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ABSTRACT 

The CT's continued advancement and wide-ranging application in medical operations have 

prompted questions over the radiation dose connected to patients. Since low-dose CT (LDCT) 

may reduce the radiation risk, it has drawn a lot of attention. However, merely reducing 

radiation dosages will cause a conspicuous decline in image quality. Consequently, reducing the 

noise in the LDCT image is a preferable solution to this problem. Numerous studies have used 

GANs to significantly improve LDCT image denoising. Current GAN-based LDCT image 

denoising approaches struggle to provide better structural detail retention. This is mostly due to 

model training not placing enough emphasis on pixel-wise loss function tolerance and structural 

feature retention. This study investigates the use of cross-channel communication via an 

adequate attention mechanism, i.e. efficient channel attention, by extending the recently 

developed deep learning model known as DU-GAN with dual domain U-Net discriminators, 

which outperforms the leading models in the field of LDCT restoration. Moreover, a lot of work 

was put forward to combine the Dice loss function which guides the denoising process in the 

image domain discriminator, to ensure that the final denoised results are as close as feasible to 

the industry's gold standard, NDCT. The aforementioned extensions are combined with instance 

normalization to increase training effectiveness by minimizing the statistical difference between 

the CT images. The results of our trials using actual clinical images reveal that the proposed 

method has improved when compared to other experiments and measurements. The suggested 

model improves the DU-GAN baseline work from 0.72109 to 0.73830, from 20.40010 to 

22.04259, and from 0.09821 to 0.08170, respectively, based on SSIM, PSNR, and RMSE. This 

study finds that integrating effective channel attention into the generator network and utilizing 

Dice loss as a pixel-wise loss in image domain discriminator instead of Mean Absolute Error 

loss increase the quality of the denoised LDCT images. 

Keywords: DU-GAN, LDCT, NDCT, U-Net, Denoising, Dice loss, over-smoothing, structural 

detail preservation 
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CHAPTER ONE 

1. INTRODUCTION 

1.1. Background of the study 

Godfrey Hounsfield, a British engineer of EMI Laboratories, created the first CT scanner that 

was readily accessible for purchase in 1972. He co-developed the technology with physicist Dr. 

Allan Cormack.
1
 Ever since the CT scanner was applied in medical diagnosis, a lot of 

advancements and developments in technology are being used.  Recent advancements in CT scan 

technology include decreasing the harmful radiation that patients are exposed to, enabling 

quicker scan speeds, and improving image quality. These advancements are made possible by the 

use of various computing techniques and computer vision.  

The importance of computer vision in medicine is growing at an exponential rate nowadays. 

Computer vision has been utilized in a variety of healthcare applications to help medical 

practitioners make better judgments about patient treatment and reduce the dangers associated 

with diagnostic equipment such as CT scanners(Gerig, Kuoni, Kikinis, & Kübler, 1989). One of 

the areas of research that continue to attract attention in the medical imaging field is low-dose 

CT denoising. 

According to the world health organization (WHO) report, medical usage of radiation accounted 

for 98 percent of the population contribution from all artificial sources, and 20 percent of overall 

population exposure. Over 3600 million diagnostic radiological examinations, 37 million nuclear 

medicine operations, and each year 7.5 million radiation treatments are carried out globally.
2 

The 

extent of radiation damage to tissue and/or organs is determined by the dose of radiation 

received. Radiation can impair the functioning of tissues and/or organs above certain thresholds, 

resulting in the development of solid organ malignancies, leukemia, and other cancer diseases. 

These side effects are more severe at higher doses and higher dose rates. To conquer this, the best 

alternative is low dose CT (LDCT), which uses only 1.4 millisieverts (mSv) of radiation 

compared to a standard diagnostic CT scan's 7 mSv for the same test.
3 
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Even though LDCT is a better option for reducing the radiation risk, it highly affects the image 

quality which results in jeopardizing the clinical diagnostic performance as well as automated 

analysis tasks such as segmentation, feature extraction, and classification of these LDCT images 

have suffered. (Kaur, Juneja, & Mandal, 2018) Reducing the noise in the LDCT image (I. 

Goodfellow et al., 2020) is a preferable alternative to address this problem. Due to its ill-posed 

nature, however, it remains a difficult problem.  

Various denoising algorithms have been presented during the last 5 decades. Sinogram domain 

filtering, iterative reconstruction, and picture domain processing (Mohd Sagheer & George, 

2020) are some of the algorithms that fall within this category. In general, these approaches 

convert LDCT images into Normal-Dose CT (NDCT) representations. The LDCT restoration is 

hindered, nevertheless, by the scarcity of projection data in the sinogram domain and the high 

cost of computing in the iterative reconstruction domain. Image domain processing, on the other 

hand, uses an image post-processing technique and does not rely on projection data, making it 

easy to test new methodologies for improving denoising quality. 

Earlier methods for denoising Low dose CT images using image post-processing techniques with 

traditional approaches, such as non-local means (Yuan, Zhang, & Yu, 2018), (Yanbo Zhang, 

Salehjahromi, & Yu, 2019), total variation (Jia et al., 2018), Block Matching Three Dimension 

(BM3D) (Hashemi, Paul, Beheshti, & Cobbold, 2015), and statistics-based algorithms (Geraldo, 

Cura, Cruvinel, & Mascarenhas, 2016), the majority of them are unable to compute noise 

statistics due to non-uniformity, and the proposed CT restoration applications will be inaccurate. 

Furthermore, structural information in CT scans is largely obscured. As a result, these LDCT 

restoration methods and their limitations have paved the way for novel deep learning-based 

LDCT restoration approaches to be developed. 

To deal with LDCT denoising, recent techniques rely on generative models. GAN (generative 

adversarial network) (B. I. Goodfellow et al., 2014) is one of the most prominent, having made 

great progress in denoising LDCT images. Due to their multi-objective functions, ability to 

update generator architectures, and multi-scale discriminator, GAN-based applications 

outperform alternative deep Learning based LDCT restoration techniques, according to analysis 

results. However, when comparing the quantitative results of those offered approaches based on 

PSNR and SSIM measurements, the quantitative results of those proposed methods are not still 
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optimal in some circumstances. A significant issue that comes from model training is the 

disregard for structural feature preservation and tolerating pixel-wise loss functions (Kulathilake, 

Abdullah, Sabri, & Lai, 2021). 

To alleviate this problem, inspired by the human visual perception (Balda, Hornegger, & 

Heismann, 2012) and attention model (Ouyang, Solberg, & Wang, 2011) for image recognition, 

some works (Du, Chen, Liao, Yang, & Wang, 2019) incorporate the visual attention mechanism 

into the generative adversarial network (GAN) framework to improve the performance of noise 

reduction and structural detail preservation. To obtain better performance, these studies use more 

sophisticated attention modules, i.e. channel attention, but this inevitably increases model 

complexity because dimensionality reduction eliminates the direct connection between a 

channel's weight and its channel (Q. Wang et al., 2020).  

Moreover, this dimensionality reduction makes it harder to learn to channel attention and engage 

in proper cross-channel communication, which is one of the reasons these attention modules 

become increasingly sophisticated. Recent work (Huang, Zhang, Zhang, & Shan, 2022) uses a U-

Net-based discriminator for LDCT denoising, which can simultaneously learn global and local 

differences between the denoised and normal-dose images, in contrast to existing GAN-based 

denoising approaches, and as a result, It gets superior performance over recently published 

methods both qualitatively and quantitatively. (Kulathilake et al., 2021) Kulathilake et al. claim 

that although the current attention-based DL methods have gained an acceptable visual 

performance in LDCT restoration, they are still under constraints for improving the performance 

of LDCT restoration. This thesis work proposed to extend Huang et al., work to improve 

structural detail preservation by adding extra cross-channel communication blocks via effective 

channel attention blocks since it avoids dimensionality reduction and effectively captures cross-

channel interaction. It also proposed the introduction of dice loss as a pixel-wise loss function for 

better-denoised results. 

1.2. Motivation for the Study 

Health is undeniably important in life and ensuring the safety of humans is a critical duty, that is 

why extensive discoveries and technologies have been investigated in this area ever since the 

beginning of human history. Even though these advancements bring a lot of achievement in the 
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sector, some of them have undeniable side effects. Therefore, lowering dangers associated with 

diagnostic techniques that make use of advanced technology is another concern nowadays. 

Due to the abundance of the vast quantity of data available nowadays, recent deep learning 

advancements becomes crucial for medical imaging. However, there is still a significant issue 

with the collection of medical data, particularly for research areas like denoising LDCT images, 

which requires paired datasets (such as LDCT and NDCT images) since creating an LDCT 

image requires methods based on the projection data that are usually unavailable in real 

applications. LDCT simulation as a transformation from a Normal dose CT (NDCT) image to the 

LDCT images using GAN could be the mechanism to overcome such problems. After the first 

paper on GAN by Goodfellow et al. (B. I. Goodfellow et al., 2014), GAN has been used in a 

wide range of areas for numerous applications including medical imaging and incorporating the 

visual attention mechanism into the generative adversarial network maybe is the significant one 

in this area.(Du et al., 2019) Advancement in GAN enables scientists and researchers to create 

fake images indistinguishable from real ones (Karras, Laine, & Aila, 2019)(Wang et al., 2018).  

