the results of segmentation (Shirly & Ramesh, 2019).

Wu et al. (2008) suggested a segmentation algorithm that employed a seeded
region growing (SRG) algorithm for the automatic organ segmentation of MR images
of the abdominal. They have tested this algorithm on 12 sets of 3D MR images of the
abdominal. Initially, they extract texture features in the Region of Interest (ROI) for
each pixel based on the homogeneity criteria. Co-occurrence and semivariogram are the
two texture features that have been analyzed. Co-occurrence is effective for biomedical
image processing, whereas a semi-variogram is a commonly used scale for geostatistics
dissimilarity. Then the automatic seeded region growing algorithm is applied to the
feature spaces. The cost function is decreased with three factors to calculate the seed.
The lower value is taken to acquire the threshold prior to the one producing an
‘explosion’. Few modifications are implemented to prevent over-segmentation, and
under-segmentation, and accelerate the evaluation. The algorithm of the seeded region

growing is then implemented and the extraction of the right kidney is in the experiment.

Taheri et al. (2010) proposed threshold-based image segmentation which
utilizes level sets for 3D segmentation of tumors in MR images of the brain. They

suggest a level-set method for the segmentation of 3D brain tumors that uses a speed
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function that will not involve calculating the density function and is achieved by
minimum user intervention. They have developed a speed function by using a threshold
value. The level set initialization has been used to calculate an initial threshold and then
it is modified sequentially during the segmentation process. When the tumor border is
reached, the threshold variance reduces due to the severity difference between non-
tumor and tumor, and then the procedure ends. The efficiency of this suggested
segmentation is superior when the degree of severity is greater between the non-tumor

and tumor region.

Li et al. (2011), proposed a region-basic algorithm for the segmentation of MR
images. In this proposed algorithm, the segmentation of the image is based on the
intensity inhomogeneity of the image. The level set function is determined by the local
intensity clustering property. The bias field and image domain partition are represented
by the level set function to illustrate the intensity inhomogeneity of the image. This
technique minimizes the level-set function in order to concurrently segment the image
and calculate the bias field. The calculated bias field is then employed for intensity
inhomogeneity correction. The disadvantage of a region-based technique for the
segmentation of images is that it is limited to use on closed boundaries, and there is the
possibility of under-segmentation and over-segmentation of the region (Shirly &
Ramesh, 2019).

Cao et al. (2016), proposed advanced segmentation algorithms for whole-heart
CT series images. They improve the two traditional segmentation algorithms; one
algorithm is region-based and another algorithm is edge-based segmentation and then
they apply these improved segmentation algorithms to the CT images of the whole
heart. This study has evaluated the algorithms for segmentation on three features:
performance of an algorithm, evaluation of segmentation results of medical images by
subjective evaluation, and Jaccard coefficient and Dice coefficient deviation method are
used to calculate the performance of segmentation. When these two advanced
algorithms for segmentation are compared to the results of manual segmentation, the
advanced segmentation algorithms demonstrate excellent performance in the accurate

segmentation of the CT sequence images of the whole heart.
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2.5 DEEP LEARNING FOR SEGMENTATION OF MEDICAL IMAGES

Recently, great progress has been achieved in the development of efficient and accurate
algorithms of machine learning to perform medical image segmentation (Seo et al.,
2020). A rapid increase in deep learning based methods has overwhelmed the machine
learning community (Ghosh et al., 2019). The capability of deep learning-based models
to automatically extract features from input data has significantly increased its
application in recent times. Deep learning techniques have generated promising
outcomes for several applications, including image classification and segmentation of
medical images (Ashkani Chenarlogh et al., 2022). Deep learning models have
demonstrated use in numerous image segmentation applications. The achievements and
the great performance of the deep learning algorithms are responsible for enormous
growth (Malhotra et al., 2022). Segmentation of images is effectively addressed by
different types of deep learning methods, including Artificial Neural Networks (ANNS),
Recurrent Neural Networks (RNNs), and Convolutional Neural Networks (CNNSs) (Seo
et al., 2020). CNN performs effectively on issues pertaining to biomedical images,
convolutions play a significant part in CNN's performance in image analysis procedures
such as classification and segmentation (Merjulah & Chandra, 2017).

2.5.1 Deep Neural Network

An Artificial Neural Network (ANN) is one of the algorithms of machine learning that
is influenced by the human brain that consists of layers with connected nodes. Although,
because of low computing power and inadequate learning data, an artificial neural
network has suffered from overfitting problems for training deep networks. Due to the
limitation of ANN, ANN is expanded to the Deep Neural Network (DNN) by building
multi-hidden layers between input and output with linked nodes (Kim et al., 2019). The
learning capability and structural complexity of deep neural networks have received
great attention for performance enhancement because of the multiple hidden layers and
ability to learn better features from image data which hence can respond well to actual-
world scenarios (Lau & Hann Lim, 2018). Figure 2.1 shows Artificial Neural Network
and Figure 2.2 shows Deep Neural Network.
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An output layer with 5 units

A hidden layer with 4 units

An input layer with 3 units

Figure 2.1 Artificial Neural Network
Source: (Abiodun et al., 2018)

Figure 2.1 shows an Artificial Neural Network, which has one input layer, one hidden
layer, and one output layer and it also shows all connections between the units in the
layers (Abiodun et al., 2018).

. hidden layer 1 hidden layer 2 hidden layer 3
input layer
i)

— — - —
———— - =

output layer

Figure 2.2 Deep Neural Network
Source: (Tripathi et al., 2017)
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Figure 2.2 demonstrates the architecture of a Deep Neural Network (DNN) with
several hidden layers. The Deep Neural Network in Figure 2.2 comprises an input layer,
an output layer, and three hidden layers, where the output from one layer acts as an

input for the next layer (Tripathi et al., 2017).

2.5.2 Convolutional Neural Network

A Convolutional Neural Network (CNN) is a branch of a deep neural network,
consisting of a sequence of layers performing a specific operation and each intermediate
layer receives the results of the previous layer as its input (Hesamian et al., 2019).
Convolutional Neural Network layers mainly consist of convolutional layers, pooling

layers, and fully connected layers (T. Guo et al., 2017) as shown in Figure 2.3.

C3 feature maps

C1feature maps S4 feature maps
Cs feature maps
Input S2 feature maps Output
Convolution Subsampling Convolution Subsampling Full connection

Full connection

Figure 2.3 Architecture of CNN
Source: (W. Liu et al., 2017)

A convolutional layer (c-layer) is the key component of Convolutional Neural
network architecture that performs the extraction of features (Yamashita et al., 2018).
The output of the layer is considered the feature map (Pai et al., 2017). A pooling layer
is often accompanied by convolutional layers. A pooling layer or subsampling layer (s-
layer) typically receives the input data from the feature map produced after the
convolution operation (W. Wang, Yang, et al., 2019). A pooling layer reduces the

number of parameters and also reduces the number of computations required for
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training the network (Murphy, 2016). The dimension of the feature map is reduced by
the pooling and it increases the effectiveness of the extraction of features (T. Guo et al.,
2017). The output of the last convolutional layer or pooling layer feature map gets
converted as a one-dimensional (1D) array (flattened) and is connected to one or more
fully connected layers where each input is connected with each output by a learnable
weight (Yamashita et al., 2018). The last fully connected layer is followed by an output
layer (T. Guo et al., 2017).

Convolutional Neural Network has various types of architectures in deep neural
networks. Some of the Convolutional Neural Network architectures are AlexNet, VGG,
ResNet, FCN, U-Net, and SegNet (Mittal et al., 2020). AlexNet, VGG, and ResNet are
considered to be the most common architecture that performs successfully for image

classification and image recognition tasks (A. Khan et al., 2020).

A Fully Convolutional Network (FCN) is a segmentation approach that allows
pixel-wise prediction based on the ground truth images. FCN extracts crucial feature
maps and restores those feature maps to the image labels. The ability of FCN to
represent features is the main reason for achieving success in object detection,
classification, and image segmentation. FCN will perform well only when a large
number of the training dataset is available. In the field of medical imaging, data
collection is expensive and is less available because of privacy and regulation concerns
(Lai et al., 2019). FCN provides less accurate results without enough training data (Bi
et al., 2018) and results in inaccurate segmentation for small organs (Hesamian et al.,
2019). So FCN is extended to U-Net to do segmentation on medical images that perform

well with comparatively less number of the training dataset (Lai et al., 2019).

SegNet is an efficient novel technique of a CNN architecture for the image
segmentation task (Ait Skourt et al., 2018). But U-Net shows a high speed of process
during the training phase (Pashaei et al., 2020). SegNet has lower learning performance
as compared to U-Net (Song et al., 2019). Kasar et al. (2021), compare the performance
of Segnet and U-Net for the segmentation task. The authors demonstrate that the U-Net
outperforms the SegNet. Another author, Vianna et al. (2021), performs the
segmentation using U-Net and SegNet. The authors present that U-Net performs better
than the SegNet for image segmentation. The U-Net architecture and its variants, an
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encoder-decoder based deep convolutional neural network, are widely employed to deal
with the segmentation tasks of medical images (Nie et al., 2022).

2.6 U-NET ARCHITECTURE

U-Net is one of the most popular Convolutional Neural Network architectures for
medical image segmentation tasks (Z. Zhang et al., 2020). U-Net network mainly
consists of a convolutional layer, upsampling (expensive path), downsampling
(contracting path), and activation function (Yang, Feng, et al., 2020). The architecture

of U-Net is shown in Figure 2.4.

64 64
128 64 64 2
input ¥
imefge > i > | OUIDUL
'] L .
. 4 segmentation
tile ¢ o o @
i 2l 8 8 8 map
N & s L =4 :j
a| o
N
0 L I
\J :
> > > >
) o)
AR E < 3
® 0 [vs)
(3" Ny o r
A bt bt s BTR% =»conv 3x3, RelLU
SH SN R = a5
A '~ = copy and crop
’ 12 512 024 512
i % > > § max pool 2x2
© 3§ o S 4 up-conv 2x2
> »>
S R % = conv 1x1
™ o~

Figure 2.4 Architecture of U-Net
Source: (Ronneberger et al., 2015)

In Figure 2.4 The U-Net architecture comprises a downsampling/ contracting
path (left side) and an upsampling/ expansive path (right side). The downsampling
consists of two 3x3 convolutional layers by two rectified linear unit (ReLU) activation
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functions and 2x2 max pooling. At pooling, the number of features doubles. The
bottleneck of the network is between downsampling and upsampling. It is made up of
two convolutional layers. The upsampling consists of 2x2 convolution (up-convolution)
that reduces the number of features, a concatenation with the correspondingly cropped
feature map from the downsampling path, and it contains two 3x3 convolution layer
followed by two ReLU activation functions. A 1x1 convolution layer is used in the final
layer to map each feature to the required number of classes (Ronneberger et al., 2015).
This architecture has gained a huge interest in the segmentation of medical images,
based on which several variants have been created (Hesamian et al., 2019). The
pseudocode for U-Net is shown in Pseudocode 1.

Pseudocode 1: Pseudocode for U-Net Architecture

# Import libraries
import tensorflow as tf

# Define the U-Net model
def unet_model{nput_shape=(height, width, channels)):

# Encoder (Contracting Path)

inputs = tf keras layers Input(shape=input_shape)
convl = convolution_block(inputs, 64)

conv2 = convolution block(convl, 128)

conv3 = convolution_block(conv2, 256)

conv4 = convolution_block(conv3, 512)

# Bottleneck
bottleneck = convolution_block(conv4, 1024)

# Decoder (Expansive Path)

upconvd = upconvolution_block(bottleneck, convd, 512)
upconv3 = upconvolution_block(upconv4, conv3, 256)
upconv2 = upconvolution_block{upconv3, conv2, 128)
upconv] = upconvolution block{upconv?, convl, 64)

# Output layer
outputs = tf keras layers. Conv2D(1, 1, activation="sigmod' ) upconvl)

# Create the model
model = tf keras models Model{inputs. outputs)
return model

# Define a convolution block

def convolution_block(x. filters):
conv = tf keras layers Conv2D(filters, (3, 3), activation="relv', padding="same")(x)
conv = tf keras layers Conv2D(filters, (3, 3), activation="relv', padding="same")(conv)
pool = tfkeras layers MaxPooling?DN(2, 2))(conv)
return pool

# Define an upconvolution block
def upconvolution_block(x, skip, filters):
upconv = tf keras layers. Conv2DTranspose(filters, (2, 2), strides=(2, 2), padding="same")(x)
concat = tf keras layers concatenate([upconv, skip], axis=1)
conv = convolution_block(concat, filters)
return conv

# Initialize the U-Net model
model = unet_model()

Pseudocode 1 Pseudocode for U-Net Architecture
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U-Net was particularly created for image segmentation tasks. U-Net is highly
utilized in the medical image industry and has gained widespread adoption as the main
tool for medical image segmentation (Siddique et al., 2021). Despite the fact that U-Net
has excelled in the segmentation of medical images (H. Wang et al., 2022), U-Net has
an overfitting problem (C. Guo et al., 2021; Ren et al., 2021), a vanishing gradient issue
(Y. Cao et al., 2020), a semantic gap between encoder and decoder (Amer et al., 2022)
and it has a small receptive field (Nie et al., 2022; Li et al., 2021; S. Wang et al., 2020;
J. Zhang et al., 2021). In order to prevent an overfitting problem, data augmentation
techniques can be applied to the dataset, and data augmentation helps to improve the
results of the segmentation (Malhotra et al., 2022; Rice et al., 2020; Altinsoy et al.,
2019). Residual blocks help to tackle the issue of vanishing gradient in the network
(Ashkani Chenarlogh et al., 2022; Alom et al., 2018; Gudhe et al., 2021; Amer et al.,
2022). Respath as a skip connection can solve the semantic gap between the encoder
and decoder by transmitting the features of the encoder through a series of convolutional
layers (Ibtehaz & Rahman, 2020; Gudhe et al., 2021). Atrous spatial pyramid pooling
(ASPP) with various dilation rates expands the receptive field in the network to extract
more information at different scales (L. Chen et al., 2018; L. Chenet al., 2017; Kiran et
al., 2022; Nie et al., 2022). The larger the receptive field, the higher segmentation

performance can be achieved (Nie et al., 2022).

MultiResUNet (Ibtehaz & Rahman, 2020) is one of the variants of U-Net,
developed for the segmentation of medical images. In MultiResUNet, Multi-res blocks
are used in the encoder and decoder part of the architecture, and the res-path is employed
as a skip connection to achieve the segmentation. Residual blocks assist in addressing
the network’s vanishing gradient problem. Res-path is used to decrease the semantic
gap between the encoder and decoder feature maps. Figure 2.5 demonstrates the
Multires block and Res-path of MultiResUNet.
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Figure 2.5 MultiresUNet: (a) Multires block (b) Res-path
Source: (Ibtehaz & Rahman, 2020)

Figure 2.5 shows the Multires block and Res-path in the MultiresUNet. The

Multires block in Figure 2.5 (a) uses a series of convolutional blocks. The output of the

three convolutional blocks is then concatenated to the spatial features at various scales.