By extending the visual attention idea, various researchers propose a number of approaches for 

the LDCT denoising network to provide a powerful prior of the noise distribution. By doing this, 

both the generator and discriminator networks are empowered with visual attention information 

so that they will not only pay special attention to noisy regions and surrounding structures but 

also explicitly assess the local consistency of the recovered region. But most of the visual 

attention approaches failed (Kulathilake et al., 2021) to achieve the potential found by denoising 

networks because of the attention mechanisms used are more sophisticated which inevitably 

increase model complexity and they faced a problem of lack of structural detail preservation due 

to lack of local cross channel interaction strategy without dimensionality reduction. Besides the 

issues with attention mechanisms, lack of tolerating pixel-wise loss are still open for further 

investigation in the LDCT restoration problem. This work tries to solve these problems by 

extending the solutions presented in previous works. 

As a result, it's incredibly motivating to be able to contribute in a solution making in the area of 

LDCT restoration, which becomes viable approach for reducing such diagnosis risk for patients 

while having no impact on doctors' diagnostic decision-making. 
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1.3. Statement of the Problem 

CT scans are widely used in clinical, industrial, and other applications. Although some may 

claim that the dangers of commercial CT scans are exaggerated, the tremendous increase in CT 

use has already raised the global annual cumulative ionizing radiation dosage by 34% 

(Tahmasebzadeh, Paydar, Soltani-kermanshahi, & Reiazi, 2021).  According to studies, this type 

of radiation can harm the DNA and cause cancer. The well-known guiding principle of ALARA 

(As Low As Reasonably Attainable) (Brenner & Hall, 2009) has aroused researchers' interest in 

CT dosage reduction. Lower the operating current of an X-ray tube and minimize the exposure 

time to reduce the X-ray flux. The lesser the X-ray flux, the messier the reconstructed CT image, 

lowering the signal-to-noise ratio and thus jeopardizing diagnostic performance.  

Sinogram domain filtering, iterative reconstruction, and image domain restoration (Mohd 

Sagheer & George, 2020) are major categories of algorithms that have been developed to 

improve the image quality of low-dose CT scans (LDCT) to overcome this intrinsic physical 

difficulty. However in LDCT restoration, performance is a crucial criterion that keeps growing. 

In this sense, there are various knowledge gaps to fill in the existing restoration domain to 

improve the quality of LDCT images. Most previous works try to address these gaps by applying 

different approaches in different deep learning models and one is applying attention networks, 

which are a deep learning technique for enhancing the effectiveness of LDCT restoration and 

have lately gained popularity. However, the quantitative results of those proposed attention 

methods in these studies (Du et al., 2019),(M. Li, Hsu, Xie, Cong, & Gao, 2020) are not optimal 

and this is mainly because of the lack of attention given to the structural detail preservation and 

tolerate the pixel-wise loss functions during the model training.  

These methods therefore employ more complicated attention modules, that is, channel attention, 

in order to achieve higher performance, but doing so inevitably results in a more complex model 

since dimensionality reduction weakens the connection between a channel's weight and its 

channel (Q. Wang et al., 2020). Thus, it becomes more challenging to participate in effective 

cross-channel communication, which is crucial to learn to focus attention to structural details.   

Inspired by the work (Du et al., 2019) that suggests ―to give a powerful prior of the noise 

distribution by incorporating visual attention knowledge into the learning method of GAN‖ this 

thesis proposes a method adopting state of the art attention mechanism that is, efficient channel 
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attention, that improves the structural detail retention by avoiding dimensionality reduction and 

providing enhanced local cross channel communication, in to recent work (Huang et al., 2022), 

that utilized U-Net-based discriminators in the GANs framework to learn both global and local 

differences between denoised and normal-dose images in both image and gradient domains. 

Besides this work proposes a pixel-wise loss that is, dice loss, which allows the denoising 

network to increase the specific features required by the discriminator network and helps the 

network to tolerate large noise kernels during model training, to see more enhancement in the 

quality of LDCT images both visually and in evaluation metrics. And to achieve this, an 

extensive experimental endeavor was made with the purpose of answering the research 

questions. 

1.4. Research Question 

The following research questions will be addressed by this study. 

RQ1. What are the effective learning constraints to improve the quality of denoised LDCT images? 

RQ2. Can adopting a cross-channel communication block improves the quality of denoised 

LDCT images? 

RQ3. What effect would using dice loss as a pixel-wise loss have on the quality of denoised 

LDCT images? 

1.5. Objective of the Study 

1.5.1. General Objective 

The general objective of this study is to improve the denoising quality of low dose CT scan 

(LDCT) images using a generative adversarial network (GAN). 

1.5.2. Specific Objective 

To achieve the general objective of the study; the following specific objectives have been 

established. 

 To identify what effective learning constraint should be adopted to improve the quality of 

denoised LDCT images. 

 To embed an attention mechanism, that can provide effective cross-channel 

communication, to the learning GAN model for achieving better reconstruction fidelity of 

low-dose CT datasets. 
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 To design GAN based model by adopting effective cross-channel interaction block via 

attention mechanisms, and adding instance normalization to enhance the denoising 

process. 

 To embed dice loss to the learning GAN model. 

1.6. Scope and Limitation of the Study 

1.6.1. Scope of the Study 

The following topics are covered within the thesis study's scope given the time and resources at 

hand: 

 Adopting attention module in the generator network that effectively handles cross-

channel communication to enhance the quality of denoised LDCT image. 

 Embed dice loss as pixel-wise loss between the NDCT images and denoised LDCT 

images, in image domain discriminator branch. 

 Adding instance normalization to improve training effectiveness by reducing the 

statistical difference between the CT images and for faster convergence and reduce 

sensitivity to initiate the learning model.  

1.6.2. Limitation of the Study 

Limitations of the Study includes information lost during the Filtered Back-Projection (FBP) 

reconstruction cannot be easily recovered because the suggested methodology is a post-

processing method, which is a drawback of all post-processing techniques. Furthermore, this 

thesis work does not conduct experiments on several datasets with various amounts of noise due 

to resource and time limitations.  

1.7. Significance of the Study 

This work could be one of the contributions in the area of denoising LDCT images with some 

enhancements and full integration of the suggested model. So that the radiologist and/or 

physicians may get a better diagnosis and make better decisions while the patient's exposure to 

radiation due to the high dose CT scan is lowered. Furthermore, the work can be a valuable 

resource for scientists conducting additional research and investigation in this field. 
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1.8. Contribution of the Study 

To the best of our knowledge this thesis study has a contribution to make in the area of LDCT 

restoration. The following is recorded as this work's contribution: 

 Enhancing the quality of denoised LDCT image by adopting attention mechanism, that 

could provide effective cross channel communication block, in to the network to enrich 

the structural detail information while denoising is being processed. 

 Reducing the blurriness and over smoothing traits, that are occurred as the denoising 

network attempts to eliminate the striking artifacts, by introducing the dice loss function 

as pixel wise loss in the image domain discriminator. 

 Instance normalization has been introduced in the generator network to mitigate the 

statistical difference between the CT images problems and for faster convergence as well 

as for stable training of the learning model. 

1.9. Organization of the Thesis 

The rest of the thesis is structured as follows: 

Chapter Two: The background literature and related works for Low Dose CT Denoising are 

discussed in this chapter. This chapter also elasticizes the Deep Learning and Generative 

Adversarial Network theoretical frameworks. 

Chapter Three: includes the research methodology, which includes the various approaches and 

procedures needed to develop and choose the best answer. Methodologies of data collecting, data 

preprocessing, design and development frameworks and tools, and evaluation methods are all 

covered. 

Chapter Four: will go over the suggested learning function in great depth. Model architecture, 

learning parameters, and pseudo code for training. 

Chapter Five: Explains how the recommended solution is put into action. Regarding the creation 

of the working environment, proposed model implementation, and training implementation 

utilizing snippet codes of the proposed solution. 

Chapter Six: The testing results from the proposed solution are explained and compared to other 

related work to arrive at the best conclusion. 

Chapter Seven: The study comes to a close with recommendations for future research. 
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CHAPTER TWO 

2. LITERATURE REVIEW 

2.1. Introduction  

Back in the day, the program was hard-coded with instructions and rules represented by 

mathematical formulas. As they try to imitate complex real-world circumstances and data, such 

approaches fall short. To address this scarcity, a new software development paradigm arises, 

which examines if a computer can understand as well as a person by being cognitively trained 

called Artificial intelligence or AI (Vanderplas, n.d.). 

Machine learning, at its most basic level, entails the creation of mathematical models to aid in 

the comprehension of data. When we provide these models with configurable parameters that 

may be altered to observed data, we can consider the program to be "learning" from the data. 

Machine learning may be divided into two forms at the most fundamental level: supervised and 

unsupervised learning. Supervised learning entails creating a model for the connection between 

measured data properties and a label associated with the data, which can then be used to apply 

labels to fresh, unknown data. Unsupervised learning, sometimes known as "letting the dataset 

speak for itself," is modeling the features of a dataset without any reference to a label. There are 

further approaches known as semi-supervised learning, which lie between supervised and 

unsupervised learning. When just partial labels are available, semi-supervised learning 

approaches are frequently beneficial (Vanderplas, n.d.). Algorithms for machine learning have 

been employed in a range of applications. Researchers have made several attempts to improve 

the accuracy of machine learning systems. Another factor was taken into account, resulting in the 

concept of deep learning (Shinde, 2018). 

Deep learning is a branch of machine learning that concentrates on self-improvement via 

examining computer algorithms. Deep learning will undoubtedly be used to solve problems in a 

variety of new application domains and sub-domains. Deep learning approaches have recently 

gotten a lot of attention and have outperformed many classical algorithms in a variety of fields 

(Shinde et al., 2009),(I. Goodfellow, n.d.).The artificial neural network ANN was the first deep 

learning system to emerge. Bengio et al. (Bengio & Haffner, 1998) developed the Convolutional 
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Neural Network (CNN) in 1989 to detect handwritten digits was limited by a lack of dataset and 

poor processing capabilities at the time. CNN grew in popularity when AlexNet (Krizhevsky & 

Hinton, n.d.) won the Image Net competition in 2012 with the image classification network. The 

work of Alex et al. has opened the eyes of many scientists and academics to the capabilities of 

deep learning. 

Denoising is one of the many applications where deep learning has been used. It has been a 

prominent research subject in the area of medical imaging as one of the inevitable degradation 

factors in this sector is noise and artifacts. In the context of medical imaging, applying the 

denoising methods which applied for natural image is not optimal. The main reason for this is, 

the medical images are usually represented as texture-rich low-contrast images than natural 

images and they rely heavily on training samples rather than noise type. To address this issue 

incredible various deep learning architectures are being constructed which outperform typical 

denoising filters. Deep learning algorithms have a lot of layers, and information flows through 

each one. Each layer can extract features and pass them on to the next. The first layers extract 

low features, and the next layers combine the features to form a complete representation. Thus, 

this high-level feature capturing of deep learning models demonstrates its ability to learn the 

uncertain noise distributions over the LDCT images throughout the data-driven learning. 

Three subcategories of deep learning-based LDCT restoration techniques, namely discriminative, 

generative, and hybrid (generative and discriminative) can be distinguished according with the 

network model used. The discriminative network models represent bottom-up execution to 

separate learnt data based on a decision boundary. It has been discovered that the racially 

discriminatory models employed in LDCT restoration use Convolutional Neural Networks 

(CNN) and their variants, such as us Stacked Competitive Network (SCN) (Du et al., 2017), 

Residual Network (ResNet) (Kaiming He, Xiangyu Zhang, Shaoqing Ren, 2006), VGG19 

(Simonyan & Zisserman, 2015). The MSE-based objective function, however, causes the 

structures to be too smoothed. Also, the outcomes of the ResNet-based investigations have been 

diminished because they cannot be generalized (Kulathilake et al., 2021). 

The probabilistic distribution of the data is determined by deep learning models grouped as part 

of the generative process. The top-down execution of the generative approach is evident when 

compared to the discriminative approach. Additionally, it uses the unsupervised learning 
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approach to discover features. The most popular generating models for LDCT restoration were 

found to be the autoencoder and U-net models (Kulathilake et al., 2021).  

In the hybrid learning approach, the learning model is built using both generative and 

discriminative network models. This hybrid learning technique has gained popularity in LDCT 

restoration following the introduction of GAN by Goodfellow et al. (B. I. Goodfellow et al., 

2014). The generator for medical image denoising creates samples by learning the distribution of 

low-dose medical images. The discriminator receives both the synthetic images created by the 

generator and the regular dosage images, and it attempts to tell them apart (Creswell et al., 2018). 

GAN is flexible to implement different generator models based on various CNN architectures, 

such as the encoder–decoder (Ding, Long, Zhang, & Fessler, 2018), U-Net (Park, Baek, You, 

Choi, & Seo, 2019), and ResNet (Hu et al., 2019). Also, the discriminator mostly acts as a binary 

classifier to distinguish the synthetic and NDCT images apart. Depending on the adversarial 

learning method and the objective function used, several variants of GAN architectures have 

recently been used by researchers to denoise images, and the results have been astounding. As a 

result, denoising will undoubtedly improve with good GAN architecture. 

2.2. Generative Adversarial Network 

In 2014, GAN (B. I. Goodfellow et al., 2014) was proposed by Goodfellow. Generator G and 

Discriminator D are two stand-alone interacting neural networks that are trained cooperatively by 

playing a zero-sum game in which the generator attempts to distinguish between actual and 

created input.  

The two interacting networks, the generator, and discriminator have fought each other in an 

adversarial way, as we tried to indicate in the previous section. As a result, the discriminator 

intends to separate fake samples from real input data. The generator network, on the other hand, 

is all about generating fake samples that are as good as the actual ones. Both models adjust their 

weight during training to improve until they reach Nash–equilibrium or zero-sum. 
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Figure 2.1 GAN framework structure 

Source: adapted from (Öngün & Temizel, 2019) 

2.2.1. GAN Training  

Machine learning is all about generalization, which involves the model learning from real-world 

data in order to effectively predict the test set. GAN is no different, but unlike many other deep 

learning models, training is a bit difficult (Hitaj, Ateniese, & Perez-Cruz, 2017). So let us start 

with understanding how the adversarial conflict is performed between the discriminator and 

generator. 

A discriminator network is a type of classifier that tries to separate real data from made-up data. 

Real data distribution is used as a positive example during training, while manufactured data 

distribution is used as a negative example.  

 The loss function of GAN training: 

GANs are algorithms that attempt to imitate a probability distribution. As a result, they should 

apply loss functions that reflect the distance between the GAN-generated data distribution and the 

distribution of the real data (I. Goodfellow et al., 2020). There are two loss functions that can be 

used in a GAN: one for generator training and the other for discriminator training. The generator 

and discriminator losses in the loss schemes are derived from a single measure of distance 
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between probability distributions. However, the generator can only change one component in the 

distance measure in any of these schemes: the term that reflects the distribution of the fake data. 

Let us see the common GAN loss function here: 

a) minimax loss: The loss function used in the paper that introduced GANs (B. I. 

Goodfellow et al., 2014). 

   [         ]    [              ] (2.1) 

Since their inception, GANs have been regarded as difficult to train: most of the time, the 

generator is incapable of producing anything helpful or repeatedly creates the same thing (mode 

collapse).  

2.2.2. Least Squares GAN (LS-GAN) 

The discriminator is hypothesized as a classifier with the sigmoid cross-entropy loss function in 

regular GANs. During the learning process, however, this loss function may cause the vanishing 

gradients problem. Xudong Mao (Mao et al., n.d.) devised the Least Squares Generative 

Adversarial Networks (LSGANs), which use the least-squares loss function as the discriminator 

to solve this problem. 

Assume the discriminator uses an a-b coding scheme, with a and b representing the labels for fake 

and real data, respectively. 

Then, for LSGANs, the objective functions are as follows: 
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where c denotes the value that G wants D to believe for fake data. 

https://arxiv.org/abs/1406.2661
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GAN applications cover a wide range of tasks, including an image to image translation, image 

denoising, and video production, to name a few. 

2.2.3. Low Dose CT Imaging 

CT is an X-ray treatment that involves computer processing to create 2D or 3D cross-sectional 

images, and it is one of the most important imaging modalities in today's hospitals and clinics. 

CT scans reveal anatomical shape, size, density, and internal abnormalities in greater detail than 

standard X-rays (Diwakar & Kumar, 2018). However, the patient may be exposed to radiation, as 

x-rays have the potential to cause genetic damage and cancer in a proportional manner to the 

radiation dose. 

 

Figure 2.2 A diagram of the CT imaging 

Source: adapted from (Kulathilake et al., 2021) 

A low-dose CT scan is a quick, painless, and non-invasive screening method that uses the least 

amount of radiation possible. The low-dose CT scan emits about five times less radiation than a 

standard CT. A low-dose CT scan normally exposes the patient to 1-4 millisieverts of radiation, 

depending on their size whereas, normal conventional CT scan produces 5 to 20 millisieverts. 

Reconstructed images with lower radiation doses have more noise and artifacts, which can 

compromise diagnostic information. As a result, much work has gone into developing improved 

image reconstruction or image processing methods for low-dose CT. 

2.3. LDCT Noise 

During LDCT acquisition, CT images are generally damaged by quantum noise and other 

artifacts. Because of the X-ray photon deprivation during image capture, quantum noise is 

encoded in LDCT (Diwakar & Kumar, 2018). Disconnecting the edges, smoothing the target 
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subtle structures, and forming the low-contrast visuals due to the lack of X-ray photons are the 

visual degradations of quantum noise. During experiments, the quantum noise is usually 

approximated by a Poisson distribution (Diwakar & Kumar, 2018). In some cases, the noise 

distribution of CT images is calculated using the Mixed Poisson Gaussian distribution (MPGD) 

(Kaur et al., 2018). The Gaussian and Poisson distributions will be used to model both the 

electrical and quantum noise components in MPGD (Ding et al., 2018). 

a,  Normal dose abdomen CT image 

 

b, Quantum noise corrupted abdomen CT image 

 

Figure 2.3 Visuals of CT Degradations. 