Also, a residual connection of 1x1 convolutional layer is added to gather additional

spatial features. Figure 2.5 (b) shows the Res Path, there are 3x3 and 1x1 filters. Rather

than directly merging the feature maps of an encoder with the features of a decoder, the

encoder features are used to pass through a series of convolutional layers to reduce the

semantic gap between the encoder and decoder. Additionally, residual connections are

also added in the Res path to facilitate learning. The pseudocode for the Multi-Residual

block and Res Path is shown in Pseudocode 2 and Pseudocode 3 respectively.
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Pseudocode 2: Pseudocode for Multi-Residual Block

def mults_residual block(input features, filters):
# Input: input_features - Tensor from the previous layer
# filters - Number of filters for convolutional layers
# First convolution layer with 3x3 kernel size
convl = Conv2D(filters, (3, 3), activation=relu’, padding="same"}(input_features)
# Second convolution layer with 3x3 kernel size
conv? = Conv2D(filters, (3, 3), activation=Trelu’, padding="same"}(convl)
# Third convolution layer with 3x3 kernel size
conv3 = Conv2D(filters, (3, 3). activation=Trelu’, padding="same"}(conv2)
# Residual Path
residual path output = residual path(input_features, filters)
# Add the residual connection
multi_residual_output = add([residual path output, conv3])

return multi_residual _output

Pseudocode 2 Pseudocode for Multi-Residual Block

Pseudocode 3: Pseudocode for Res Path

def ResPath(input_layer. filters, length):
# input_layer - Input_features - Tensor from the previous layer

# filters - Number of filters in convolutional layers
# length -- Length of ResPath
# Create a shortcut connection
shortcut = input_layer
shortcut = Conv2D(filters. (1. 1). activation=None. padding="same")(shortcut)
shortcut = BatchNormalization{axis=3 )(shortcut)
# First convolutional block
output_layer = Conv2D(filters, (3, 3), activation="relu', padding="same")(input _laver)
output_layer = BatchNormalization(axis=3)(output_layer)
output_layer = add([shortcut, output_layer])
output_layer = Activation('relu’)(output_laver)
# Additional convelutional blocks based on the specified length
for 1 in range(length-1):
# Create a shortcut connection
shortcut = output_layer
shortcut = Conv2D(filters, (1. 1), activation=None, padding="same")(shortcut)
shortcut = BatchNormalization(axis=3)(shortcut)
# Convolutional block
output_layer = Conv2D(filters, (3, 3), activation="relu’, padding="same")(output_laver)
output_layer = BatchNormalization(axis=3 )(output_layer)
output_layer = add([shortcut, output_laver])
output_layer = Activation('relu’){output_laver)

return output_layer

Pseudocode 3 Pseudocode for Res Path
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Zhou et al. (2018), proposed a Nested U-NET architecture for the segmentation
of medical images. They implemented U-Net++ architecture for the medical image
segmentation based on nested and dense skip connections. The concept of their
architecture is to capture the fine-grained information about the objects in the
foreground effectively while the high-resolution feature maps of the encoder network
are slowly enriched before combining with the corresponding semantically rich features
of the decoder network. The U-Net++ was analyzed on four datasets of medical images,
that is colon polyp segmentation, lung nodule segmentation, liver segmentation, and
cell nuclei segmentation. This architecture takes the benefit of re-designed skip
pathways and deep supervision. The redesigned skip pathways are to reduce the
semantic gap in the feature maps of the encoder and the decoder, which results in easier
optimization problems to solve by the optimizer. Deep supervision allows more precise
segmentation, especially in the case of multiple-scale lesions. Their experiments have
shown that U-Net++ has obtained more 10U as compared to U-Net and wide U-Net.

Zafar et al. (2020), proposed an algorithm that combines two architectures which
are U-Net and ResNet for the segmentation of skin lesion images. The combination of
these two architectures is called Res-Unet. They perform segmentation on datasets of
Electron ISIC 2017 and PH2 datasets. Before giving input to the model they preprocess
the images using scaling, resizing, data centering, and hair removal techniques.
Morphological operations are applied to remove the noise. The design of the network is
based on both ResNet and U-net perspectives. The network operates in an encoder-
decoder form. The convolutional side, that is, the contracting path is based on the
architecture of ResNet, and the deconvolutional side, which is, the expansive path is
based on the pipeline of U-net. The architecture is trained for 100 epochs and data
augmentation is applied at runtime, which improves the efficiency of the model and
produces good segmentation results. However, this model is complex and takes more
time to train as compared to classical U-Net. This model achieved an 10U of 0.854 and

a dice similarity coefficient of 0.924.

Hoang et al. (2019), proposed a Convolutional Neural Network (CNN) for the
segmentation of CT images of the liver using data across multiple health clinics. They
examined three Convolutional Neural Network architectures identified as DRIU (Deep
retinal image understanding), V-Net, and FCN-CRF (conditional random field) for the
segmentation of the liver. The performance of CNNs was evaluated on the basis of the
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Hausdorff distance, false-positive rate, Dice score, and mean surface distance. Their
result indicates that these three Convolutional Neural network architectures obtain an
overall mean dice score of more than 90 percent for contrast-enhanced liver CT images.
It showed that CNN-based segmentation for the liver CT images achieves good
performance. However, non-contrast-enhanced and low-dose liver CT image

segmentation remains an issue.

Habijan et al. (2019), proposed a 3D U-Net architecture of the Convolutional
Neural Network (CNN) method for the segmentation of the whole heart. They have
used two convolutional neural networks based on 3D U-Net architecture, one
architecture is used to locate the bounding box all over the heart, and the other
architecture is used for segmentation. The analysis of their proposed method is carried
out on 20 2D CT images. The dataset of 20 2D CT is divided into two sets which consist
of 15 training images and 5 validation images. The 3D U-Net architecture comprises
two parts: one is a contracting encoder part and the other is the consecutive expanding
decoder part. The task of the contracting encoder part is to examine the entire image
and the task of the decoder part is to generate segmentation in high resolution. Due to
the less number of datasets, the data augmentation process is used to maximize the
number of data for the training which improves the performance. The dice coefficient
is utilized during training for calculating the performance of the model. They achieved

a mean dice score of 89% for the segmentation of the whole heart.

W. Wang, Chen, et al. (2019), have developed a model using coordination-
guided deep neural networks for the automatic segmentation of pulmonary lobes using
chest CT images. They use automatic segmentation of the lung CT images to extract the
lung region and then implement a volumetric convolutional neural network (V-net) for
the segmentation of the pulmonary lobe. The performance was evaluated on four
different datasets by various measuring parameters. Experimental results indicate the

high efficiency of the suggested method compared to previous state-of-the-art methods.

Zhou et al. (2019), developed a segmentation architecture for the medical image
dataset. The U-net architecture is used as a baseline and has used a nested and dense
skip connection for the segmentation. This architecture is evaluated for segmentation
on the six different medical images. The segmentation architecture does not explore
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sufficient information from the full scale. It has a low robustness performance in

learning about the location and boundary of the organs (Qian & Zhou, 2022).

Ait Skourt et al. (2018), proposed a deep learning algorithm using U-NET
architecture for the segmentation of lung CT images. The dataset they used for the
experiment contains thoracic computed tomography (CT) scans of diagnostic and lung
cancer with highlighted-up illustrated lesions. Before the experiment was performed,
for the ground truth, manual segmentation of lung parenchyma was provided. After
manual segmentation, cropping of images is done to eliminate the details that are not
for their field of analysis. The performance of architecture was calculated by using the
dice coefficient index used for the calculation of similarity. They obtain a dice-

coefficient measure of 0.9502 for effective segmentation.

P. Wang et al. (2018), proposed a Convolutional Neural Network (CNN) method
for the automatic segmentation of two-dimensional (2D) brain ventricles ultrasound
(US) scans. In this method, they use the combination of SegNet and U-Net architecture
for the ventricle segmentation. They select randomly test set and training set from the
sample data set of 687; 50 random samples for test data and 637 for training data. The
model has been trained for 100 epochs to make sure that the loss function converges.
The segmentation performance is measured by the Dice coefficient, pixel wise accuracy
(Pixel Acc.), and Intersection over Union (loU) that is, they obtain performance
0.908+0.053, 84.84+0.078, and 92.14+0.063 respectively.

S. Wang et al. (2017), proposed the segmentation of lung nodules using a multi-
view convolutional neural network. Their network architecture comprises three
convolutional neural network branches, each of which has seven stacked layers and
accepts multi-scale nodule patches as input. Their network can segment CT images of
lung nodules without any shape hypotheses or modifications with the user-interactive
parameter, and it learns differential nodule sensitive features automatically from a huge
number of image data. They perform segmentation on 393 nodules and calculate the
performance by the Average Surface Distance (ASD) and the Dice similarity coefficient
(DSC). They obtain DSC =77.67% and ASD = 0.24.

J. L. Wang et al. (2020), proposed U-net and curriculum learning strategy using
a multi-task semi-supervised attention-based model for the segmentation of Intracranial

Hemorrhage (ICH) CT scans. Their model worked with both a small labeled dataset as

25



well as a large labeled dataset. This semi-supervised model achieved a Dice coefficient
of 0.67 when trained with 80% of the ground truth dataset. The problem with this model

was the incapability to segment smaller regions.

Y. Cao et al. (2020), developed an architecture for segmentation that uses the
advantages of U-Net and DenseNet. The architecture is built from the contracting path,
expanding path, and dense block. The convolutional layers have been replaced by the
dense blocks to prevent the problem of vanishing gradient. The architecture is evaluated
on the electron microscopy (EM) of the neuron dataset. Data augmentation was also
applied to the dataset. The result shows poor performance for the segmentation of

images with complex backgrounds (X. Huang et al., 2023).

H. Huang et al. (2020), developed a full-scale connected U-Net architecture for
the segmentation of medical images. The architecture takes advantage of deep
supervision and full-scale skip connections. It combines the features of multi-scale by
skip connection re-designing. The evaluation of the architecture is demonstrated on two
datasets, that are, liver and spleen datasets. The experimental results demonstrate that it
does not have robust segmentation performance on the small region of interest when the
number of datasets is small (Qian & Zhou, 2022).

Cherguif et al. (2019), proposed a deep convolution network based on the U-Net
model for the segmentation of brain tumors. They test and evaluate the method on an
image dataset produced by Multimodal Brain Tumor Image Segmentation (BRATS)
2017. They evaluate the performance of segmentation for the tumor region using the
Dice Similarity Coefficient (DSC). The Dice similarity coefficient achieved for this
model is 0.81. This model does not give any information on convergence, so the cross-

entropy error gives a regular learning error.

Ibtehaz & Rahman (2020), developed a novel architecture for the segmentation
of medical images. Multi-res blocks are applied in the encoder and decoder part and the
res-path is used as a skip connection to obtain the segmentation. Res-path is used to
decrease the semantic gap between the encoder and decoder feature maps. Various
medical datasets with different modalities are used for the segmentation. The datasets
have different sizes, which are then resized for the input image. The results are
compared with the U-Net architecture. U-Net tends to under-segment and over-

segment. The experimental results of the developed architecture show that where the
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boundaries of medical data are not clear, the segmentation results are influenced (Lou
etal., 2021).

Jha et al. (2020), developed an Unet-based architecture for medical image
segmentation. Two U-Net architectures are combined, in which the first U-Net employs
the pre-trained VGG-19 as an encoder. The architecture concatenates two encoder-
decoder networks. Atrous Spatial Pyramid Pooling (ASPP) is used between the encoder
and decoder of both U-Net. Squeeze and Excitation block is also used in the network.
The architecture is evaluated on four publicly available datasets. Data augmentation has
been performed on the dataset to improve performance. The evaluation metrics used to
evaluate the architecture are Dice Similarity Coefficient (DSC), Intersection over Union
(I0U), Precision, and Recall. This architecture performs significantly better for
segmentation when compared to U-Net. The result performance illustrates that the
segmentation technique has robust for the cutting of boundary areas of images (C.
Huang et al., 2021).

Sathananthavathi & Indumathi (2021), proposed a U-Net based architecture for
the segmentation of retinal blood vessels. The encoder part of the architecture is
improved by the encoder enhanced atrous. The enhanced encoder is improved by the
depth concentration process with the additional layers. In this architecture, all the
convolutions are replaced by the atrous convolution that helps to increase the receptive
field. It consists of contraction and expansion paths. The contraction and the expansion
path are asymmetric. The contraction path has five blocks of an encoder, batch
normalization, pooling, and Relu activation function, and each stage contains two atrous
convolutions. The encoder part contains two additional layers which improve the
extraction of edge information. This architecture is evaluated on the dataset that is
publicly available. The dice coefficient, accuracy, specification, and sensitivity metrics

are utilized to evaluate the performance of the architecture.

Lou et al. (2021), developed a novel U-Net-like architecture for the
segmentation of medical images. Res-path is used in the architecture, and also dual
channel model is used for the segmentation. Three different datasets are used for the
segmentation. The dataset includes Infrared breast images, electron microscopy of the
ventral nerve cord, and endoscopy images of polyps. The architecture is compared with
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the MultiResNet and classic U-Net. The performance is evaluated by the Tanimoto

accuracy metrics.

Liang et al. (2023), proposed an architecture based on U-Net for the
segmentation of lung and liver datasets. The dual encoder is employed to increase the
depth of the network and enhance the ability to extract more context features. The dual
encoder model is enhanced with the Squeeze and Excitation block to extract the
channel-level global features. Additionally, full-scale connections have been included,
which encourages the combination of high-level semantic information with low-level
details. Dilated convolution is also used to extract the feature maps. A large receptive
field can be obtained by the use of dilated convolution. The use of dilated convolution
improves the effect of segmentation and recognition of small objects. The performance

of the architecture is evaluated by dice coefficient, F1 score, precision, and recall.

Jin et al. (2022), proposed an architecture for the segmentation of MR images
of the brain tumor. This architecture combines multi dense encoder with U-Net. The
encoder part includes a dense block, convolution layers, and transition. In this
architecture dense block is used instead of skip connections. It concatenates all the
features in an encoder part and passes it to the decoder part. The encoder part and
decoder part are symmetric. The size of the feature maps is not changed by the dense
block but doubles the channel and the feature maps learned by various layers are
concatenated. The output feature is passed to the decoder and transition layers. In the
encoder part, the transition layer gets dense block feature maps and the size of the
feature maps is reduced. The performance of this architecture for the segmentation is

evaluated by IOU metrics.