Source: adapted from (Yang et al., 2018) 

2.3.1. LDCT Noise Simulation 

The dominant noise of a low-dose CT image in the projection domain has a Poisson distribution, 

according to the literature (Conolly, Nishimura, & Macovski, 1986), (J. Wang et al., 2008). As a 

result, Poisson noise is applied to the sinogram data of the normal-dose CT image to create a 

low-dose CT image. This approach is demonstrated in the steps below (Supanich et al. 2013): 

a) Compute the Hounsfield unit numbers of the normal dose CT image      from its pixel 

values, using the Eq. 2.4 (if the CT image has padding, it should be removed, first),  

      = 
          

     
 + Intercept  (2.4) 

 Slope and Intercept values can be found from DICOM header. 
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b) Compute the linear attenuation coefficients     based on water attenuation       ,  

     = 
      

    
      +        (2.5) 

c) Obtain the projection data for normal-dose image     by applying radon transform on 

linear attenuation coefficients. To eliminate the size factor, this should be multiplied by 

the voxel size.  

d) Compute the normal-dose transmission data    ,  

     = exp(   ) (2.6) 

e) Generate the low-dose transmission     by injecting Poisson noise, 

     =              
       (2.7) 

 here,    
 

 is simulated low-dose scan incident flux.  

f) Calculate the low-dose projection data    ,  

     =    
   
 

   
  (2.8) 

g) Find the projection of the added Poisson noise,  

        =     −     (2.9) 

h) Compute the linear attenuation of the low-dose CT image    ,  

     =     +       (
      

     
) (2.10) 

where, iradon represents the inverse Radon transform.  

i) Finally apply the inverse of Eq. 2 to find the Hounsfield unit numbers for the low-dose 

CT image. Figure 2.4 demonstrates a normal-dose image and the simulated low-dose 

images with different incident flux   . 
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a) NDCT b) simulated LDCT image 

with    
         

c) Simulated LDCT image 

with    
         

d) simulated LDCT 

image with    
    

     

 

 

Figure 2.4 Simulation of a low-dose CT image from an upper abdominal CT image 

Source: adapted from (Gholizadeh-Ansari, Alirezaie, & Babyn, 2019) 

2.3.2. LDCT Denoising Algorithms 

Over the last few decades, many LDCT restoration methods have been presented, all of which 

can be divided into three categories. 

a) Projection Filtering/ Sinogram Domain Filtering (Paris, n.d.), (Balda et al., 2012), 

(Ouyang et al., 2011) These approaches operate directly on the raw projection data generated 

prior to back-projection. As a result, the restoration methods are fast and precise at 

computing noise statistics. Sinogram domain filtering approaches include structural adaptive 

filtering, bilateral filtering, and the penalized likelihood method. The advantage of these 

forecast statistics is that they are more computationally efficient however, are vendor-specific 

and not available to the general public. In addition, the sinogram domain filtering-restored 

LDCT images always result in a loss of spatial resolution and image edge blur.  

b) Iteration Reconstruction (Q. Xu, Yu, Member, Mou, & Zhang, 2012), (Yi Zhang, Xi, et al., 

2016), (Cai et al., 2014), (Liu, Ma, Fan, & Liang, n.d.). They primarily rely on the prior 

information in the image and accomplish noise reduction by iterating between the sinogram 

and image domains. Some of the priors utilized in the iterative reconstruction-based 

restoration category are non-local means (Yuan et al., 2018) total variation(Yi Zhang, Wang, 

et al., 2016), dictionary learning (Q. Xu et al., 2012), and low-rank approximation (Cai et al., 

2014). Even though this LDCT restoration category produces attractive CT enhancement 

outcomes in terms of increasing the signal-to-noise ratio, iterative reconstruction-based CT 

restoration has been observed to have substantial computing costs and content loss.  
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c) Image domain restoration (Z. Li et al., 2014), (Feruglio, n.d.). They have been 

implemented into the CT imaging system and analysis system since they may be performed 

directly on the images and have lower calculating costs. Non-local means, total variation, 

Block Matching Three dimensions (BM3D), and statistics-based algorithms are examples of 

well-known image denoising techniques. Even if the image domain restoration methods are 

flexible enough to be implemented, the inability to compute the noise statistics due to its non-

uniformity would restrict the accuracy of the proposed CT restoration applications. As a 

result, the present LDCT restoration methods and their limitations have paved the way for 

fresh LDCT restoration methods to be proposed. 

Among the above-listed algorithms image domain restoration algorithms, which are indexed as 

Post-processing methods, are preferred since they can be directly applied to reconstructed images 

rather than raw data. Deep Learning (DL)-based LDCT restoration systems are considered Post-

processing methods and have been increasingly popular in recent years, as opposed to traditional 

LDCT restoration methods, due to their data-driven, high-performance, and quick execution 

properties (Tian, Jia, Yuan, & Pan, 2011). 

The CT reconstruction method generally entails mapping features of normal-dose CT (NDCT) 

images to low-dose CT (LDCT) images, which is accomplished using denoising techniques. The 

learning process includes two major components: network architecture and loss function. The 

architecture determines the complexity of the denoising model and the loss function controls 

what the denoising model learns (Y. Chen et al., 2009). 

2.4. Related Work 

LDCT denoising has been studied by several scholars throughout the years. We looked at the 

works that were thought to have a strong connection to our thesis.  

Chen et al. (H. Chen, Zhang, Zhang, et al., 2017) were the first to propose a low-dose CT image 

denoising method based on convolution neural networks (CNN), which produced better visual 

sense and measurement results. The network structure was then refined by Chen et al. (H. Chen, 

Zhang, Kalra, et al., 2017), who created a residual encoder CNN (RED-CNN). The results were 

superior to those of CNN. However, the LDCT images were over-smoothed and blurred as a 

result of the MSE loss, which tends to average the findings, resulting in the loss of structural 

information. Their network, on the other hand, was complicated and time-consuming. 
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(Gu & Ye, 2021) proposed a cycleGAN with a U-net generator with 10 convolution layers and 

Adaptive Instance normalization (AdaIn) layers, and a Patch-GAN structure with 6 convolution 

layers as a discriminator for LDCT denoising. However, this approach has an issue with 

Structure preservation so it needed to be improved further. 

WGAN-VGG (Yang et al., 2018) employed a transfer learning approach by implementing pre-

trained VGG-19 perceptual loss in the WGAN model. However, the VGG feature extractor is 

pretrained on a natural image dataset that does not contain medical images, using it as a 

perceptual loss results in some distorted images. 

Another fine work by Babyn et al. (Yi & Babyn, 2018) proposes an LDCT denoising model 

using UNet256 as a generator, and Patch-GAN as a discriminator. Even tough, it introduces 

Sharpness-Aware method Using Conditional GAN for Low-Dose CT Denoising to reduce a blur 

effect on the final reconstructed results, In some low-contrast areas, the sharpness metric's 

sensitivity is minimal. 

LDCT denoising with novel 3D self-attention convolutional neural network (M. Li et al., 2020) 

further extend the state of the art in the area of LDCT by adding attention module leverages the 

3D volume of CT images to capture a wide range of spatial information both within CT slices 

and between CT slices. However, Low PSNR and SSIM for some cases due to not using the 

pixel wise loss function. 

In (Image et al., 2021) the authors propose DRWGAN-PF a generative adversarial network that 

incorporates both multi-perceptual and fidelity loss. By reducing the difference between the 

LDCT image and the normal-dose computed tomography (NDCT) image in the feature space, 

multi-perceptual loss employs the image's high-level semantic characteristics to achieve the goal 

of noise suppression. However, perceptual loss is determined using natural images (VGG-19 net) 

this results in some distorted images. 

A new network was proposed by Yang et al. (You et al., 2018), with 8 convolution layers as a 

generator, CNN with 6 convolutional layers as a discriminator, specifically incorporate 3D 

volumetric information to improve the image quality. However in several situations, edge 

blurring and structural dissimilarities appeared. 
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A novel method for denoising LDCT images was proposed by (Huang et al., 2022). The authors 

suggested dual domain U-net based discriminator they so called as DU-GAN. For denoised 

LDCT image generation, the model learns by image to image translation from NDCT to LDCT 

using Residual Encoder-Decoder CNN with 10 convolution and deconvolution layers. Dual U-

net based discriminators are used to learn both global and local difference between the denoised 

and normal dose images in both image and gradient domains. Although it came up with a better 

approach, blurring and degradation in structural features occurs due to the use of MSE loss as 

pixel-wise loss and a lack of attention mechanism provided to the preservation of structural 

features respectively. 

 

Task-oriented Low Dose CT denoising by Zhang (J. Zhang et al., 2021), was the first approach to 

coming up with a novel approach with a task-oriented denoising model and task-oriented loss 

leveraging knowledge from downstream tasks. The key disadvantage of this study is that the 

dataset used to train their model was projection data that was then combined with noise and 

reconstructed using CT simulation software (Divel & Pelc, 2019). These sinogram-based 

methods, on the other hand, are frequently time-consuming, and the simulated projection data 

may not accurately match real-world situations, therefore the simulated LDCT noise is likely to 

be imperfect and affects the training model.  

2.5. Summary of Related Works 

In earlier work, researchers designed various architectures to learn a mapping from an NDCT 

image to LDCT for learning the denoising process in an unsupervised manner, as indicated in the 

table below. However, because those efforts rely on different-GAN architectures to handle the 

denoising, the majority of them pay less attention to structural feature preservation and adopt 

better pixel-wise loss functions, that can handle the denoising process, during model training. In 

fact GAN-based LDCT denoising approaches often retain GAN competition at the structural 

level, with a discriminator that gradually down-samples the input into a scalar value. However, 

because the distribution of synthetic samples shifts when the generator changes throughout 

training, the discriminator is prone to forgetting earlier samples, failing to retain a powerful data 

representation to define the global and local picture difference, besides they did not consider the 

ability of the pixel-wise loss functions to tolerate those features added for improving the 

structure preservation while denoising (Kulathilake et al., 2021). Among the various issues 
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mentioned in the above section, this study attempts to address the problem that most prior works 

faced commonly, notably a lack of an attention mechanism to structural detail preservation and a 

pixel-wise loss function that can tolerate the significant amount of noise in the denoising process 

during model training, we can see this from the table below that some of the works try to use 

attention mechanism without considering the effect of what kind of  pixel-wise loss they have 

used: on the other hand some works try to apply pixel-wise loss using perceptual loss such as 

VGG-19 net, which is pre-trained by natural images that are fundamentally different from 

medical images, and MSE loss, which mostly suffers from over smoothing and blurring issue. 

This paper proposes a technique for embedding an attention mechanism with adequate cross 

channel communication, which will enhance the structural detail preservation, and better pixel 

wise loss function using GAN to solve the above-stated problems. Table 2.1 illustrates a 

summary of related work. 

Table 2.1 Summary of related works 

Related papers Dataset used Methodology Limitation 

(H. Chen, 

Zhang, Kalra, 

et al., 2017) 

National Biomedical 

Imaging Archive 

(NBIA) 

Residual 

Encoder 

Decoder-CNN 

with 5 

convolution and 

deconvolution 

layers 

o Due to the use of an objective 

function based on MSE, texture 

loss and blurring occurred. 

o There is a lack of attention 

mechanism provided to the 

preservation of structural 

features. 

(Gu & Ye, 

2021) 

Cardiac multiphase 

Coro- 

nary CT (CTA) 

U-net generator 

with 10 

convolution 

layer and AdaIn 

layers, 

Patch-GAN 

structure with 6 

convolution 

layers 

o Lack of attention mechanism 

given to structural feature 

preservation 
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(Yang et al., 

2018) 

National Cancer 

Imaging Archive 

(NBIA). 

WGAN with 

CNN with 6 

convolution 

layers in the 

discriminator 

and VGG as a 

perceptual loss 

o Natural images are used to 

determine perceptual loss (VGG-

19 net). 

o Because the VGG feature 

extractor is pre-trained on a 

natural image dataset that does 

not contain medical images, 

using it as a perceptual loss 

results in some distorted images. 

(Yi & Babyn, 

2018) 

National Cancer 

Imaging Archive 

(NBIA). 

SAGAN- 

UNet256 as a 

generator, 

Patch-GAN as a 

discriminator 

o In some low-contrast areas, the 

sharpness metric's sensitivity is 

minimal. 

o Lack of attention mechanism 

given to structural feature 

preservation 

(M. Li et al., 

2020) 

National Cancer 

Imaging Archive 

(NBIA). 

SA-CNN- 

CNN with eight 

convolution 

layer and three 

3D self- 

attention blocks 

as a generator, 

CNN with 6 

convolution 

layers 

o Due to the lack of a pixel-wise 

loss function in some 

circumstances, PSNR and SSIM 

are low. 

 

(You et al., 

2018) 

 

2016 NIHAAPM-

Mayo Clinic Low-

Dose CT Grand 

Challenge 

SMGAN 

3D CNN with 8 

convolution 

layers as a 

generator, 

CNN with 6 

o Edge blurring and structural 

dissimilarities appeared 

o There is a lack of attention 

mechanism provided to the 

preservation of structural 

features. 
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convolutional 

layers as a 

discriminator 

(Huang et al., 

2022) 

2016 NIHAAPM-

Mayo Clinic Low-

Dose CT Grand 

Challenge 

 

DU-GAN- 

Residual 

Encoder-

Decoder CNN 

with 10 

convolution and 

de-convolution 

layers as a 

generator, dual 

UNet based 

discriminators 

o Blurring occurs due to the use of 

MSE loss as pixel-wise loss 

o There is a lack of attention 

mechanism provided to the 

preservation of structural 

features. 
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CHAPTER THREE 

3. RESEARCH METHODOLOGY 

3.1. Chapter Overview 

This chapter grants the methodologies, procedures, and techniques used in achieving the main 

objective of the thesis work, improving the quality of denoised LDCT images. Datasets used, 

data augmentation approaches, preprocessing techniques, development tools, baseline work, and 

finally evaluation methods are all covered in this chapter. 

3.2. Research Approach and Procedure of the Study 

Given the nature of the problem at hand and the research objectives of the thesis, this study falls 

within the category of quantitative research, which may provide results through experimentation.  

In light of this, the techniques are research design techniques that include data gathering and 

analysis, data quantification, relationship construction, and mathematical models to describe 

phenomena or support a theory (Sam, 2012). 

Several various methods have been used to achieve the research work's objective. To achieve the 

desired outcome of the planned work, those are a series of steps or actions. The main steps or 

procedures used in the operation of this thesis are identifying the research area, reviewing what 

has already been done and known by various researchers, gap investigation, research question 

formulation, tool and methodology selection, dataset preparation, and finally designing and 

implementing the best possible solution. The following figure depicts a great view of the actions. 
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Research Area 

Identifiacation

Literature Review

Gap Identification

Research Question 

formulation 

Dataset 

Preparation

Pre-Processing

Proposed Solution

Designing 

Implementation

Evaluation

Prototyping 

Denoising
 

Figure 3.1 Procedures of the Research 

3.3. Dataset 

Deep learning algorithms rely significantly on data to learn and cannot learn without it. The 

suggested model was trained and evaluated on one dataset: The LDCT dataset, which was 

originally produced for the 2016 NIHAAPM-Mayo Clinic Low-Dose CT Grand Challenge. 

3.3.1. NIHAAPM-Mayo Clinic Low-Dose CT 

The LDCT dataset used in this work was a publicly available a real clinical dataset, containing 

CT projection data from patient exams, both at clinical doses and at simulated lower levels, 

which was originally created for the 2016 NIHAAPM-Mayo Clinic Low-Dose CT Grand 
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Challenge and was just released in (Moen et al., 2021). It offers scans from three areas of the 

body, each with a distinct simulated low dose: 25% for the head, 25% for the abdomen, and 10% 

for the chest. 10% chest datasets, named the Mayo-10% chest datasets were used in this  

research because 10% of the normal dose in the chest is more difficult to achieve than 25% of 

the normal dose in the abdomen and head, following (Huang et al., 2022) the NDCT scans of 20 

anonymous patients and the equivalent simulated LDCT (1/4 dose) images after adding realistic 

noise are randomly selected for training and another 10 patients for testing for each dataset; there 

is no identity overlap between training and testing. In particular, 10,000 training and 6439 test 

images were chosen at random from each collection.  

Among the dataset comprises of 10,000 images, for our experiments, a training set of 100,000 

pairs of randomly selected image patches from 10,000 slices were used. The patch size was 64 × 

64 as mentioned in section 3.5.2. Also, 6439 pairs of image patches were extracted for testing 

with full resolution 512x512. 

LDCT 

 

NDCT 

 

Figure 3.2 NIHAAPM-Mayo Clinic Low-Dose CT dataset sample examples 

3.4. Data Augmentation  

A training set can be enlarged via image data augmenting by adding significantly changed copies 

of current data or newly developed synthetic data from existing data. It functions as a regularizer 

and aids in the reduction of over-fitting when training a machine learning model. When fit 

models are trained on additional data, their ability to generalize what they've learnt to new 

images improves.  
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As training progresses, the discriminator's ability to recognize local variations between actual 

and fake samples decreases, which may adversely affect denoising performance. Furthermore, 

the discriminator is meant to concentrate on global structure changes and local features at the 

per-pixel level. To overcome these concerns, the CutMix augmentation strategy is used to 

regularize the discriminator, and can help the discriminator understand the intrinsic difference 

between real and false samples. This work adopts exactly the same CutMix augmentation setting 

in (Huang et al., 2022).   

CutMix is a data augmentation strategy that tackles the issue of regional dropout algorithms' 

information loss and inefficiency (Yun, 2019). Rather than removing pixels and filling them with 

black or grey pixels or Gaussian noise, the deleted portions are replaced with a patch from 

another image, and the ground truth labels are mixed proportionately to the combined images' 

pixel count (Huang et al., 2022). It's implemented via the following formulas: 

  ̃              (3.1) 

   ̃                   (3.2) 

Where M – is the binary mask which indicates the cutout and the fill-in regions from the two 

randomly drawn images and λ (in [0, 1]) is drawn from a Beta (α, α) distribution (it is a family of 

continuous probability distributions defined on the interval [0, 1]) 

3.5. Pre-processing Techniques  

3.5.1. Normalization 

The goal of normalization is to convert features to a common scale. This enhances the training 

stability and performance of the model. In this research, All images are linearly normalized to [0, 

1] during training. 

    
   

𝛿
 

(3.3) 

Where   is the input image that has a value between 0 and 1,  , and 𝛿 are mean and variance 

respectively. Both mean and variance have 0.5 values. 

https://en.wikipedia.org/wiki/Beta_distribution
https://en.wikipedia.org/wiki/Probability_distribution


 

5
https://www.anaconda.com/ 
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3.5.2. Resize  

Image resizing is a critical preprocessing step in deep learning that allows adjusting input data to 

the size of the network. Since techniques based on deep learning require a large number of 

samples. In practice, it is difficult to meet this condition, particularly for clinical imaging. To 

overcome this issue, in this work, overlapped patches in CT images that are 64x64 in size used. 

Due to the ability to detect regional perceptual variations and the greatly increased sample size, 

this technique has been demonstrated to be both effective and efficient (H. Chen, Zhang, Kalra, 

et al., 2017)(Huang et al., 2022). Therefore, the training images in the dataset were resized to 

64 64 which are then directly applied to the whole image i.e. with image size 512 512 for 

visualization and testing.  

3.6. Development Tools 

3.6.1. Hardware Tools  

In the table below, you'll find a list of the hardware tools that were used throughout the study. 

Table 3.1 Hardware tools 

3.6.2. Software Tools 

Different software and coding tools are utilized to implement the research through coding, and 

those are given below with description 

Anaconda
5
: is a combination of Python and R that streamlines deployment and package 

management. N                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                              

Being able to provide a multitude of tools for machine learning and data analysis with just one 

installation makes Anaconda very well known. Conda, the package manager for Anaconda 

provides for the installation of libraries. It also features a useful interaction with pip, which 

Number Device Name Usage for the research 

1 Gpu To train the model 

2 Hard disk To store the datasets and models 

3 RAM To improve hardware performance 



 

6
https://jupyter.org/ 

7
https://pytorch.org/ 

8
https://opencv.org/
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permits the installation of libraries that are not accessible through Anaconda's package manager. 