Ahmad et al. (2021), proposed an architecture based on a multi-scale hierarchy
for the segmentation of brain tumor MRI. In this architecture, a hierarchical block is
included between the encoder and decoder part for obtaining and combining features to
acquire multi-scale information. Densely connected blocks are used in the architecture.
Residual- Inception blocks are utilized to get full contextual information. This
architecture is implemented on four MICCAI datasets. The performance is measured by

the dice similarity coefficient metrics.
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Table 2.1 illustrates the research work performed on deep learning Architectures
for medical image segmentation. It presents the architecture used for the segmentation,

segmentation part, medical image modality, and evaluation metrics.

Table 2.1 Articles Used Deep Learning Architectures for the Segmentation of Medical

Images
Author/Year Architecture Segmentation Evaluation
Part/ Image | Metrics
Modality
(Liang et al., 2023) Dual encoder | Lung and liver, | Dice coefficient,

model based on U- | CT images F1 score, precision,
Net and recall
(Jinetal., 2022) Multi dense | Brain tumor, Intersection  over
encoder with U- ; Union
MR images
Net
(Ahmad et al., 2021) | Multi-scale Brain tumor, Dice similarity
hierarchical-based ! coefficient
MR images
architecture
(Sathananthavathi & | Encoder enhanced | Retinal blood | Dice similarity
Indumathi, 2021) atrous U-Net vessel images coefficient,
accuracy,
specification, and
sensitivity
(Lou et al., 2021) Novel U-Net-like | Infrared  breast | Tanimoto accuracy
architecture images,
Ventral nerve
cord electron

microscopy, and

Polyps
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endoscopy

images
(J. L. Wang et al., | U-net and | Intracranial Dice and jaccard
2020) curriculum Hemorrhage coefficient
learning strategy (ICH),
CT scans
(Zafar et al., 2020) Combines  U-Net | skin lesion, | Intersection  over
and ResNet dermoscopy Union and Dice
Images similarity
coefficient
(Jha et al., 2020) Combines two U- | Polyps, Intersection  over
Net architectures : . Union, Dice
Skin lesions,
Similarity
Nuclei images Coefficient
Recall, and
Precision
(Ibtehaz & Rahman, | MultiResUNet Nuclei Intersection  over

2020)

fluorescence
microscopy

image,

Electron

Microscopy,

Skin lesion
dermoscopy

images,

Polyps
colonoscopy

images

Union
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(H. Huang et al.,
2020)

Full-scale
connected U-Net

Liver CT scan,

Spleen CT scan

Dice Coefficient

(Cherguif et al., | Deep convolution | Brain tumor, Dice similarity

2019) network based on . coefficient
MR images

U-Net
(W. Wang, Chen, et | Volumetric Pulmonary lobes, | Dice similarity
al., 2019) convolutional chest CT images | coefficient

neural network (V-

net)

(Habijan et al., 2019) | U-Net Whole heart, | Dice similarity
cardiac CT | coefficient
angiography

(Hoang et al., 2019) | CNN: FCN-CRF, | Liver, Dice similarity

DRIU, and V-net i coefficient
CT images

(Zhou et al., 2019) ventral nerve | Dice similarity
cord electron | coefficient and
microscopy, Intersection  over
Cell-CT scan, Unien
nuclei

fluorescence

images,
Brain MR,
Liver CT scan,

Lung nodule CT

Scan
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Convolutional

(Zhou et al., 2018) UNet++ (nested U- | colon polyp- | Intersection  over
Net) microscopy, Union
lung nodule-
RGB image,
liver-CT scan,
and cell nuclei-
CT scan
(Ait Skourt et al., | U-Net Lung, Dice similarity
2018) thoracic cT coefficient
scans
(P. Wang etal., 2018) | Based on a | Brain ventricles, | Intersection  over

ultrasound (US)

Union (loUV), Dice

Neural ~ Network | scans coefficient,  and
(CNN), combines pixel-wise
of U-Net and accuracy
SegNet
(S. Wangetal., 2017) | Deep Lung Nodule, Dice similarity
Convolutional CT sean coefficient and
Neural Networks Average  Surface
Distance

Table 2.1 shows the previous studies and the deep learning architectures used

for the segmentation of medical images, part of segmentation, and medical image

modality, and metrics used to evaluate the architecture are also presented.

2.7 RESEARCH GAPS

Accurate segmentation of medical images has several obstacles, involving the difficulty

of representing different objects of interest, and noise present in the medical images.
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The fundamental segmentation architectures for medical images are insufficient for
complicated target segmentation among several medical image types (Ashkani
Chenarlogh et al., 2022). This section discusses the previous Convolutional Neural
network architectures for the selected articles and the gaps. The previous research that
has been conducted on optimizing Convolutional Neural network segmentation
techniques for medical images is summarized in Table 2.2 and also illustrates the

advantages and disadvantages.

Table 2.2 Summary of Previous Research with Advantages and Disadvantages

Previous Segmentation Advantages Disadvantages

Research Technique

(Xuetal., 2023) | Improved U-Net | Effective Less performance
3+ segmentation on a small dataset

performance  and

feature  extraction

with fewer
parameters
(Q. Zhang et al., | Improved U-Net Improves the | The dataset is
2021) segmentation small, contains only
quality 22 images, and is
from a single
source
(Ibtehaz & | MultiResUNet Multires block and | The results of the
Rahman, 2020) res path are utilized | segmentation  get

to improve the | influenced if the

segmentation of | boundaries of the

medical images medical image are
not clear
(H. Huang et al., | full-scale The use of full-scale | It does not have
2020) connected U-Net skip  connections | robust
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and deep
supervision delivers
a more accurate

segmentation

segmentation

performance on the
small region of
interest when the

number of datasets

is small
(Y. Cao et al, | DenseUNet Takes advantage of | The result shows
2020) U-Net and | poor performance
DenseNet,  which | for the
helps to boost the | segmentation  of
segmentation images with
performance. complex
Data augmentation | backgrounds
is also applied to the
dataset to improve
performance
(J. L. Wang et al., | U-Net and | Uses a multi-task | Incapability to
2020) curriculum attention segment small
learning strategy mechanism to focus | region
on specific features,
and separate the
image’s foreground
and background
(Chietal., 2020) | U-Net A dense connection | Nodule with low
is used to avoid | contrast and
feature vanishing, | unclear region is

which improves the
efficiency of
segmentation.
Multi-resolution
feature

concatenation and

not detected.

Nodule on the edge
can not be
distinguished from

the outer region
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multi-scale pooling

are used for the
classification
(Zhou et al., | UNet++ Nested structure and | Low robustness
2019) re-designed  skip | performance in
connections  show | learning about the
significantly location and
improved boundary of the
performance over | organs
U-Net.
(W. Wang, Chen, | Volumetric Additional feature | Only used thin

etal., 2019)

convolutional

neural network

maps are generated
to reduce

misclassification

slices of CT images

(Hoang et
2019)

al.,

CNN: FCN-CRF,
DRIU, and VV-net

Evaluates three
CNN maodels for the
CT

segmentation of the

image

liver from multiple

site datasets

The
that

result shows
segmentation
for low-dose and
non-contrast-
enhanced is not
solved and remains

an issue.

(Chunran &
Yuanyuan, 2018)

FCN

Accepts any size of

input images

Less visible
speculation is
absent.
The

speculation is

low-intensity

difficult to extract
after the

improvement
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The literature review of the selected previous research is presented in Table 2.2
for the segmentation of medical images. The disadvantage of each technique is
represented which shows the low performance of the segmentation for the medical
images. Previous studies (Xu et al., 2023; Huang et al., 2020; J. L. Wang et al., 2020)
demonstrate that the segmentation techniques have low performance when the number
of datasets is small. Zhou et al. (2019), show significant segmentation performance but
have low robustness performance in learning about the location and boundary of the
region of interest. Studies (Ibtehaz & Rahman, 2020; Chi et al., 2020) show that
performance gets influenced by unclear boundaries and unclear regions. Y. Cao et al.
(2020), improve the segmentation performance for medical images but it shows poor
segmentation performance for images with complex backgrounds. Other previous
studies presented in Table 2.2 show the gaps in the optimized techniques used for the

segmentation of medical images.

2.8 CHAPTER SUMMARY

This chapter presented the literature review on the existing segmentation techniques.
The aim to review the literature is to understand the previous studies used for the
segmentation of medical images. Section 2.2 provides information regarding the
medical images. Section 2.3 and Section 2.4 provide the details of image analysis and
image segmentation respectively. Deep learning for the segmentation of the medical
images is explained in Section 2.5. U-Net and different variants using U-Net as a
baseline architecture are presented in section 2.6, also the architecture, segmentation
part, modality used for the medical image, and metrics used to evaluate the architecture
are shown in this section. Section 2.7 shows the research gap findings of the selected
previous studies, in this section advantages and disadvantages of the optimized

segmentation technique for medical images of selected previous studies are presented.
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CHAPTER THREE
RESEARCH METHODOLOGY

3.1 INTRODUCTION

This chapter describes the methodology that is implemented to conduct the research for
this thesis. The general layout of this chapter is presented as follows: section 3.2
explains the research methodology, and section 3.3 presents the research map which
illustrates the mapping between research questions, research objectives, and research

methodology.

3.2 RESEARCH METHODOLOGY

The intention of this research is to develop A Dual Convolutional Neural Network with
U-Net and Multi-Residual Network for the segmentation of medical images. The design
of the research methodology is categorized into the following phases: research design,
data collection, design of proposed architecture, evaluation and comparison of the
algorithm, and documentation. Figure 3.1 briefly emphasizes the phases of how the

proposed research is fulfilled.

Five phases are involved in the research methodology. The first phase
concentrates on the review of the literature. Data collection and data pre-processing are
discussed in the second phase. Architecture development is described in the third phase.
The performance analysis of the developed architecture is discussed in the fourth phase.

Finally, the research findings are documented and presented in phase five.
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Review the Literature Identify Problem

Phase One

Literature
Review

Data Collection Data Pre-processing

Phase Two

Data
Processing

Develop A Dual Convolutional
Neural Network with U-Net and

Multi-Residual Network

Phase Three

Architecture
Development

Documentation on
Research Findings

Phase Four
Performance )
Evaluation — Compare the Algorithm Performance
Analysis
Phase Five

Documentation

Figure 3.1 Research Methodology Phases

3.2.1 Phase One - Literature Review

The first phase is to review and analyze the earlier studies that are examined using

queries ‘image segmentation’, ‘medical images’, ‘deep learning’, and ‘convolutional

neural network’. A literature review is essential to recognize the problem statement and

identify the techniques that have been applied. According to the literature review, a

convolutional neural network has been widely employed for the segmentation of

medical images. This phase covers the basic knowledge of image segmentation and

enables the identification of the numerous techniques and architectures of image
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segmentation and their advantages and disadvantages that are proposed to optimize the

convolutional neural network.

3.2.2 Phase Two — Data Processing

This phase describes the data processing for this research, including data collection and
pre-processing. Three different types of medical image datasets are collected:

Gastrointestinal Polyp dataset, Brain tumor dataset, and Dental dataset.

3.2.2.1 Data Collection

3.2.2.1.1 Gastrointestinal Polyp Dataset

A gastrointestinal polyp image dataset is collected from the open access ‘Kvasir-SEG

dataset https://datasets.simula.no/kvasir-seg/’. These images in the dataset were

gathered and validated by professional gastroenterologists from the vestre viken health

trust in Norway.

39


https://datasets.simula.no/kvasir-seg/

Polyp Image Ground Truth

Figure 3.2 Example of Gastrointestinal Polyp Images and Corresponding Ground
Truth

40



The dataset of gastrointestinal polyps from Kvasir-SEG consists of 1000 images
and 1000 corresponding ground truth images. The ground truth is the mask of the region
of interest (ROI) in the image; the ROI in the gastrointestinal dataset is a polyp in the
image. Figure 3.2 depicts an example of a gastrointestinal polyp dataset from the
Kvasir-SEG dataset. The resolution of the images in the dataset of Kvasir-SEG ranges
from 332x487 to 1920x1072 pixels. As seen in Figure 3.2, the white mask in the
foreground represents the region of interest (ROI) pixels indicating polyp tissue,

whereas the black in the background does not have any positive pixels.

3.2.2.1.2 Brain Tumor Dataset

The dataset of brain tumor is gathered from https://figshare.com/. It is an open-access
dataset, available publicly at
https://figshare.com/articles/dataset/brain_tumor_dataset/1512427. The dataset of brain
tumors contains contrast-enhanced MRI (CE-MRI), consisting of 3,064 images and
3,064 corresponding ground truths. The dataset has three types of brain tumors from
233 patients, comprising 1426 gliomas, 708 meningiomas, and 903 pituitary tumors.
The tumor boundary was marked manually by the radiologists to produce the binary
image of the tumor mask. The images in the brain tumor dataset have a resolution of
512x512. An example of a brain tumor dataset containing images and corresponding

ground truth is shown in Figure 3.3.
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Brain Tumor Image Ground Truth

Figure 3.3 Example of Brain Tumor Images and Corresponding Ground Truth



3.2.2.1.3 Dental Dataset

The dental dataset is collected from the Oral Radiology Unit, Kulliyah of Dentistry,
International Islamic University Malaysia (The dental dataset was approved by the
International Islamic University Malaysia Research Ethics Committee, approval no.
(UM IREC 2022-152)). The dental dataset contains cone beam computed tomography
(CBCT) images of dental radiolucent lesions of 28 patients. The dental dataset includes
409 images and 409 corresponding ground truths. The lesions are marked by the
experienced radiologist to generate the binary image for the ground truth. The
dimension of the images in the dental dataset varies. An example of the dental dataset

is illustrated in Figure 3.4.

Figure 3.4 (a)
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Figure 3.4 (b)

Figure 3.4 Example of Dental Dataset: (a) Images and (b) Corresponding Ground
Truth

3.2.2.2 Data Pre-processing

After the collection of the data, pre-processing of the dataset is done. Pre-processing the
dataset is crucial before the data is fed to the architecture. The ground truth is checked
for each image for all three datasets. As illustrated in Figure 3.4, the dental dataset
provided contains many slices of images in one image. So, the dental dataset images are
cropped manually to get the individual slice of images and ground truth. After the
images are cropped into separate pieces, binary masks are generated for the ground
truth. The pseudocode to generate the binary mask from the image is presented in
Algorithm 1. Figure 3.5 depicts the example of a cropped image and the corresponding

ground truth from the dental dataset.
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Algorithm 1: Pseudocode for conversion of image to mask

Input: RGB image, border image
Output: Binary mask image

1. Begmn

Subtract the border image from the input image.