It can also be used on Linux, macOS, and Windows because it is platform-independent. 

Jupyter Notebook
6
: An open-source, web application that integrates software code, explanatory 

text, computational output, and multimedia resources into a single document. It is integrated with 

the anaconda environment and used for editing code and seeing results. 

PyTorch
7
: An open source machine learning framework that accelerates the path from research 

prototyping to production deployment. It is based on the torch library, which is used in 

applications such as computer vision and natural language processing. PyTorch is nearly as easy 

to learn as the Python programming language because its syntax is similar. 

OpenCV
8
: is a library of programming functions mainly aimed at real-time computer vision. 

Originally developed by Intel, it was later supported by Willow Garage. The library is cross-

platform and free for use under the open-source Apache 2 License. 

3.7. Baseline Work 

The implemented model is compared to models that focus on low-dose CT denoising using GAN 

to validate its effectiveness. DU-GAN (Huang et al., 2022)is chosen as a baseline model based 

on the model performance and generated outcomes when compared to others. 

The DU-GAN model consists of one generator and two discriminators. The generator is 

constructed as Residual Encoder decoder CNN (REDCNN). And U-Net based discriminators in 

both image and gradient domains. U-Net is a semantic segmentation system that consists of an 

encoder, a decoder, and numerous skip connections that copy feature-maps from the encoder to 

the decoder to maintain high-resolution features. It has proven state-of-the-art performance in a 

variety of semantic segmentation and image translation tasks. The authors of the baseline work 

emphasize that in the context of LDCT denoising, U-Net and its variants are solely utilized as a 

denoising model and have not been investigated as a discriminator. DUGAN model use the U-

Net to replace the typical classification discriminator in GANs with a U-Net style discriminator 

that maintains both global and local data representation. U-net based discriminator in image 

domain can provide more informative feedback to the generator including both local per-pixel 

and global structural information. 
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3.8. Evaluation Matrices 

Evaluation metrics are used to measure the quality of the model and to make sure that the model 

is performing optimally and correctly. The model's quality will be assessed using measures such 

as the peak signal-to-noise ratio (PSNR), the structural similarity index measure (SSIM), and the 

root mean square error. 

3.8.1. Peak Signal-to-Noise Ratio (PSNR) 

It is a technical term for the ratio of a signal's maximal power to the power of corrupting noise 

that degrades the accuracy of its representation. Due to the high dynamic range of many signals, 

PSNR is typically stated as a logarithmic number using the decibel scale. 

PSNR is most easily defined via the mean squared error (MSE). Given a noise-free      

monochrome image I and its noisy approximation K, MSE is defined as 

            ∑ ∑[        [   ]]
 

   

   

   

   

 (3.4) 

The PSNR (in dB) is defined as: 

                

     
  

   
 (3.5) 

= 20.      
    

√   
 

=20.                           

Here, MAXI is the maximum possible pixel value of the image. When the pixels are represented 

using 8 bits per sample, this is 255. More generally, when samples are represented using 

linear PCM with B bits per sample, MAXI is 2
B
−1. 

3.8.2. Structural Similarity Index Measure (SSIM) 

The SSIM is a complete reference metric, which means that image quality is evaluated or 

forecasted using a reference image that is original, uncompressed, or free of distortion. It is a 

perceptual paradigm that includes essential perceptual phenomena like brightness and contrast 

masking as well as image degradation as a perceived modification in the informational structure. 

https://en.wikipedia.org/wiki/Mean_squared_error
https://en.wikipedia.org/wiki/Decibel
https://en.wikipedia.org/wiki/Pulse-code_modulation
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The assumption that pixels contain significant interdependencies, particularly when they are 

geographically close, is referred to as structural information. These dependencies include 

important details regarding the object structure of the visual scene. 

Contrast is a phenomenon in which the visual distortions become less obvious in areas of intense 

activity in the scene as opposed to luminance, which is a phenomenon in which the visual This 

evaluation metrics used to measure similarities between two images. 

Luminance,           
             

             
  (3.9) 

Where             is non-negative regularization constant used to avoid instability when the 

mean is close to zero, L is the dynamic range value,    is small constant value. 

 

Contrast,           
           

            
 (3.10) 

Where             is nonnegative regularization constant used to avoid instability when the 

standard deviation is close to zero,  2  small constant value. 

 

Structure, 
         

          

(          )
 (3.11) 

Where, µx average mean of x, µx average mean of y,     variance of x,     variance of y and 

    covariance of x and y, and c3 = c2/2 

            [      ] [        ] [       ]  (3.12) 

Where 𝛼, 𝛽, and 𝛾 are parameters that are used to adjust the relative importance of the three 

components. 

 



 

                32 | P a g e  

3.8.3. Root Mean Squared Error 

The root-mean-square error (RMSE) is a commonly used metric for comparing predicted and 

observed values (sample or population values) by a model or estimator. The square root of the 

average of squared mistakes is the RMSE. Each error's effect on RMSE is proportional to the 

squared error's size; consequently, larger errors have a disproportionately large effect on RMSD. 

RMSE metric is given by: 

       √
∑                     

  
   

 
 (3.13) 
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CHAPTER FOUR 

4. PROPOSED ARCHITECTURE 

4.1. Chapter overview 

This chapter explains the suggested architecture for improving the quality of denoised low dose 

CT scan images, including the necessary diagrammatic representation and mathematical 

expression. The first part of this chapter explains the general architecture of the proposed model 

to denoise LDCT into NDCT; the second section of this chapter describes the overall architecture 

of the proposed model to denoise LDCT into NDCT. The generator and discriminator 

architecture are discussed in the second section. The model learning functions are discussed in 

the third section, and finally, the training pseudo code is explained. 

Dataset Augmentation 

Generator
Image domain 

descriminator

Gradient domain 

discriminator

Evaluation

SSIM PSNR RMSE

NDCT(Real)

        Denoised

      (fake) Real/Fake

Real/Fake

 

Figure 4.1 The proposed model process flow 
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4.2. Model Architecture 

The proposed approach, entitled "ECADU-GAN," is used to generate denoised low dose CT 

images. For learning image-to-image translation, the suggested model was adapted from "DU-

GAN: Generative Adversarial Networks with Dual-Domain U-Net Based Discriminators for 

Low-Dose CT Denoising." The generator network now has instance normalization, Efficient 

channel attention block, and dice loss as a pixel-wise loss in the image domain discriminator. 

One generator and two discriminators are used in the proposed model. The RED-CNN (H. Chen, 

Zhang, Kalra, et al., 2017) architecture was used to construct the generator network. The 

discriminator networks are a U-Net discriminators that learns both global and local differences 

between denoised and normal-dose images in both image and gradient domains, as described in 

(Shinde, 2018).  

Adjustments have been made to the generator network, and additional losses have been applied 

to the image domain discriminator; Section 5.6 addressed the depth implementation detail of the 

model architecture. 
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Figure 4.2 Overall Framework of the Proposed Solution 
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The encoder, decoder, and residual connection between the layers in the encoder and layers in 

the decoder make up the generator, as shown in figure 4.2. The encoder, which is a series of 

fully-connected convolutional layers employed as the stacking encoder, accept the LDCT image 

concatenated with the output attention map created by the attentive block, or efficient attention 

block, as input. The encoder is used to gradually reduce image noise and artifacts from low to 

high levels in order to protect the extracted patch's critical information. 

The efficient channel attention block is used to provide cross channel communication and it aims 

at appropriately capturing local cross-channel interaction, so the coverage of interaction (i.e., 

kernel size k of 1D convolution) needs to be determined. To do this during the inference stage, 

we need estimate a mapping φ from the input LDCT without corresponding NDCT. Assuming 

that the coverage of interaction (i.e., kernel size k of 1D convolution) is proportional to channel 

dimension C. In other words, there may exist a mapping φ between k and C: 

         (4.1) 

The simplest mapping, denoted by the formula in equation (4.9), is a linear function. 

       𝛾      (4.2) 

But linear function-based relationships are too constrained. On the other hand, it is generally 

known that the power of 2 is typically specified for channel dimension C (i.e., the number of 

filters). Therefore, by converting the linear function in equation (4.2) to a non-linear one, i.e., 

                  (4.3) 

Afterward, kernel size k can be adaptively chosen by using given channel dimension C. 

 
        |

     

𝛾
 

 

𝛾
| 

(4.4) 

By adopting a non-linear mapping  , (Q. Wang et al., 2020) it is evident that high-dimensional 

channels interact over longer distances whereas low-dimensional channels interact over shorter 

distances.  

Finally, as mentioned before the mapping from the attentive block concatenated with input 

LDCT and fed to the generator encoder. As the result, the injected attention map φ would serve 
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as the prior information to guide the network in order to direct the removal of noise and 

preservation of structural detail, in the generator and discriminator. 

The discriminator networks are utilized to contrast the denoised LDCT from that of the real 

NDCT using UNet based model both in image and gradient domain.  

4.3. Generator Architecture 

A learning generator that captures the training data distribution and generates new samples that 

are indistinguishable from the real ones. The generator's goal in LDCT denoising is to produce 

photo-realistic denoised results in order to mislead the discriminator(Yi & Babyn, 2018). The U-

Net architecture is used in RED-CNN, however the down-sampling and up sampling processes 

are removed to prevent data loss. At both the encoder and decoder, the model has 10 

convolutional and de-convolutional layers, each having 32 filters to reduce computation costs, 

and a ReLU activation function. There are ten remaining residual connections in all. 