(]

3. Subtract the border image from the result of step 2.

Apply a Gaussian blur,

Threshold the image using a value of 0.8.

Copy the resulting image to a new variable called mask.

Sum the values of the mask across the color channels and compare to a threshold of 760.

Threshold the resulting 1mage with a value of 0.5.

Return the resulting binary mask image.

10. End

Algorithm 1 Pseudocode for Converting Image to Mask
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Ground

Dental Image Truth

Figure 3.5 Example of Cropped Images and Corresponding Ground Truth of Dental

Dataset

After checking the images and the corresponding ground truth, the images in all
three datasets are then resized to 256x256 for the computational constraints. The
collected datasets are categorized into three sections: training set, validation set, and
testing set. The training set is data that is used to train the model. The model learns from
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the training set of data. The validation set is data employed during the training process
to evaluate the performance of the model on a separate set of data that it has not been
trained on. The validation set is utilized to evaluate after each epoch of training to tune
hyperparameters like the learning rate and prevent overfitting. The testing set is data
employed to evaluate the final performance of the model on the unseen dataset after

training.

The gastrointestinal polyp dataset is divided into 80% training set (800 images),
10% validation set (100 images), and 10% testing set (100 images). The brain tumor
dataset is split into an 80% training set (2,452 images), a 10 % validation set (306
images), and a 10 % testing set (306 images). The dental dataset is also divided into an
80% training set (329 images), a 10% validation set (40 images), and a 10% testing set
(40 images). After splitting the datasets into the train, valid, and test sets, data
augmentation is implemented on the training set to increase the number of data for
training that improves the performance. The data augmentation increases the
gastrointestinal polyp training set (800 images) up to 13,600 images. After applying
data augmentation, the brain tumor training dataset (2,452 images) is increased to
36,780 images. The dental training dataset (329 images) is also increased to 4,935
images by applying data augmentation. The augmentations used to increase the training
set are center crop, crop, random rotation 90-degree, elastic transform, transpose, grid
distortion, optical distortion, grayscale, vertical flip, horizontal flip, random brightness
contrast, random gamma, huesaturationvalue, RGBshift, random brightness, random
contrast. Figure 3.6 presents an example of image augmentation applied to the training

dataset.
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Figure 3.6 (a)
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Figure 3.6 (c)

Figure 3.6 Example of Image Augmentation (a) Brain Dataset, (b) Dental Dataset, ()
Gastrointestinal Poly Dataset

The center crop is an augmentation technique used to crop the central area of
the image. The crop data augmentation technique is used to crop the images into a
particular dimension. In Figure 3.6, the top part of the image is cropped. Random
rotation 90 degrees rotates the image randomly by 90 degrees. Transpose augmentation
flips an image along its diagonal axis. Elastic transform is an augmentation technique
used in image processing to create a new image sample by deforming the image. The

grid distortion technique distorts the image by moving grids of pixels around. In grid
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distortion, a grid of control points is defined on the image, and the position of these
control points is randomly shifted. The image is then distorted based on the movement
of these control points, resulting in a transformed image that is similar to the original
image but with some distortion. The optical distortion augmentation technique distorts
certain elements in the image that simulates the effect of the optical element on the
image. Vertical flip augmentation flips the image vertically around the x-axis. The
horizontal flip augmentation technique flips the image horizontally around the y-axis.
The grayscale augmentation technique converts an image to a single channel that is a
grayscale image. Randombrightnesscontrast allows changing the contrast and
brightness of the image randomly. Randomgamma is a technique that controls the
brightness and intensity of the image. Huesaturationvalue is an augmentation technique
that represents the color of an image based on the hue, saturation, and value. It allows
random value adjustment for hue, saturation, and value from a particular range of
values. Rgbshift randomly shifts the value of the red, green, and blue channels of the
image. Random brightness and random contrast randomly adjust the brightness and the

contrast of the image, respectively.

3.2.3 Phase Three - Architecture Development

This phase presents the architecture development of A Dual Convolutional Neural
Network with U-Net and Multi-Residual Network for the segmentation of medical
images. A Dual Convolutional Neural Network with U-Net and Multi-Residual
Network is built using two networks. The first network is U-Net, which utilizes pre-
trained Resnet-50 as an encoder part, and Squeeze and Excitation block. In addition,
Atrous Spatial Pyramid Pooling (ASPP) is used as a bridge between the encoder and
decoder. The decoder part in the first network is built from scratch. The second network
is Multi-Res U-net, in which Multi-Residual Network (multi-resnet) block is used in
both the encoder part and the decoder part, and a squeeze and excitation block is also
used in the second network. In addition, Atrous Spatial Pyramid Pooling (ASPP) is
utilized as a bridge between the encoder and decoder in Multi-Res U-net. Figure 3.7
illustrates the flowchart of the proposed architecture, A Dual Convolutional Neural
Network with U-Net and Multi-Residual Network for the segmentation of medical

images.
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Figure 3.7 Flowchart of A Dual Convolutional Neural Network with U-Net and Multi-

Residual Network
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In Figure 3.7, the medical image as input is fed to the first network (U-Net) of
the architecture, resulting in the generation of the predicted mask (segmentation output
1). The output from the first network serves as the input for the second network
(MultiRes U-Net). The second network generates another segmentation mask
(segmentation output 2). Finally, outputl and output2 are concatenated to generate the
final segmentation output. The development of the architecture of A Dual
Convolutional Neural Network with U-Net and Multi-Residual Network is explained in

detail in Chapter Four.

3.2.4 Phase Four — Performance Analysis

This phase includes performance analysis of A Dual Convolutional Neural Network
with U-Net and Multi-Residual Network. This research examines the performance of A
Dual Convolutional Neural Network with U-Net and Multi-Residual Network, FCN,
Unet_Resnet, and U-Net architectures. After performance analysis, a comparison is
conducted between the U-Net, FCN, Unet_Resnet, and A Dual Convolutional Neural
Network with U-Net and Multi-Residual Network to analyze which algorithm performs

best for the segmentation of medical images (see section 5.5).

The performance of A Dual Convolutional Neural Network with U-Net and Multi-
Residual Network for the segmentation of medical images is evaluated using the metrics
of Intersection over Union (IOU), Dice Similarity Coefficient (DSC), Precision, and
Recall (see section 5.4), which is explained in detail in Chapter Five.

3.2.5 Phase Five - Documentation

In this phase, the results of the proposed architecture and existing architectures for
medical image segmentation, performance analysis, and comparison of results are
documented. The achievement and the performance of the proposed architecture, A
Dual Convolutional Neural Network with U-Net and Multi-Residual Network, are

compared and explained in Chapter Five.
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3.3 RESEARCH MAP

This section presents a comprehensive mapping between the formulated research
questions, established research objectives, and the selected research methodology. The
research map serves as a visual guide, offering a clear depiction of the alignment and
interconnection among these critical components. Figure 3.8 below provides a visual
representation that explains the connections between research questions, research

objectives, and research methodology in this research.
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Figure 3.8 Research Map
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3.4 CHAPTER SUMMARY

The research methodology for this thesis is represented in this chapter. Each phase of
methodology for this research that is utilized to develop A Dual Convolutional Neural
Network with U-Net and Multi-Residual Network for the segmentation of medical
images is explained. The literature review, data processing, architecture development,
performance analysis, and documentation are discussed in this chapter. Furthermore,
this chapter illustrates the mapping between research questions, research objectives, and
research methodology. In chapter four, the proposed architecture, A Dual Convolutional
Neural Network with U-Net and Multi-Residual Network, will be discussed for the

medical image segmentation.
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CHAPTER FOUR
EXPERIMENTAL DESIGN

4.1 INTRODUCTION

The experimental design of the proposed architecture, A Dual Convolutional Neural
Network with U-Net and Multi-Residual Network, for the segmentation of medical
images is presented in this chapter. This chapter explains all blocks involved in the
proposed architecture and illustrates the pseudocode for each block. In this chapter,
Section 4.2 explains the design of the proposed architecture. Sub-sections of Section
4.2 present all the blocks used to develop a proposed architecture, A Dual Convolutional
Neural Network with U-Net and Multi-Residual Network. The summary of this chapter

is provided in Section 4.3.

4.2 DESIGN OF PROPOSED ARCHITECTURE

In this research, A Dual Convolutional Neural Network with U-Net and Multi-Residual
Network architecture is proposed for the segmentation of medical images. Figure 4.1
illustrates the proposed architecture, A Dual Convolutional Neural Network with U-Net
and Multi-Residual Network. The architecture of A Dual Convolutional Neural
Network with U-Net and Multi-Residual Network consists of two networks: the first
network is the U-Net, and the second network is the MultiRes U-Net.
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Figure 4.1 Architecture of A Dual Convolutional Neural Network with U-Net and Multi-Residual Network




Figure 4.1 presents the architecture of A Dual Convolutional Neural Network
with U-Net and Multi-Residual Network, in which the first network U-Net utilizes the
pre-trained Resnet_50 as an encoder, and the second network, MultiRes U-Net utilizes
the multires block and res path. The U-Net and MultiRes U-Net of the proposed
architecture comprises an encoder, decoder, and ASPP blocks. This section explains all
the blocks of U-Net and MultiRes U-Net of the proposed architecture of A Dual
Convolutional Neural Network with U-Net and Multi-Residual Network.

4.2.1 Encoder-Decoder Block

The encoder in the network serves as a feature extractor that extracts the relevant
features from the input image through a sequence of encoder blocks. The decoder takes
the extracted features from the encoder and constructs a segmentation mask. The
encoder and decoder are connected via a bridge. The encoder receives the input and
passes it through the entire encoder network, where the number of filters increases, and
the spatial dimension is reduced by half. While in the decoder network, the number of

filters decreases, and the feature map is upsampled by factor 2.

4.2.2 Encoder in First Network (U-Net)

In A Dual Convolutional Neural Network with U-Net and Multi-Residual Network,
RESNET 50 is utilized as a pre-trained encoder in the first network, U-Net, that has
already been trained to learn features from ImageNet and could be applied to another
task in order to expedite model development. The pseudocode for the encoder in the
first network, U-Net, is shown in Algorithm 2.

58



Algorithm 2: Pseudocode for Encoder in First Network

Input: Tensor, input tensor to the encoder
QOutput: Output: tensor, output tensor of the encoder

skip connections: list, list of tensors representing the outputs of layers in the ResNet50 model

1. skip connections = empty list

2. model = ResNet50 model with inputs

3. names = list of strings containing the names of the layers ["mput 1", "convl _relu",

"conv2 block3 out”, "conv3 blockd out"]

for name in names do
layer output = output tensor of the layer in model with name=name
append layer_output to skip_connections

end for

output = output tensor of the laver in model with name="conv4 blocké out"

b A T

return output. skip_connections

Algorithm 2 Pseudocode for Encoder in First Network

Algorithm 2 explains the pseudocode for the encoder in the first network (U-
Net), in which pre-trained RESNET_50 is used as an encoder. It returns the output
tensor of the layer which is a feature map for the next block and it also returns the skip

connection which is used by the decoder block.

4.2.3 Atrous Spatial Pyramid Pooling (ASPP)

The encoder is connected to the decoder via an Atrous Spatial Pyramid Pooling bridge.
A Dual Convolutional Neural Network with U-Net and Multi-Residual Network utilizes
the advantage of Atrous Spatial Pyramid Pooling (ASPP). In ASPP, parallel atrous
convolution layers are used with different dilation rates that increase the receptive field

to capture multiscale information. The atrous convolution can store more information
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about the image to increase the accuracy of segmentation. Atrous convolution is defined
in Equation 4-1

Equation 4-1

Where y[i] is the output of the pixel whose index is i, k is the location index in
kernels, r is the dilation rate that determines the size of convolution kernels, and w is
filters with weight. Atrous convolution allows to adjust the field of view of a filter by

changing the value of the dilation rate. The structure of ASPP is illustrated in Figure 4.2
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Figure 4.2 Atrous Spatial Pyramid Pooling (ASPP)




The ASPP structure consists of four parallel atrous convolutions that have
different atrous rates. It includes one 1x1 convolution, and three 3x3 convolutions with
6, 12, and 18 dilation rates, respectively, followed by the batch normalization (BN) and
rectified linear unit (ReLU) activation function. Average pooling is also used. The
resulting features from each branch are upsampled bilinearly to the size of the input and
then the concatenation is implemented and then it is passed through further 1x1
convolution. ASPP is applied to the feature map generated by the encoder part, and the
resultant feature map from the ASPP is given to the decoder part. The pseudocode for
ASPP is depicted in Algorithm 3.

Algorithm 3: Pseudocode for Artous Spatial Pyramid Pooling (ASPP)

Input:

X: tensor, input tensor to the ASPP block

filter: int, number of filters in the convolutional layers (default=256)
Output:

y: tensor, output tensor of the ASPP block

shape = shape of x

y1 = Average Pooling 2D of x with pool size=(shape[1], shape[2])

y1 = Conv2D layer with filter filters, kernel size=1, and same padding of y1

y1 = Batch Normalization and ReLU activation of y1

y1 =UpSampling 2D of y| with size=(shape[1], shape[2]) and bilinear interpolation

y2 = Conv2D layer with filter filters, kernel size=I, dilation rate=1, same padding, and

No bias of x

7. y2 =Batch Normalization and Rel.U activation of y2

8. y3=Conv2D layer with filter filters, kernel size=3, dilation rate=6, same padding, and
no bias of x

9. y3=Batch Normalization and ReL.U activation of y3

10. y4 = Conv2D layer with filter filters, kernel size=3, dilation rate=12, same padding, and
no bias of x

I1. y4 =Batch Normalization and ReL.U activation of y4

12. y5=Conv2D layer with filter filters, kernel size=3, dilation rate=18, same padding, and
no bias of x

13. y5=Batch Normalization and ReLU activation of y5

14. y= Concatenate tensors y1, y2, y3, y4, and y5 along the channel axis

15. y=Conv2D layer with filter filters, kernel size=1, dilation rate=1, same padding, and no

bias of y
16. y=Batch Normalization and ReLU activation of y
17. returny

S o

Algorithm 3 Pseudocode for ASPP
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Algorithm 3 presents the pseudocode for Atrous Spatial Pyramid Pooling. It acts
as a connection between the encoder part and the decoder part. The input of the ASPP
is the feature map from the encoder block and the output of the ASPP is the feature map
which is fed to the decoder block. The different dilation rates 6, 12, and 18 are used in

Aspp as shown in Algorithm 3.

4.2.4 Decoder in First Network (U-Net)

In A Dual Convolutional Neural Network with U-Net and Multi-Residual Network
architecture, each block in the decoder conducts a 2x2 bilinear upsampling on the
feature maps of the input, which increases the dimension of the input feature maps. The
decoder block in the first network, U-Net, is illustrated in Figure 4.3.
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Upsampling

F 3

Concatenation

I
'

Conv2D (3%3)

BN + ReLU

Conv2D (3%3)

BN+ RelLU

Figure 4.3 Decoder Block in the First Network
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The architecture of the decoder in the first network of A Dual Convolutional
Neural Network with U-Net and Multi-Residual Network is the same as basic U-Net,
except squeeze and excitation block is used, and also, bilinear upsampling is used
instead of transpose convolution. It utilizes the feature maps of skip connection from
the encoder (RESNET_50) of the first network. Skip connection skips some layers and
transfers the output of one layer to the subsequent layers as the input (instead of only
the next one). Skip connection enables the transfer feature map from the encoder block
to the corresponding layers in the decoder block. These skip connections allow the
network to retrieve the spatial information lost due to pooling operations. In the decoder
of the first network, the decoder block performs upsampling on the input feature maps,
and a skip connection from the pre-trained RESNET_50 encoder is used. After the
upsampling in the decoder of the first network, concatenate is applied to the appropriate

skip connection from the encoder of the first network to the output feature maps.

After concatenation, it is followed by a convolution block which includes two
3x3 convolution operations, and each convolution operation is then followed by batch
normalization (BN) and the ReLU activation function. A convolution block is used to
extract the features from the input. After that, the squeeze and excitation (SE) block
(explained in 4.2.4.1) is used in the decoder. Figure 4.4 shows the convolution block
with squeeze and excitation (SE) block. The pseudocode for the convolution block is

illustrated in Algorithm 4.
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Figure 4.4 Convolution Block

Algorithm 4: Pseudocode for Convolution Block (conv-Block)

Input:

x: tensor, input tensor to the Conv-Block

filters: int, number of filters in each convolutional layer
Output:

x: tensor, output tensor of the Conv-Block

1. x=Convolutional layer with filters, 3x3 kernel size, and "same" padding of x
. x = Batch Normalization layer of x
. x=ReLU activation layer of x
. x = Convolutional layer with filters, 3x3 kernel size, and "same" padding of x

. x = ReLU activation layer of x
. x= Squeeze-and-Excite Block of x Algorithm 6 section 4.2.4.1

2
3
4
5. x = Batch Normalization layer of x
6
7
8. return x

Algorithm 4 Pseudocode for Convolutional Block

65



The pseudocode of the convolutional block is shown in Algorithm 4, which
includes two 3x3 convolutional layers, each convolutional layer is then followed by the
batch normalization (BN) and ReL U activation function, and after that, the Squeeze and

Excitation block follows.

The pseudocode for the decoder of the first network (U-Net) is illustrated in
Algorithm 5.

Algorithm 5: Pseudocode for Decoder in First Network

Input:

inputs: tensor, input tensor to the Decoder

skip connections: list of tensors, list of skip connections from the Encoder
Output:

x: tensor, output tensor of the Decoder

1. num_filters = list of integers [256, 128, 64, 32]

| ]

. skip_connections.reverse()

. X=inputs

. for i=0to length of num_filters - 1 do

x = UpSampling2D with scale (2, 2) and interpolation "bilinear” applied to x
x = Concatenate of x and skip connections[i]

x =conv_block(x, num _filters[i]) Algorithm 4

I T = NV S

return x

Algorithm 5 Pseudocode for Decoder

In Algorithm 5, the pseudocode for the decoder in the first network is
demonstrated. The algorithm shows that the input for the decoder block is the tensor
from the previous block and it has skip connections from the encoder block of the first
network (U-Net).

66



4.2.4.1 Squeeze and Excitation (SE) Block

Squeeze and Excitation (SE) is a channel-wise attention mechanism that calibrates each
channel independently, which improves the performance of the network. The squeeze
and excitation attention mechanism adds a parameter to each channel that rescales them
independently, so it becomes more sensitive towards significant features while ignoring

the irrelevant features. Figure 4.5 shows the squeeze and excitation block.
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Figure 4.5 Squeeze and Excitation Block

The squeeze and excitation block are comprised of three components: Squeeze,

Excitation, and Scaling.

Squeeze operation extracts the global information of the feature map from each

channel. The feature map is the convolution layer’s output of size:
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BXHXWXC

Where B is the batch size, H is the height of the feature map, W is the width of

the feature map, and C is the number of channels in the feature map.

In Squeeze, the pooling operation is used to decrease the spatial dimension of
the feature map. Global Average Pooling (GAP) is used in squeeze operation to reduce
the feature map BxHxWxC to Bx1x1xC.

Now the feature map is decomposed to a smaller dimension (Bx1x1xC). The
size HxW of each channel is reduced to a singular vector. In the Excitation operation, a
bottleneck structure fully connected Multi-layer Perceptron (MLA) is used. Multi-layer
perceptron generates the weights that are used to scale each channel of the feature map.

Input
Vector

Output
Vector

Hidden
Vector

Figure 4.6 Multi-layer Perceptron (MLP)

Figure 4.6 shows the Multi-layer Perceptron (MLP), which includes input,
output, and hidden layers. The hidden layer is utilized to reduce the number of features
determined by the reduction factor r. The dimensionality of the feature map at each layer
of the Multi-Layer Perceptron (MLP) is:
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i.  The shape of the input is (Bx1x1xC), which is reduced to BxC. Thus, in the

input layer, there is C number of neurons.

ii.  The hidden layer reduces the number of neurons by the reduction factor r. As a

result, the hidden layer contains a C/r number of neurons.

ili. ~ The number of neurons is increased back in the output layer to the same

dimension as the input, that is, C number of neurons.

Basically, the MLP receives (Bx1x1xC) as an input and returns the same

dimension as an output (Bx1x1xC).

In scaling operation, after obtaining the excited tensor (Bx1x1xC) from the
excited operation, a sigmoid activation function is then applied to the excited tensor. An
activation function sigmoid converts the value of the tensor in the range of 0 and 1.
After that, the element-wise multiplication is carried out between the input feature map
and the output of the sigmoid activation function. If the value is close to 0, that means
the channel is less important, and the feature channel’s value will be reduced. On the
other hand, if the value is close to 1, then the feature channel is crucial. The pseudocode

for squeeze and excitation is depicted in Algorithm 6.

Algorithm 6: Pseudocode for Squeeze-and-Excite Block (SE-Block)

Input:

inputs: tensor, input tensor to the SE-Block

ratio: int, reduction ratio for the SE-Block (default=8)
Output:

x: tensor, output tensor of the SE-Block

init = inputs

channel axis=-1

filters = shape of init along channel axis

se_shape = (1. 1, filters)

se = Global Average Pooling 2D of init

se = Reshape se shape of se

se = Dense layer with filters//ratio units and ReL.U activation, with no bias

se = Dense layer with filters units and sigmoid activation, with no bias

I R S

x = Multiply element-wise of inputs and se

—
=]

. return x

Algorithm 6 Pseudocode for Squeeze and Excitation
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4.2.5 Encoder in Second Network (MultiRes U-Net)

The encoder in the second network, MultiRes U-Net, in A Dual Convolutional Neural
Network with U-Net and Multi-Residual Network consists of a Multires block and Res

path.

4.2.5.1 Multires Block

Multires block contains the features from the DenseNet and ResNet. In addition,
squeeze and excitation block is also added in the Multires block in the second network.
The Multires block is illustrated in Figure 4.7
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Figure 4.7 Multires Block
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Multires block consists of a sequence of three 3x3 convolutional layers. These
three convolutional layers are followed by batch normalization (BN) and the ReLU
activation function. The output of these three 3x3 convolutional layers is concatenated,
which is the feature of DenseNet. Multires block also contains shortcut connection or
residual connection, which is the feature of ResNet. It performs an element-wise
addition of the input and the concatenation feature. It is then followed by the ReLU
activation function and squeeze and excitation block. The pseudocode for the Multires

block is shown in Algorithm 7.

Algorithm 7: Pseudocode for Multires Block

Input:

X: tensor, input tensor to the Multires-Block

num _filters: int, number of filters for the Multires-Block

alpha: float, scaling factor for the number of filters (default=1.67)
Output:

X: tensor, output tensor of the MultiRes Block

W =num filters * alpha
x0=x
x1 = Conv2D layer with int(W*0.167) filters and 3x3 kernel applied to x0
x2 = Conv2D layer with int(W*0.333) filters and 3x3 kernel applied to x1
x3 = Conv2D layer with int(W*0.5) filters and 3x3 kernel applied to x2
xc = Concatenate x1, x2, and x3 along channel axis
xc = BatchNormalization layer applied to xc
nf = int(W*0.167) + int(W*0.333) + int(W*0.5)
sc = Conv2D layer with nf filters and 1x1 kernel applied to x0, with no activation function
x = Element-wise addition of xc and sc
x = ReLU activation function applied to x
x = BatchNormalization layer applied to x
x = Squeeze-and-Excite Block applied to x
return X

e A R

—_—
—_—

—_ = =
= W

Algorithm 7 Pseudocode for Multires Block
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Algorithm 7 shows the pseudocode for Multires Block. The three 3x3
convolutional layers are followed by batch normalization and the ReLU activation
function. The output of these three 3x3 convolutional layers is concatenated. Shortcut
connection or residual connection in Algorithm 7 uses the 1x1 convolutional layer,
having no activation function. It performs an elementwise addition of the input and the
concatenation feature. It is followed later by the ReLU activation function, as well as

the squeeze and excitation block.

4.2.5.2 Res Path

In Multires U-Net, the second network of the proposed architecture, A Dual
Convolutional Neural Network with U-Net and Multi-Residual Network, the skip
connection is changed to res path. Res path is used in between the encoder and the
decoder of the second network. Res path reduces the semantic gap between the encoder
and the decoder features. The features of the encoder are passed through a sequence of

res path, and then the res path’s output is concatenated with the features of the decoder.
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Figure 4.8 Res Path
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Figure 4.8 shows the Res path. The Res path takes the input that is features from
the encoder and passes it through the convolutional layer of 3x3 filters followed by
batch normalization and is accompanied by the residual connection of 1x1 convolution,
which is also followed by batch normalization. The features of these 3x3 convolution
and 1x1 convolution are added, and then it is followed later by the ReLU activation
function. The pseudocode for the Res path is illustrated in Algorithm 8.

Algorithm 8: Pseudocode for Res Path Block

Input:
x: tensor, mput tensor to the residual path function
num_filters: int, number of filters to be used in convolution layers

length: int. number of convolution layers in the residual path function
Output:
x: tensor, output tensor of the ResPath Block

1. for 1 inrange length do

2 =x

3. x1 = convolution layer with num _filters filters, kernel size of 3, no activation
4, se = convolution layer with num_filters filters, kernel size of 1, no activation
5. x = element-wise addition of x1 and se

6. x =ReLU activation function applied to x

7. x = Batch Normalization applied to x

8. end for

9. return x

Algorithm 8 Pseudocode for Res Path

In Algorithm 8 pseudocode for Res Path is presented, which has two

convolutional layers: 3x3 convolutional layer and also 1x1 convolutional with no
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activation function, followed by batch normalization. An elementwise addiction is
performed between the two of these convolutional layers. After that, the activation

function ReLU is applied in the Res Path.

The encoder of the second network, Multires U-Net, of A Dual Convolutional
Neural Network with U-Net and Multi-Residual Network is depicted in Figure 4.9.

Input

Multires Block | _
| ConvaD (3x3)

MaxPool
N — w 4 S

l Output \ Output

Figure 4.9 Encoder Block in Second Network

The encoder in the second network of A Dual Convolutional Neural Network
with U-Net and Multi-Residual Network is built from scratch, the input is passed
through the Multires block, and the output of the Multires block is then followed by the
Maxpooling with a pooling size of 2x2, where the spatial dimension (height and width)
of the feature maps is decreased by half. The output from the Multires block also passes
through the res path, which serves as a skip connection for the associated decoder block.
The pseudocode for the encoder in the second network is illustrated in Algorithm 9.
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Algorithm 9: Pseudocode for Encoder in Second Network

Input:

inputs: tensor, input tensor for the encoder

Outpaut:

b2

o e e

x: tensor, output tensor of the encoder

skip connections: list of tensors, skip connections for the decoder

num_filters = list of ntegers, the number of filters for each convolutional layer [32, 64,
128, 256]
skip_connections = empty list
X = inputs
for 1 in range length of num_filters:
x = call multires block with input x and number of filters num_filters[i]
s = call res_path with input x, number of filters num_filters[1], and index of
previous num _filters[i-1]
append s to skip_connections
x = MaxPool2D layer with (2,2) pool size applied fo x

return x, skip_connections

Algorithm 9 Pseudocode for Encoder in Second Network

The pseudocode of the encoder in the second network illustrated in Algorithm 9
uses the input feature map from the previous block (which is the feature map of the
elementwise multiplication between the output block and input from the first network).
The output of the encoder is the feature map to the ASPP and the skip connection which
is used by the decoder in the second network.

The encoder of the second network is connected to the decoder of the second

network through an Atrous Spatial Pyramid Pooling bridge (ASPP) explained in section
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4.2.6 Decoder in Second Network (MultiRes U-Net)

In the proposed architecture, A Dual Convolutional Neural Network with U-Net and
Multi-Residual Network, the decoder block in the second network, MultiRes U-Net,
performs a 2x2 bi-linear up-sampling on the input feature maps, which increases the
dimension of the feature maps of the input. Furthermore, the decoder in MultiRes U-
Net of the proposed architecture uses skip connection from both encoders, skip
connection 1 from the first network’s encoder and skip connection 2 from the second
network’s encoder, which retains the spatial resolution and improves the quality of the
feature maps of the output. The decoder in the second network is shown in Figure 4.10.

Input Skip Connection 1 Skip Connection 2

Upsample

Concatenate

F 9

Multires block

Output

Figure 4.10 Decoder in the Second Network
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After the concatenation of the upsampled feature map with the output of the two
skip connections, skip connection 1 and skip connection 2, in the decoder of the second
network of the proposed architecture, it is then followed by the Multires block
(mentioned in section 4.2.5.1). In the decoder of the second network, squeeze and
excitation block (discussed in section 4.2.4.1) is also used. Finally, the output block
consists of a 1x1 convolution layer, which is then followed by a sigmoid activation
function, that is used to generate the mask for the network. Algorithm 10 illustrates the
pseudocode for the output block, and Algorithm 11 presents the pseudocode for the

decoder.