4.3.1. Instance Normalization 

The normalization method, on the surface, appears to eliminate instance-specific contrast 

information from the content image, making generation easier (Z. Xu, Yang, Li, & Sun, 2018). 

This demonstrates how a minor tweak in the stylization architecture can result in a considerable 

improvement in the quality of the generated images. 

Let            denote the feature map of a convolutional layer derived from a mini-batch 

of image samples, where N is the batch size, C is the layer width (number of channels), and The 

feature map's height and width are H and W. The element at height h and width w and the     

channel from the nth sample is denoted by      . The instance normalization layer can be stated 

as, 

           𝛾  (
         

   
)  𝛽   

 

(4.5) 

4.3.2. Efficient Channel Attention 

The channel attention mechanism has recently been shown to have a lot of promise in terms of 

boosting the performance of deep convolutional neural networks (CNNs) (Q. Wang et al., 2020). 

Most existing techniques, on the other hand, focus on creating more sophisticated attention 

modules in order to improve performance, which necessarily increases model complexity. To 
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overcome the paradox of performance and complexity trade-off, (Q. Wang et al., 2020) proposes 

an Efficient Channel Attention (ECA) module with only a few parameters and a noticeable 

performance improvement. They show that avoiding dimensionality reduction is critical for 

learning channel attention, and that suitable cross-channel interaction can preserve performance 

while drastically reducing model complexity by dissecting the channel attention module in 

SENet (Squeeze and Excitation Network). As a result, a local cross-channel interaction technique 

that does not require dimensionality reduction and can be performed efficiently using 1D 

convolution. 

 

Figure 4.3 A Diagram for Efficient Channel Attention (ECA) Module. 

Source: adapted from (Q. Wang et al., n.d.) 

Given the aggregated features obtained by global average pooling (GAP), ECA generates 

channel weights by performing a fast 1D convolution of size k, where k is adaptively determined 

via a mapping of channel dimension C. 
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4.4. Discriminator Network 

The discriminator networks are a UNet based discriminators which can simultaneously learn the 

global and local difference between the denoised and normal-dose images in image and gradient 

domains. Combining the U-Net based discriminators in the image and gradient domains, two 

independent GANs competitions are maintained during training  (Huang et al., 2022). The 

generator is responsible for denoising an LDCT image, which is subsequently fed into two 

independent discriminators in the image and gradient domains. In the image domain branch, the 

discriminator      penalizes the generator for producing photo-realistic denoised LDCT, 

whereas in the gradient domain branch, the discriminator      encourages better edge while 

reducing streak artifacts due by photon shortage. Additionally, each branch's discriminator uses a 

U-Net-based design to encourage the generator to focus on both global structure and local 

details, which can improve the denoising process' interpretability with the per-pixel confidence 

map output. 

Most importantly, a spectral normalization layer (Miyato, Kataoka, Koyama, Yoshida, & 

Networks, 2018) and a Leaky ReLU activation with a slope of 0.2 for negative input follow each 

convolutional layer of Discriminator except the last one are added. 

 

 

 

 

 

 

 

 



 

  41|P a g e  

Discription

Added Component

2
5

6
 f

il
te

rs
, 

1
s,

 

4
x

4
 

5
1

2
 f

il
te

rs
, 

1
s,

 

4
x

4
 

5
1

2
 f

il
te

rs
, 

1
s,

 

4
x
4
 

6
4

 f
il

te
rs

, 
1

s,
 4

x
4

L
ea

k
y

 R
el

u

1
2

8
 f

il
te

rs
, 

1
s,

 

4
x

4

2
5

6
 f

il
te

rs
, 

1
s,

 

4
x

4
 

5
1

2
 f

il
te

rs
, 

1
s,

 

4
x

4
 

5
1

2
 f

il
te

rs
, 

1
s,

 

4
x

4
 

Per pixel 

Real/fake

1
2

8
 f

il
te

rs
, 

1
s,

 

4
x

4

5
1

2
 f

il
te

rs
, 

1
s,

 

4
x

4
 

5
1

2
 f

il
te

rs
, 

1
s,

 

4
x
4
 

Denoised LDCT NDCT

Dice Loss

Global

Real/fake

Down-Sampling

          Up- sampling 

Convolution Layer

Leaky ReLU

    De-convolution Layer

       Spectral normalization

Dice Loss

S
N

L
ea

k
y

 R
el

u

S
N

L
ea

k
y

 R
el

u

S
N

L
ea

k
y

 R
el

u

S
N

L
ea

k
y

 R
el

u

S
N

L
ea

k
y

 R
el

u

S
N

L
ea

k
y

 R
el

u

S
N

L
ea

k
y

 R
el

u

S
N

L
ea

k
y

 R
el

u

S
N

L
ea

k
y

 R
el

u

S
N

6
4

 f
il

te
rs

, 
1

s,
 4

x
4

 

Figure 4.5 Discriminator Architecture 
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4.5. Model Learning Functions 

The main objective of this work is to generate better-quality denoised LDCT. To achieve this 

objective different learning functions such as loss functions and attention mechanisms introduce 

to the network. The loss functions used in this work include adversarial loss which is defined in 

the context of least squares loss, reconstruction loss    loss in the gradient domain, and instead of 

using MSE loss, which is what the baseline model does, we use dice loss for the pixel-wise loss.  

4.5.1. Adversarial Loss 

In this study, the sum of image and gradient branches of the discriminator is employed as 

adversarial loss using the context of Least Squares Loss to train the GAN framework rather than 

vanilla GAN. The objective function can be defined as follows:  

       *[    
           ]

 
 [    

           ]
 

⏟                           +   

  

[    
   

           ]
 
 [    

   
          ]

 

⏟                             

Gradient domain 

 

(4.12) 

Where   denotes the Sobel operator to obtain the image gradient and the streak artifacts can be 

easily captured in this gradient domain as it can be illustrated in the figure 4.5. 

 

 

 

 

 

 

 

 

 



 

  43|P a g e  

 

NDCT Horizontal Gradient Vertical Gradient 
 

 

LDCT Horizontal Gradient Vertical Gradient 
 

 

Figure 4.6 Vertical and Horizontal Gradients from a Pair of LDCT and NDCT Images. 

Source: adapted from (Huang et al., 2022) 

4.5.2. Reconstruction Loss 

L1 is a common loss function that seeks to reduce the absolute differences between estimated 

and target values. The L1 loss function is more robust and unaffected by outliers in general. 

Following (Knyaz, Kniaz, & Remondino, 2019), l1 loss was used between the generated and real 

images in gradient domain discriminator . 

             ̃  

 

(4.13) 

Where    is the ground truth image and   ̃ is the generated images 
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4.5.3. Dice Loss 

The Dice coefficient is a popular metric in the computer vision domain for calculating image 

similarity and used for evaluating segmentation performance. Dice Coefficient has been adjusted 

to make it more tractable because it is non-convex in nature (Jadon, 2020). It was also 

implemented as a loss function known as Dice Loss later in 2016. As demonstrated in (Yue, 

2021), dice loss is utilized to compute the task-oriented loss, allowing the denoising network to 

increase the specific features required by the discriminator network while also improving the 

overall efficiency of the medical image processing pipeline. Inspired by the above work, in this 

research dice loss is used as a pixel-wise loss Instead of MSE loss. 

 
      ̂     

   ̂   

    ̂    
 

 

(4.14) 

Where y is the real image and  ̂ is fake or predicted image by the model, and 1 is added in 

numerator and denominator to ensure that the function is not undefined in edge case scenarios 

such as when y =  ̂ = 0. 

4.6. Training Pseudo Code 

The training algorithms employed in this work are described in this section. The efficient 

channel attention based LDCT image denoising by the GAN model was trained using the method 

in Table 4.1 in a similar way to how most GAN are trained. The goal of the entire configuration 

and training procedure is to lessen the noise in the LDCT image and the difference between the 

original image and the restored image. 
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Algorithm: overall training algorithm of the proposed model 

 Inputs:     

 Outputs: denoised LDCT       

 Ground Truth:      

 For the number of training iteration do: 

  Train D: 

   
                  [  

              

            
] 

        =                |                | 

  Update discriminator parameters to minimize classification loss.  

  Train G: 

               *[    
           ]

 
 [    

           ]
 
+

 [    
              ]

 
 [    

              ]
 
 

                                                

  Update generator parameters to minimize reconstruction loss. 

 End for 

The bold indicates the modified component 
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CHAPTER FIVE 

5. IMPLEMENTATION DETAILS 

5.1. Chapter Overview 

This chapter discusses the suggested model's implementation, as well as the working 

environment, data augmentation, ECA-DUGAN implementation, and the experiment class that 

was conducted.  

5.2. Working Environment 

This section discusses the environmental setup of hardware tools used for implementing the 

model. 

Desktop: 

 Processor: Intel®Intel™ i7-8700 CPU @ 20GHz 3.19 GHz  

 Installed RAM: 8.00 GB  

 Operating system: Window 10 pro  

 System type: 64-bit operating system, x64-based processor  

Desktop:  

 Processor: Intel® Core™ i5-4590 CPU @ 3.30 GHz 3.30 GHz  

 Installed RAM: 14.00 GB  

 Operating system: Window 10 pro  

 System type: 64-bit operating system, x64-based processor  

 Graphics: Intel ® HD Graphics 4600  

 GPU: GeForce RTX 2070 Super 6 GB RAM 

5.3. Environmental Setup  

 Anaconda: is an open-source tool that makes package administration easier. It is 

utilized to set up Python and its various modules. Anaconda version 1.9.7 is utilized 

to set up necessary libraries and modules.  