Algorithm 10: Psendocode for Output Block

Input:

inputs: tensor, input tensor to the Output Block
Output:

x: tensor, output tensor of the Output Block

1. x=Convolutional layer with I filter, 1x1 kernel size and inputs
2. x= Sigmoid activation function of x

3. retum x

Algorithm 10 Pseudocode for Output Block

In Algorithm 10 Pseudocode for Output Block is shown, which uses the 1x1
convolution layer and then followed by the sigmoid function.
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Algorithm 11: Pseudocode for Decoder in Second Network

Input:
nputs: tensor, input tensor to the decoder
skip 1: list of tensors, skip connections from the first network’s Encoder
skip 2: list of tensors, skip connections from the second network’s Encoder
Qutpaut:
x: tensor, output tensor of the decoder

1. num filters = list of integers [256, 128, 64, 32]

2

skip 2.reverse()

X = inputs

for each fin num_filters do the following
x = Upsampling2D with bilinear interpolation of size (2,2) applied to x
x = Concatenate along the channel axis of x, skip 1[1] and skip 2[i]

x = multires_block with f filters applied to x

e A -

return x

Algorithm 11 Pseudocode for Decoder in Second Network

In Algorithm 11, the pseudocode of the decoder block in the second network is
presented, it conducts a 2x2 bilinear upsampling on the input feature maps. And, also it
uses skip connection from both encoders, skip connection 1 from the first network’s

encoder, and skip connection 2 from the second network’s encoder.

The proposed architecture, A Dual Convolutional Neural Network with U-Net
and Multi-Residual Network, shown in Figure 4.1, has two networks: the first network
is U-Net which has pre-trained resnet-50 as an encoder, and the second network is
MultiRes U-net. Squeeze and Excitation block is employed in the encoder part of the
second network and in the decoder part of both networks, U-Net and MultiRes U-net, it
minimizes the redundant information and transmits the curial information.
Furthermore, Atrous Spatial Pyramid Pooling (ASPP) serves as a bridge between the

encoder block and decoder block in both networks, it helps to extract high-quality
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feature maps that lead to superior performance. The pseudocode of the method for the
proposed architecture, A Dual Convolutional Neural Network with U-Net and Multi-
Residual Network, is illustrated in Algorithm 12.

Algorithm 12: Psendocode of the Method for the Proposed Architecture

Input:

mput_shape: tuple, shape of the input tensor
Output:

model: a Keras model object

1. inputs = Input layer with input _shape

[

x, skip_1 = encoder from first network(inputs)

3. x=ASPP layer with 64 filters

x = decoderl(x, skip 1)

output] = output_block layer with x as input (output from first network)
x = inputs element-wise multiplied by outputl

x. skip_2 = encoder from second network(x)

x = ASPP layer with 64 filters

o = e

9. x=decoder2(x, skip_1, skip 2)

10. output2 = output_block layer with x as input (output from second network)
11. final output = Concatenate layer with outputl and output2 as inputs

12. model = Model with inputs and outputs as arguments

13. return model

Algorithm 12 Pseudocode of the Method for the Proposed Architecture

In the first network of the proposed architecture, A Dual Convolutional Neural
Network with U-Net and Multi-Residual Network, an input image is fed to U-Net with
Resnet_50 as an encoder that produces a predicted mask (outputl). After that, the
multiplication is applied to the predicted mask (outputl) and the input image, which

serves as an input for the MultiRes U-net (second network) that generates another
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predicted mask (output2). Finally, outputl and output2 are concatenated to get the final
output that produces a better mask.

4.3 CHAPTER SUMMARY

This chapter illustrates the proposed architecture for the segmentation of medical
images. Section 4.2 shows the design of the proposed architecture, A Dual
Convolutional Neural Network with U-Net and Multi-Residual Network. This chapter
presents all the blocks used in the proposed architecture and the pseudocode. The
proposed architecture consists of two networks, first network, U-Net, which uses pre-
trained RESNET _50 as an encoder, is explained in section 4.2.2. ASPP in section 4.2.3
is used as a bridge between the encoder and the decoder in the first network. The
decoder for the first network is explained in section 4.2.4. The squeeze and excitation
block specified in section 4.2.4.1 is implemented in the decoder. In the proposed
architecture’s second network, MultiRes U-Net, the encoder mentioned in section 4.2.5
consists of the Multires block explained in section 4.2.5.1 and the res path described in
section 4.2.5.2. ASPP is used between the encoder and decoder of the second network.
The Decoder block for the second network is explained in section 4.2.6. Squeeze and

Excitation block is also applied in the second network's encoder and decoder block.
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CHAPTER FIVE
ANALYSIS OF RESULTS

5.1 INTRODUCTION

In this chapter, the experimental results of the proposed architecture, A Dual
Convolutional Neural Network with U-Net and Multi-Residual Network, are explained
here to show that the predicted segmentation mask achieved from the proposed
architecture is more accurate. The performance of the proposed architecture, A Dual
Convolutional Neural Network with U-Net and Multi-Residual Network (explained in
Chapter Four) for the segmentation of medical image datasets mentioned in Chapter
Three is evaluated in terms of Intersection Over Union (IOU), Dice Similarity
Coefficient (DSC), Precision, and Recall. The performance is then compared to the
existing architectures: FCN, U-Net, and Unet_Resnet for the segmentation. This chapter
is divided into five sections. 5.2 Section discusses the experimental environment of the
dataset used to perform the segmentation. 5.3 Section explains the evaluation metrics.
The experimental results of A Dual Convolutional Neural Network with U-Net and
Multi-Residual Network for the segmentation of different medical image datasets are
stated in Section 5.4. Section 5.5 states the comparison results between the proposed
architecture and the other existing architecture. Lastly, section 5.6 provides an overview
of Chapter 5 of this thesis.

5.2 EXPERIMENTAL ENVIRONMENT

As stated in Chapter Three, three different datasets of medical images: Gastrointestinal
Polyp dataset, Brain tumor dataset, and Dental dataset are collected for the segmentation
(see section 3.2.2). The datasets contain the original images and the corresponding
ground truth. These three datasets of medical images used for the experiment have
different modalities and sizes. The input images are resized to reduce the computation
time. The modality and body parts of the medical dataset, number of images in the

dataset, size of the images, and input size of the image are illustrated in Table 5.1.
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Table 5.1 Summary of Medical Image Dataset Used in the Experiment

] No. of | . Input  Size
Body Part Modality Size )
Images (Resize)
Gastrointestinal Colonoscopy | 1000 varies 256*256
Brain CE-MRI 3064 512*512 256*256
Dental CBCT 409 varies 256*256

All three datasets used in the experiment are divided into a training set, testing

set, and validation set. Data augmentation is applied to a training set of all three medical

datasets to increase the data for training that improves the performance. Figure 5.1

shows the sample of all the datasets used. All the input datasets of medical images are

in JPG format with the “.jpg’ extension.

(©)
Figure 5.1 Original Images (a) Gastrointestinal Colonoscopy (b) Brain MRI and (c)
Dental CBCT

(b)
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5.3 EVALUATION METRICS

The performance of A Dual Convolutional Neural Network with U-Net and Multi-
Residual Network is evaluated based on the Intersection over Union (IOU), Dice
Similarity Coefficient (DSC), Recall, and Precision. All these metrics are evaluated for
the segmentation of all three different medical datasets: the Gastrointestinal Polyp

dataset, the Dental dataset, and the Brain tumor dataset.

Dice Similarity Coefficient (DSC) is utilized to measure the similarity between
the ground truth mask and the predicted mask. Dice Similarity Coefficient (DSC)
calculates similar pixels in the predicted mask and the ground truth and multiplies it by
2, and then it is divided by the total number of pixels present in the predicted mask and
ground truth. The expression of DSC is described in Equation 5-1

2% [XNY]

DSC =
|X| + Y]

Equation 5-1

Where X denotes the predicted mask, Y denotes the ground truth, and N is the
intersection. |XNY| represents common pixels between the predicted mask and ground
truth, |X| and |Y| represents all the pixels in the predicted mask and ground truth

respectively.

Intersection Over Union (IOU), which is also referred to as the Jaccard index,
measures the overlap between the predicted mask and the ground truth. Intersection
Over Union (I0U) is the region of overlap between the predicted mask and the ground
truth and is divided by the region of union between the predicted mask and the ground
truth. The expression of Intersection Over Union (10U) is illustrated in Equation 5-2

_lxny| |XNY]|
T IXUY| O X+ Y= ]XnY]

10U

Equation 5-2

In Equation 5-2, X denotes the predicted mask, Y represents the ground truth, U

is the union, and N is the intersection.

Precision and recall metrics are represented in the following terms:
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e True positive (TP) represents that both the ground truth and the predicted mask

are true.

e True Negative (TN) represents that both the ground truth and the predicted mask
are false.

e False positive (FP) represents that the ground truth is false, but the predicted

mask is true.

e False negative (FN) represents that the ground truth is true, but the predicted
mask is false.

The confusion matrix to interpret the precision and recall is demonstrated in
Table 5.2

Table 5.2 Confusion Matrix

GROUND TRUTH
POSITIVE NEGATIVE
PREDICTED | POSITIVE TRUE POSITIVE | FALSE POSITIVE

NEGATIVE FALSE NEGATIVE | TRUE NEGATIVE
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Precision is a metric that measures the positive predictions that are truly
positive; that is, out of all the positive predictions, how many percent are true positive

predictions? Precision is calculated by using the formula presented in Equation 5-3

TP _ TRUE POSITIVE

PRECISION = 7pFp = “PREDICTIONS

Equation 5-3

A recall is employed to measure the true positive rate; that is, out of all actual
positives, how many percentages are true positive predictions? A recall is calculated by

using the formula presented in Equation 5-4

TP TRUE POSITIVE

RECALL = Z5=FN = CROUND TRUTH

Equation 5-4

The loss function is employed to measure the loss between the actual and the
predicted segmentation mask. The Dice Coefficient Loss is often used for the imbalance
dataset, which is frequent in the medical field (Ashkani Chenarlogh et al., 2022). In this
research, Dice Coefficient Loss function is used to calculate the loss. The dice
coefficient loss function is one minus the estimated value of the dice similarity
coefficient (DSC). The dice coefficient loss is calculated by the formula defined in

Equation 5-5
Dice Coef ficient Loss = 1 —DSC
Equation 5-5

In Equation 5-5, the Dice coefficient loss is equal to one minus the Dice
similarity coefficient (calculated by Equation 5.5). When the value of the Dice

Similarity Coefficient (DSC) increases, the value of the Dice Coefficient loss decreases.

5.4 EXPERIMENTAL RESULTS

All the architectures: FCN, U-Net, U-Net-Resnet50, and A Dual Convolutional Neural

Network with U-Net and Multi-Residual Network are implemented using the Python

3.9 software framework with Tensor flow 2.5 and CUDA 11.2 is installed. The

experiment is conducted on the system with an Intel core i7-10750H CPU processor, 16
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GB RAM, and an NVIDIA GeForce RTX 2060 GPU with 6 GB of RAM. The system
is running on Windows 11 OS. An Adam optimizer is utilized, and the value of the
learning rate (Ir) is set to 1e-4. All the architectures used for the experiment are trained

for 50 epochs.

5.4.1 Proposed Architecture Results

In this section, the results of A Dual Convolutional Neural Network with U-Net and
Multi-Residual Network are shown. The proposed architecture, A Dual Convolutional
Neural Network with U-Net and Multi-Residual Network, is conducted on the three
medical image datasets: Gastrointestinal Polyp, Brain tumor, and Dental (see Chapter
Three, Section 3.2.2.1). All dataset is partitioned into 80% training, 10% testing, and
10% validation mentioned in Chapter Three Section 3.2.2.2. All the evaluation metrics

(see section 5.3) range from 0-1.

5.4.1.1 Results on Gastrointestinal Polyp

A Dual Convolutional Neural Network with U-Net and Multi-Residual Network is
performed for the segmentation on a gastrointestinal polyp dataset containing 1000
images and 1000 corresponding ground truth. The gastrointestinal polyp dataset is
divided into 800 images for training, 100 images for testing, and 100 images for
validation. Data augmentation is performed to the training set (800 images) which
increased the training set up to 13,600 images. The results of A Dual Convolutional
Neural Network with U-Net and Multi-Residual Network on the gastrointestinal polyp
dataset are depicted in Table 5.3
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Table 5.3 Results on Gastrointestinal Polyp Dataset

DSC [0]V] PRECISION | RECALL

A Dual Convolutional Neural
Network with U-Net and | 0.89184 | 0.83082 | 0.90826 0.91026
Multi-Residual Network

In Table 5.3, the Dice Similarity Coefficient (DSC), Intersection Over Union
(I0V), precision, and recall are illustrated. For Gastrointestinal polyp segmentation, the
proposed architecture, A Dual Convolutional Neural Network with U-Net and Multi-
Residual Network, achieved DSC of 0.89184, 10U of 0.83082, 0.90826 precision, and
0.91026 recall. Figure 5.2 shows the snippet cropped from the Python 3.9 software
output, demonstrating the results of the DSC, 10U, Precision, and Recall metrics for the

gastrointestinal polyp dataset:

test
X: 168 - Y:| 188

160 N  15/160 (601 12<60:00, 8.11it/s]

DSC: ©.89184

Precision: ©.90826

Figure 5.2 Snippet Cropped from the Python 3.9 Output for Gastrointestinal Polyp
Dataset

The proposed architecture, A Dual Convolutional Neural Network with U-Net
and Multi-Residual Network, for the segmentation of the dataset of gastrointestinal

polyp images, is depicted in Figure 5.3.
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ORIGINAL IMAGE GROUND TRUTH PREDICTED

Figure 5.3 Gastrointestinal Polyp Segmentation
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Figure 5.3 shows the original image of the gastrointestinal polyp, ground truth,
and the predicted mask which is a segmented mask produced by the proposed
architecture, A Dual Convolutional Neural Network with U-Net and Multi-Residual

Network.

5.4.1.2 Results on Brain Tumor

A Dual Convolutional Neural Network with U-Net and Multi-Residual Network
performs segmentation on Brain tumor dataset. The brain tumor dataset contains 3,064
images and corresponding 3064 ground truth masks. The brain tumor dataset is divided
into 2,452 images for training, 306 images for testing, and 306 images for validation.
Data augmentation is implemented to the training set (2,452 images) which increased
the training set up to 36,780 images. Table 5.4 provides the results of A Dual
Convolutional Neural Network with U-Net and Multi-Residual Network on the brain

tumor dataset.

Table 5.4 Results on Brain Tumor Dataset

DSC 10U PRECISION | RECALL

A Dual Convolutional Neural
Network with U-Net and Multi- | 0.84675 | 0.76817 | 0.86380 0.85769
Residual Network

For the segmentation of the brain tumor dataset, A Dual Convolutional Neural
Network with U-Net and Multi-Residual Network achieves a DSC of 0.84675, IOU of
0.76817, precision of 0.86380, and recall of 0.85769. Figure 5.4 shows the snippet
cropped from the Python 3.9 software output, demonstrating the results of the DSC,

IOU, Precision, and Recall metrics for the brain tumor dataset:
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test

e s [l B o
3us | I | 103/306 [00:16<00:30, 6.70it/s]
ics\_classification.py:12u48: UndefinedMetricWarning: Precision is ill-defined and being set to 8.8 due to no predicted
, msg_start, len(result))

5.75it/s]

Precision: 0.86380

Figure 5.4 Snippet Cropped from the Python 3.9 Output for Brain Tumor Dataset

The segmentation results of brain tumor images performed by the proposed
architecture, A Dual Convolutional Neural Network with U-Net and Multi-Residual

Network, are depicted in Figure 5.5.

ORIGINAL IMACE CGROUND TRUTH PREDICTED

Figure 5.5 Brain Tumor Segmentation
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The original image of the brain tumor, the corresponding ground truth mask, and
the predicted mask that is achieved by the proposed architecture, A Dual Convolutional
Neural Network with U-Net and Multi-Residual Network, for the segmentation is

shown in Figure 5.5.

5.4.1.3 Results on Dental Dataset

The dental dataset contains 409 images and corresponding 409 ground truth masks. The
dental dataset is divided into 329 images for training, 40 images for testing, and 40
images for validation. Data augmentation is performed on the training set (329 images)
which increased the training set up to 4,935 images. The results using metrics 10U,
DSC, precision, and recall of the dental dataset achieved by A Dual Convolutional
Neural Network with U-Net and Multi-Residual Network for segmentation of the dental

dataset are provided in Table 5.5.

Table 5.5 Results on Dental Dataset

DSC 10U PRECISION | RECALL

A Dual Convolutional Neural
Network with U-Net and Multi- | 0.66693 | 0.58323 | 0.72291 0.65424

Residual Network

A Dual Convolutional Neural Network with U-Net and Multi-Residual Network
for segmentation of the dental dataset achieves 0.66693, 0.58323, 0.72291, and 0.65424
DSC, 10U, precision, and recall respectively. Figure 5.6 shows the snippet cropped
from the Python 3.9 software output, demonstrating the results of the DSC, 10U,

Precision, and Recall metrics for dental dataset:
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test

X: 4@ - Y: e

1007 | Y | (0/10 [60:0<00:00, 8. 493t/s]
DSC: 0.66693

I0U: 0.58323
Recall: 6.65424
Precision: 0.72291

Figure 5.6 Snippet Cropped from the Python 3.9 Output for Dental Dataset

The results of the segmentation of dental dataset images performed by the
proposed architecture are shown in Figure 5.7.

ORIGINAL IMACGE GROUND TRUTH PREDICTED

Figure 5.7 Dental Segmentation
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Figure 5.7 shows the original image of the dental dataset, the corresponding
ground truth, and the predicted mask that is achieved by the proposed architecture for
segmentation, A Dual Convolutional Neural Network with U-Net and Multi-Residual

Network.

5.5 COMPARISON OF PERFORMANCE RESULTS

This section shows the comparison of performance results of the segmentation of the
medical images dataset (see Chapter Three) generated by the proposed architecture, A
Dual Convolutional Neural Network with U-Net and Multi-Residual Network (see
Chapter Four), with the other existing segmentation architectures including FCN, U-
Net, and Unet_Resnet. To evaluate the results for the comparison of segmentation
performance are measured by Dice Similarity Coefficient (DSC) Equation 5-1 and
Intersection Over Union (IOU) Equation 5-2, Precision Equation 5-3 and Recall

Equation 5-4 (see section 5.3).

5.5.1 Comparison Analysis of Gastrointestinal Polyp Segmentation

This section shows the segmentation results of the gastrointestinal polyp dataset. Table
5.6 compares the segmentation results of A Dual Convolutional Neural Network with
U-Net and Multi-Residual Network, FCN, U-Net, and Unet_Resnet in terms of the
metrics mentioned in Equation 5-1, Equation 5-2, Equation 5-3, and Equation 5-4
(section 5.3).
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Table 5.6 Comparison Results of Test Set of Gastrointestinal Polyp

Architecture DSC [0]V] Precision | Recall

FCN 0.81474 | 0.71895 | 0.82747 | 0.86093
U-Net 0.82841 | 0.74813 | 0.82963 | 0.86816
Unet_Resnet 0.84494 | 0.77359 | 0.87904 | 0.84668

A Dual Convolutional Neural
Network with U-Net and Multi- | 0.89184 | 0.83082 | 0.90826 | 0.91026

Residual Network

The experimental results of the test set in Table 5.6, for the segmentation of the
gastrointestinal polyp dataset, show that the proposed architecture, A Dual
Convolutional Neural Network with U-Net and Multi-Residual Network, achieves the
highest Dice Similarity Coefficient (DSC) of 0.89184, Intersection Over Union (I0U)
of 0.83082, Precision of 0.90826, and Recall of 0.91026. Furthermore, the result shows
that A Dual Convolutional Neural Network with U-Net and Multi-Residual Network
outperforms the existing segmentation architecture: FCN, U-Net, and Unet_Resnet in
terms of the following metrics DSC, 10U, Precision, and Recall. FCN obtained a DSC
of 0.81474, 10U of 0.71895, Precision of 0.82747, and Recall of 0.86093. U-Net
obtained a DSC of 0.82841, 10U of 0.74813, Precision of 0.82963, and Recall of
0.86816. Unet_Resnet achieved a DSC of 0.84494, 10U of 0.77359, Precision of
0.87904, and Recall of 0.84668. The visual results of the comparison for the

segmentation of gastrointestinal polyps from the testing set are shown in Figure 5.8.
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Architecture Original Predicted

FCN

DSCIOU: 0.8147410.71895

U-Net

DSCIOU: 0.8284110.74813

Unet_Resnet

DSCIOU: 0.8449410.77339

A Dual
Convolutional
Neural Network
with U-Net and
Multi-Residual
Network

DSCIOU:  0.89184/0.83082

Figure 5.8 Comparison Results of the Segmentation on the Test Images of

Gastrointestinal Polyps
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In Figure 5.8, it represents the original image of gastrointestinal polyps, the

ground truth corresponding to the original image, and the predicted mask which is a

segmented result by FCN, U-Net, Unet_Resnet, and A Dual Convolutional Neural

Network with U-Net and Multi-Residual Network. For polyp images with clear

boundaries, it can be observed that A Dual Convolutional Neural Network with U-Net

and Multi-Residual Network performs better segmentation than other architectures. For

vague boundaries in polyps, existing architectures FCN, U-Net, and Unet_Resnet,

struggle to perform segmentation. In both cases, A Dual Convolutional Neural Network

with U-Net and Multi-Residual Network provides better segmentation results. Figure

5.9 illustrates the graphical depiction of the performance of the training set on each

epoch of the gastrointestinal polyps for all the architectures used in this research.

DSC

Training Comparison for Gastrointestinal Polyp Dataset

1.0
— -
//'
=
0.9 ~—
Vi caane
0.8 1
Ve
0.7 -
0.6 1
—— Proposed Architecture
FCN
0.5 4 —— U-Net
—— Unet_Resnet
0 10 20 30 40 50

Epochs

Figure 5.9 Training Performance of the Dice Similarity Coefficient on Gastrointestinal

Polyps
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Figure 5.9 represents that the proposed architecture, A Dual Convolutional
Neural Network with U-Net and Multi-Residual Network, provides better performance
of Dice Similarity Coefficient during the training phase when compared to FCN, U-Net,
and Unet_Resnet. The dice coefficient loss (Equation 5-5) during the training is

graphically demonstrated in Figure 5.10.

Loss for Gastrointestinal Polyp Dataset

- Proposed Architecture

0.5 1 ~—— FCN
—— U-Net
- Unet_Resnet
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0.0 T T T T | |

Epochs

Figure 5.10 Training Dice Coefficient Loss for Gastrointestinal Polyps

In Figure 5.10, It can be observed that dice coefficient loss decreases
exponentially with respect to the number of epochs during training for the

gastrointestinal polyp dataset.
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5.5.2 Comparison Analysis of Brain Tumor Segmentation

The comparison results of the segmentation on the brain tumor dataset by A Dual
Convolutional Neural Network with U-Net and Multi-Residual Network, FCN, U-Net,
and Unet_Resnet measured by the Dice Similarity Coefficient (DSC) (mentioned in
Equation 5-1), Intersection Over Union (IOU) (mentioned in Equation 5-2), Precision
(mentioned in Equation 5-3), and Recall (mentioned in Equation 5-4) metrics are shown
in Table 5.7.

Table 5.7 Comparison Results of Test Set of Brain Tumor

Dice .
S Intersection
] Similarity ) o

Architecture P Over Union | Precision | Recall

Coefficient

(10U)

(DSC)
FCN 0.77542 0.68518 0.81098 0.79645
U-Net 0.80697 0.72836 0.82537 0.82586
Unet_Resnet 0.82916 0.75020 0.84265 0.84660
A Dual Convolutional
Neural Network with U-Net | 0.84675 0.76817 0.86380 0.85769
and Multi-Residual Network
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Table 5.7 illustrates the comparison results of the segmentation on the brain
tumor test set. The evaluation results demonstrate that the proposed architecture, A Dual
Convolutional Neural Network with U-Net and Multi-Residual Network, achieves a
DSC of 0.84675, 10U of 0.76817, Precision of 0.86380, and Recall of 0.85769. All the
evaluation metrics, DSC, 10U, Precision, and Recall for the proposed architecture are
higher when compared to other architectures, FCN, U-Net, and Unet_Resnet. FCN
achieved a DSC of 0.77542, 10U of 0.68518, Precision of 0.81098, and Recall of
0.79645. U-Net achieved a DSC of 0.80697, 10U of 0.72836, Precision of 0.82537, and
Recall of 0.82586. Unet_Resnet achieved a DSC of 0.82916, IOU of 0.75020, Precision
of 0.84265, and Recall of 0.84660. The visual analysis of the segmentation results is
depicted in Figure 5.11.
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Figure 5.11 Comparison Results of the Segmentation on the Test Images of Brain

Tumor Dataset
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Figure 5.11 shows that FCN seems to under-segment or less accurately segment
the tumor, U-Net produces irregularities along the boundaries and also makes a false
prediction, and Unet_Resnet also predicts segmentation less accurately and over-
segment the tumor. The proposed architecture, A Dual Convolutional Neural Network
with U-Net and Multi-Residual Network, performs reasonably well on the brain tumor
dataset and generates better segmentation masks as compared to the other architectures.
Figure 5.12 illustrates the training performance of the brain tumor dataset for all the

architectures used in this research.

Training Comparison for Brain Tumor Dataset
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Figure 5.12 Training Performance of the Dice Similarity Coefficient on Brain Tumor

Dataset
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The training performance on the brain tumor dataset by Dice Similarity
Coefficient (DSC) shown in Figure 5.9 represents that the proposed architecture, A Dual
Convolutional Neural Network with U-Net and Multi-Residual Network, provides
better performance during the training phase as compared to FCN, U-Net, and

Unet_Resnet.

The dice coefficient loss (Equation 5-5) during the training for the brain tumor

dataset is graphically depicted in Figure 5.13.

Loss for Brain Tumor Dataset
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Figure 5.13 Training Dice Coefficient Loss for Brain Tumor
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It can be seen in Figure 5.13 that proposed architecture, A Dual Convolutional
Neural Network with U-Net and Multi-Residual Network, performs well, as the dice

coefficient loss decreases more than the other architectures.

5.5.3 Comparison Analysis of Dental Dataset Segmentation

Table 5.8 represents the comparison results of segmentation on the dental dataset by A
Dual Convolutional Neural Network with U-Net and Multi-Residual Network, FCN, U-
Net, and Unet_Resnet measured by the Dice Similarity Coefficient (DSC) (explained
in Equation 5-1), Intersection Over Union (10U) (explained in Equation 5-2), Precision
(explained in Equation 5-3), and Recall (explained in Equation 5-4) metrics.

Table 5.8 Comparison Results of the Test Set of Dental Dataset

Dice |
o Intersection
) Similarity ) \

Architecture o Over Union | Precision | Recall

Coefficient

(10U)

(DSC)
FCN 0.56370 0.47588 0.62608 0.55854
U-Net 0.61079 0.53468 0.61264 0.63357
Unet_Resnet 0.58044 0.51460 0.61278 0.59357
A Dual Convolutional
Neural Network with U-Net | 0.66693 0.58323 0.72291 0.65424
and Multi-Residual Network

103



The segmentation results of the test set in Table 5.8 on the dental dataset show
that the proposed architecture, A Dual Convolutional Neural Network with U-Net and
Multi-Residual Network, achieves DSC of 0.66693, 10U of 0.58323, Precision of
0.72291, and Recall of 0.65424. The segmentation result represents that A Dual
Convolutional Neural Network with U-Net and Multi-Residual Network outperforms
the existing segmentation architecture, FCN, U-Net, and Unet_Resnet, in terms of DSC,
IOU, Precision, and Recall. FCN achieved a DSC of 0.56370, 10U of 0.47588,
Precision of 0.62608, and Recall of 0.55854. U-Net achieved a DSC of 0.61079, 10U
of 0.53468, Precision of 0.61264, and Recall of 0.63357. Unet_Resnet achieved a DSC
of 0.58044, 10U of 0.51460, Precision of 0.61278, and Recall of 0.59357. Figure 5.14
demonstrates the visual results of the comparison for the segmentation of brain tumor

from the testing set.
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Figure 5.14 Comparison Results of the Segmentation on the Test Images of the Dental

Dataset
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In Figure 5.14, for more challenging images, FCN, U-Net, and Unet_Resnet
seem to be struggling with the segmentation in the dental dataset. For the segmentation
of small regions in the dental data set, FCN and U-Net made the wrong predictions,
Unet_Resnet missed the prediction completely. On the other hand, the proposed
architecture, A Dual Convolutional Neural Network with U-Net and Multi-Residual
Network, has performed considerably better. For irregular boundaries, proposed
architecture, A Dual Convolutional Neural Network with U-Net and Multi-Residual
Network, manages to segment better than the FCN, U-Net, and Unet_Resnet. Figure
5.15 illustrates the graphical representation of the performance of the training dental
dataset.

Training Comparison for Dental Dataset
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Figure 5.15 Training Performance of the Dice Similarity Coefficient on Dental
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Figure 5.15 illustrates the performance of the training set on each epoch of the
dental dataset for all the architectures used in this research. The results show that the
proposed architecture, A Dual Convolutional Neural Network with U-Net and Multi-
Residual Network, obtains better performance during the training phase as compared to
FCN, U-Net, and Unet_Resnet. The dice coefficient loss (Equation 5-5) during the
training for the dental dataset is graphically demonstrated in Figure 5.16. The dice
coefficient loss decreases gradually for the proposed architecture compared to the FCN,

U-Net, and Unet_Resnet.
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Figure 5.16 Training Dice Coefficient Loss for Dental Dataset
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5.6 CHAPTER SUMMARY

This research proposed an architecture that uses a baseline U-Net, multires blocks, res
path, ASPP, and squeeze and excitation for the segmentation of medical images. The
performance of A Dual Convolutional Neural Network with U-Net and Multi-Residual
Network for the segmentation is examined in this chapter. The performance of the
segmentation of the medical image dataset using architecture, A Dual Convolutional
Neural Network with U-Net and Multi-Residual Network, is calculated in terms of
metrics: DSC, 10U, precision, and recall (section 5.3). In this research, three medical
datasets are used for the segmentation. The performance metrics are then compared to
the existing architectures: FCN, U-Net, and Unet_Resnet. It is observed in section 5.5
that the proposed architecture, A Dual Convolutional Neural Network with U-Net and
Multi-Residual Network, outperforms the existing segmentation architecture in terms
of DSC, 10U, precision, and recall.
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CHAPTER SIX
CONCLUSION AND FUTURE WORK

6.1 INTRODUCTION

This chapter summarizes and concludes the process of the research work for the
optimized architecture, A Dual Convolutional Neural Network with U-Net and Multi-
Residual Network, to improve the segmentation of medical images. Furthermore, it
presents an overview of the findings discussed in previous chapters. The importance
and the contribution of this research are emphasized in this chapter along with the

potential for future work.

6.2 CONCLUSION

Segmentation is a significant step in the analysis of medical images. The study’s
findings demonstrate that the inaccurate results of segmentation for medical images lack
the ability to fulfill the actual medical requirements. Segmentation techniques for
medical images have been studied for this research. U-Net has become the most popular
and effective architecture of convolutional neural networks for the segmentation task of
medical images. Therefore, the aim of this chapter is to show the optimized architecture
for the segmentation of medical images that utilizes the two networks, U-Net and
MultiRes U-Net, and takes advantage of Atrous Spatial Pyramid Pooling (ASPP), and
Squeeze and Excitation block. In this research, three different medical image datasets
are used for the segmentation. The segmentation performance of the optimized
architecture is evaluated by Intersection over Union (I0U), Dice Similarity Coefficient
(DSC), Precision, and Recall. The performance of the optimized architecture is
compared to the other existing segmentation architectures for medical images: U-Net,
FCN, and Unet_Resnet.

This research significantly contributes to the current state of the art in medical
image segmentation by addressing a notable gap in the existing segmentation
architectures. While many current approaches struggle with the segmentation of
medical images, this research introduces an architecture, A Dual Convolutional Neural

Network with U-Net and Multi-Residual Network, that overcomes these challenges.
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The experimental results demonstrate a higher performance compared to existing
segmentation architecture, showcasing the potential of this approach in real-world
medical applications. This research aligns with the current trends in medical image
segmentation, as evident from recent studies. In the future, this research will provide a
foundation for the segmentation of medical images and has the potential to make a
lasting impact on medical diagnostics and treatment planning.

The main aim of the research is to illustrate the optimized architecture, A Dual
Convolutional Neural Network with U-Net and Multi-Residual Network, that improves
the performance of the segmentation of medical images. Chapter Two of this research
provides a comprehensive literature review of the published segmentation techniques.
The study gives an overview of the work related to medical image segmentation using
deep neural networks. In addition, work related to segmentation techniques using
optimized architectures is explored. it also criticized and investigated the segmentation
techniques to identify the advantages and disadvantages of architectures of
Convolutional Neural Networks for the segmentation of medical images of previous
articles. The major aim of these segmentation techniques is to enhance the performance
of the segmentation of medical images. Dice Similarity coefficient, Intersection over
Union, Precision, and recall are the metrics used to evaluate the performance of the
segmentation architecture. Various segmentation techniques were used by many
researchers to optimize the architecture to increase the performance of segmentation for

medical images.

Chapter Three highlights the stages of the methodology proposed for the
optimized architecture for the segmentation of medical images. Conceptual framework
and conceptual design are illustrated that is implemented for developing an optimized
segmentation architecture for medical images. The conceptual framework for the
optimized segmentation architecture was covered in Section 3.2. The processing of the
datasets for the segmentation was explained in Section 3.2.2. The conceptual design for
the optimized segmentation architecture for medical images was explained in Section
3.2.3.

Chapter Four of this research presented the experimental design of the proposed
architecture for the segmentation of medical images. Section 4.2 demonstrated the

design of the proposed segmentation architecture. The proposed segmentation

110



architecture consists of two networks, the first network is U-Net which has pre-trained
Resnet_50 as an encoder (see Section 4.2.2), and the second network is Multires U-Net,
which consists of MultiRes block and Respath explained in Section 4.2.5.1 and Section
4.2.5.2, respectively. Algorithm 3 Atrous Spatial Pyramid Pooling (see Section 4.2.3),
Algorithm 6 Squeeze and Excitation (SE) block (Section 4.2.4.1), Algorithm 7 Multires
block (Section 4.2.5.1), and Algorithm 8 Respath (Section 4.2.5.2) were utilized to
optimize the proposed architecture to improve the segmentation for the medical images.
Algorithm 12 in Section 4.2.6 illustrated the method for the optimized architecture, A
Dual Convolutional Neural Network with U-Net and Multi-Residual Network, that

improved the performance of the segmentation for the medical images.

Chapter Five demonstrated the experimental results of the proposed
architecture, A Dual Convolutional Neural Network with U-Net and Multi-Residual
Network. The metrics employed to evaluate the performance of the proposed
architecture for the segmentation are Dice Similarity Coefficient (DSC), Intersection
over Union (IOU), Precision, and Recall presented in Section 5.3. The results of the
experiment of the proposed architecture for the segmentation of three different medical
datasets using the evaluation metrics are shown in Section 5.4. The evaluation of the
performance of the proposed architecture and the comparison to the three benchmark
architectures for the segmentation of medical images are presented in Section 5.5. The
segmentation results of A Dual Convolutional Neural Network with U-Net and Multi-
Residual Network for the gastrointestinal poly (Section 5.5.1), brain tumor (Section
5.5.2), and dental (Section 5.5.3) are compared to existing architectures, which shows
that the proposed architecture outperforms the existing architecture for segmentation of
medical images. The experimental results prove the ability of the performance of the
proposed architecture, A Dual Convolutional Neural Network with U-Net and Multi-
Residual Network, in terms of evaluation metrics and generate a better segmentation

result.

This research is intended to accomplish the objectives stated in Section 1.4 of
Chapter 1. The objectives achieved by the proposed architecture, A Dual Convolutional
Neural Network with U-Net and Multi-Residual Network, for the segmentation of
medical images, are discussed in Table 6.1. The questions that were presented at the
start of this research for developing an optimized segmentation architecture for medical
image segmentation are answered in Table 6.2.

111



Table 6.1 Research Objectives Achieved

Objective

Achievements

O1: To investigate the issues of the U-
Net architecture of Convolutional
Neural Networks for medical image

segmentation.

The previous studies for the segmentation
of medical images are investigated in
Chapter 2. The issues of the U-Net
architecture of the Convolutional Neural
Network for the segmentation of medical
images are analyzed and discussed in
Chapter 2 Section 2.6. The previously
optimized Convolutional Neural
Network  segmentation  architectures
utilizing U-Net and their advantages and
disadvantages for medical image
segmentation are discussed in Section
Puf.

02: To propose an architecture, A Dual
Convolutional Neural Network with U-
Net and Multi-Residual Network for the

segmentation of medical images.

To improve the performance of the
segmentation for medical images, an
optimized  architecture, A  Dual
Convolutional Neural Network with U-
Net and Multi-Residual Network, was
proposed. The optimized architecture
utilizes the U-Net with Resnet 50 as an
encoder, MultiRes U-net having
MultiRes block and Respath, Atrous
Spatial Pyramid Pooling (ASPP) block,
and Squeeze and Excitation (see Chapter
4, Section 4.2). In addition, data
augmentation is applied to the training
dataset (see Section 3.2.2.2) to improve
the performance of the optimized
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segmentation architecture for medical

images.

O3: To evaluate and validate the
effectiveness of A Dual Convolutional
Neural Network with U-Net and Multi-
Residual Network architecture on
different medical image datasets for
segmentation by comparing the results
with  other existing segmentation

architectures.

To evaluate the performance of A Dual
Convolutional Neural Network with U-
Net and Multi- Residual Network for
medical image segmentation, the
experiment is employed on three
different medical datasets:
gastrointestinal polyp dataset, brain
tumor dataset, and dental dataset (see
Section 3.2.2.1). Intersection over Union
(I0U), Dice Similarity Coefficient
(DSC), Precision, and Recall metrics (see
Section 5.3) are employed to evaluate the
performance  of  the  optimized
segmentation architecture. The
performance of an optimized
segmentation  architecture, A Dual
Convolutional Neural Network with U-
Net and Multi-Residual Network, for
three different medical image datasets, is

evaluated in Section 5.4.1.

The analysis of the performance of the
experimental results on the three different
medical image datasets is conducted and
evaluated results are compared to the
other existing segmentation architecture:
FCN, U-Net, and Unet Resnet (see
Section 5.5). The results prove that the
optimized  architecture, A  Dual
Convolutional Neural Network with U-
Net and Multi- Residual Network for the
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segmentation of medical images
improves the segmentation results and
achieves better performance compared to
the existing segmentation architectures in
terms of Intersection over Union (I0OU),
Dice Similarity Coefficient (DSC),

Precision, and Recall.

Table 6.2 Research Questions with Answers

Research Questions

Answers from the Research

Q1: What are the issues in medical image
segmentation with the U-Net architecture

of the Convolutional Neural Network?

The issues of the U-Net architecture of
the Convolutional Neural Network for
the segmentation of medical images are
covered in Section 2.6. In Chapter 2, the
literature review presents that U-Net
architecture has an overfitting problem, a
vanishing gradient issue, a semantic gap
between the encoder and a decoder, and
U-Net has a small receptive field. Also,
U-Net tends to over-segment and under-

segment.

Q2: Why to develop an architecture, A
Dual Convolutional Neural Network with
U-Net and Multi-Residual Network, for

medical image segmentation?

Previous Convolutional Neural Network
architectures for the segmentation of
medical images show less performance in
terms of metrics. In Chapter 2, Section
2.7 discusses the gaps in previous
research that uses Convolutional Neural
Network techniques for the segmentation

of medical images. To enhance the
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efficacy of medical image segmentation,
the development of an architecture, A
Dual Convolutional Neural Network with
U-Net and Multi-Residual Network is
imperative. The development of A Dual
Convolutional Neural Network with U-
Net Multi-Residual

architecture represents

and Network
a significant
advancement in the field of medical
image segmentation, the experimental

results are shown in Chapter 5.

Q3: How to develop an architecture, A
Dual Convolutional Neural Network with
U-Net and Multi-Residual Network, for

medical image segmentation?

The proposed segmentation architecture,
A Dual Convolutional Neural Network
with U-Net and Multi-Residual Network,
for medical image segmentation is
developed by utilizing the two networks:
the U-Net with Resnet 50 as an encoder,
MultiRes U-net having MultiRes block
and Respath. In addition, it takes
advantage of the Atrous Spatial Pyramid
Pooling (ASPP) block, and Squeeze and

Excitation block (see Chapter 4).

Q4: How effective is A Dual
Convolutional Neural Network with U-
Net and Multi-Residual  Network

compared to other existing segmentation

architectures?

Chapter 5, Section 5.4.1 demonstrates the
performance of the
A Dual
Convolutional Neural Network with U-
Net and Multi-Residual

segmentation
experimental  results  of
Network for
three different medical image datasets:
gastrointestinal polyp dataset, brain
tumor dataset, and dental dataset (see
Section 3.2.2.1). The performance is

evaluated in terms of the Intersection
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over Union (IOU), Dice Similarity
Coefficient (DSC), Precision, and Recall
(see Section 5.3). The segmentation
results with the evaluation metrics
achieved and the predicted mask
produced by the proposed architecture, A
Dual Convolutional Neural Network with
U-Net and Multi-Residual Network, for
the gastrointestinal polyp dataset, brain
tumor dataset, and the dental dataset is
presented in Section 5.4.1.1, Section

5.4.1.2, and Section 5.4.1.3 respectively.

Section 5.5 analyzes the performance of
the experimental results on the three
different medical image datasets and
evaluated performance results are
compared to the other existing
segmentation architecture: FCN, U-Net,
and Unet_Resnet. The results prove that
the optimized architecture, A Dual
Convolutional Neural Network with U-
Net and Multi-Residual Network for the
segmentation of  medical images
improves the segmentation results and
achieves better performance compared to
the existing segmentation architectures in
terms of Intersection over Union (I0U),
Dice Similarity Coefficient (DSC),
Precision, and Recall. The performance
results of optimized architecture, A Dual
Convolutional Neural Network with U-
Net and Multi-Residual Network, for the
segmentation of the gastrointestinal
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polyp dataset, brain tumor dataset, and
dental dataset, and comparison results
that prove that optimized segmentation
architecture outperforms the existing
segmentation architectures IS
demonstrated in Section 5.5.1, Section

5.5.2, Section 5.5.3 respectively.

6.3 FUTURE WORK

This thesis illustrates how the optimized architecture, A Dual Convolutional Neural
Network with U-Net and Multi-Residual Network, is developed for the segmentation of
medical images. The optimized architecture for segmentation in this thesis has the
ability to provide promising results when compared to the existing segmentation
architectures. The optimized segmentation architecture addressed some of the key
concerns regarding enhancing the performance of segmentation architecture for medical
images, which provides the possibility of further research in these domains. A Dual
Convolutional Neural Network with U-Net and Multi-Residual Network for
segmentation of medical images uses the two networks which leads it to have more
parameters that make it complex and slower for training the data. This complexity of A
Dual Convolutional Neural Network with U-Net and Multi-Residual Network demands
substantial computational power and GPU resources. The possible future work to
improve the segmentation architecture should focus on simplifying the architecture by
reducing the parameters while maintaining the ability of the architecture to generate
better segmentation results. Another future work possibility is to focus on architecture
to enhance the performance of segmentation by training the architecture on small
medical image datasets. Another suggestion for future work is to use architecture to
perform segmentation on various modalities of different organ and pattern medical
image datasets. Another possible future work can be to use the other pre-trained
encoders in the segmentation architecture to see the performance of the segmentation.
Also, A Dual Convolutional Neural Network with U-Net and Multi-Residual Network
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in the future can be improved to apply to 3D medical images and may be compared to
other segmentation architectures.
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