 Jupyter notebook: an open-source, tool that integrates software code, explanatory 

text, computational output, and multimedia resources into a single page.  
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 Colab: is a free notebook that runs on the cloud and makes use of a free GPU. It lets 

you develop and run Python code and incorporates TensorFlow, OpenCV, Keras, and 

PyTorch. 

5.4. Dataset Generation Implementation 

Analyzing the effect of the patch size during training is crucial because of the discriminator's U-

Net architecture. So that in the dataset generation implementation cropping the training images 

with patch size because training the denoising model from scratch with full image size i.e. 512 x 

512, which is highly challenging. As a result, we trained our model using 64 x 64 images. 

(Huang et al., 2022) Shows small patch size can achieve better performance because the larger 

patch sizes may introduce training difficulties with less training samples. 

 

Sample code 5.1 Dataset generation implementation 

5.5. Data Augmentation Implementation 

As previously mentioned, this work uses the CutMix technique as a data augmentation strategy 

to generate the new training image by cutting patches from one image and pasting them into 

another. 

 

Sample code 5.2 Data augmentation implementation 

5.5. ECA-DUGAN for the denoising of LDCT 

One generator and two discriminator networks are included in the proposed model. The 

generator network is a REDCNN generator with encoders, a residual block, and a decoder, as 
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discussed in section 4.3. Both encoders and decoders are 10-layer neural networks with 32 filters 

for computational efficiency, followed by a ReLU activation function. There are ten residual skip 

connections as (Huang et al., 2022). The layers of the generator and discriminator architecture 

are described in Tables 5.1 and 5.2. 
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Sample code 5.3 Generator function implementation 

Then the least squared loss is computed to assess whether the generated image is real or fake. 

The detailed implementation is discussed in appendix C. 

Table 5.1 Content of the generator architecture 

Generator 

Layers in the encoder Content of each block 

1 Convolution - (filters = 32, kernel = 3 x 3, stride = 1, padding = 1)  

2-10 Convolution - (filters = 32, kernel = 3 x 3, stride = 1, padding = 1)  

instance normalization, Relu  

Layers in the decoder  

1-10 Deconvolution – (filters = 32, kernel = 3 x 3, stride = 1, padding = 

1) , ReLu 
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Table 5.2 Content of the discriminator architecture 

Discriminator  

Layers in the encoder Content of each block 

1 Convolution - (filters = 64, kernel = 4 x 4, stride = 1, padding = 1), 

Spectral normalization, Leaky ReLu  

2 Convolution - (filters = 128, kernel = 4 x 4, stride = 1, padding = 1), 

Spectral normalization, Leaky ReLu  

3 Convolution - (filters = 256, kernel = 4 x 4, stride = 1, padding = 1), 

Spectral normalization, Leaky ReLu  

4-5 Convolution - (filters = 512, kernel = 4 x 4, stride = 1, padding = 1), 

Spectral normalization, Leaky ReLu  

6 Convolution - (filters = 512, kernel = 4 x 4, stride = 1, padding = 1) 

Layers in the decoder  

1 Convolution - (filters = 64, kernel = 4 x 4, stride = 1, padding = 1), 

Spectral normalization, Leaky ReLu  

2 Convolution - (filters = 128, kernel = 4 x 4, stride = 1, padding = 1), 

Spectral normalization, Leaky ReLu  

3 Convolution - (filters = 256, kernel = 4 x 4, stride = 1, padding = 1), 

Spectral normalization, Leaky ReLu  

4-5 Convolution - (filters = 512, kernel = 4 x 4, stride = 1, padding = 1), 

Spectral normalization, Leaky ReLu  

6 Convolution - (filters = 512, kernel = 4 x 4, stride = 1, padding = 1)  
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5.5.1. Efficient Channel Attention Implementation 

An efficient channel-attention layer, as mentioned in section 4.3.2, assists the generator network 

in producing images with fine details in every location that are precisely coordinated with fine 

characteristics in distant sections of the image. Before proceeding to the generator's first encoder 

layer, the outputs of efficient channel-attention layer is concatenated with the input LDCT 

images. 

 

Sample code 5.4 Efficient Channel attention implementation 

5.5.2. Dice Loss Implementation 

As described in section 4.5.3 dice loss is utilized to compute the task-oriented loss, allowing the 

denoising network to increase the specific features required by the discriminator network while 

also improving the overall efficiency of the medical image processing pipeline. 
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Sample code 5.5 Dice Loss Implementation 

5.6. Discriminator Network Implementation 

The discriminator used in this work is U-Net based discriminator which has a lot of advantages 

over other traditional discriminator architectures such the patch discriminator, pixel 

discriminator, (Knyaz et al., 2019), and traditional global discriminator. The U-Net based 

discriminator has the benefits of both worlds producing higher quantitative findings and 

denoising quality as opposed to pixel discriminators that only capture per-pixel differences and 

conventional classification discriminators that solely concentrate on global structure. There are 

two independent discriminators in both image and gradient domains, each of which follows a U-

Net architecture. Specifically,      has 6 down-sampling ResBlocks (Kaiming He, Xiangyu 

Zhang, Shaoqing Ren, 2016) with increasing number of filters; i.e. 64, 128, 256, 512, 512, and 

512. At the bottom of      , a fully-connected layer is used to output the global confidence 

score. Similarly,      used the same number of ResBlocks in a reverse order to process the 

bilinearly up-sampled features and the skip residuals of the same resolution, followed by a 1×1 

convolutional layer to output the per-pixel confidence map. Most importantly, a spectral 

normalization layer (Miyato et al., 2018)and a Leaky ReLU activation with a slope of 0.2 for 

negative input follow each convolutional layer of D except the last one.  
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Sample code 5.6 Discriminator Implementation 

5.7. Hyperparameter Configuration 

An established parameter, such as batch size, number of epochs, optimization, learning rate, and 

loss weight, is referred to as a hyper-parameter. These variables are modifiable and directly 

affect how well a model trains. Adam optimizer with fixed learning-rate = 10
-4

 was used to 

update the network weight. Optimizers are methodological approaches that are used to modify 

the characteristics of the neural network, such as weights and learning rate, to minimize losses. 

Adam is said to combine the advantages of two different stochastic gradient descent algorithms. 

Particularly AdaGrad and RMSProp (Kingma & Ba, 2015), it is simple to implement, 

computationally effective, and memory-light. The amount by which the weights are altered 

during exercise is known as the step size, also referred to as the "learning rate." The weight loss 

and learning rate employed in this study are comparable to those in (Huang et al., 2022). The 

model is trained over 10000 iterations with a batch size of 1. 

Table 5.3 Hyperparameter Configuration 

Hyperparameter Values 
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Batch size 1 

Number of iteration 10000 

Optimizer Adam optimizer 

Learning Rate 10
-4 

Loss weight for adversarial loss (         ) 0.1 

Loss weight for dice loss in image domain 

discriminator (    ) 
1 

Loss weight for L1 in gradient domain 

discriminator (    ) 
20 

 

5.8. Experiment Class 

It is required to conduct many experiments and test them in order to evaluate the essence of 

adopting attention mechanisms and better pixel wise loss in the improvement of denoised LDCT 

image quality. There are six separate experiments carried out as shown in table 5.4. The 

implementation of the baseline work constitutes the first experiment. As stated in section 3.7, 

DUGAN used dual discriminators to identify both global and local differences between images 

that had been denoised and those that had received a normal dose. The image domain 

discriminator provided per-pixel feedback to the denoising network through the outputs of the 

Unet focused on the global structure at the semantic level through the middle layer of the UNet, 

while the gradient domain discriminator alleviate the artifacts caused by photon starvation and 

enhance the edge of the denoised LDCT images. 

Initial work of the proposed model is the second experiment. In this experiment, a channel 

attention block was incorporated in the last layer of generator encoder network along with the 

addition of instance normalization in the generator encoder network while keeping the pixel wise 

loss the same as in the baseline work, which is MSE loss. In the third and fourth trial, an attempt 

was made to determine the pixel-wise loss that could handle the denoising process, and as a 

consequence, dice loss rather than MSE loss produced results with less blur. And in the 

remaining experiments dice loss was used as a pixel wise loss. In the fifth experiment, additional 

research was conducted to identify more effective attention mechanisms. To this end, effective 

channel attention block and spatial attention techniques were applied in various generator 

network regions. In order to retrieve the finer structural details of the denoised LDCT image, the 
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model was finally trained using only the efficient channel attention block, as described in section 

4.3.2. The noise reduction and structural detail preservation are guided by the attention map M, 

which is pumped into the generator after concatenated with the input LDCT images channel-

wisely. The overall proposed model is represented by this experiment.  

Table 5.4 List of experiment class 

Notation Experiment Dataset 

 

DU-GAN 
Baseline 

NIHAAPM-Mayo Clinic 

Low-Dose CT with 10% 

Normal dose chest CT 

 

 

CA + IN+DU-GAN 

With the addition of Channel Attention 

block in the generator-encoder and 

instance normalization while keeping the 

pixel wise loss the same as in the 

baseline work, which is MSE loss 

 

NIHAAPM-Mayo Clinic 

Low-Dose CT with 10% 

Normal dose chest CT 

 

CA + IN+ DU-GAN - (dice 

loss + MSE loss) 

With combination of dice loss and MSE 

loss as the pixel wise loss instead of 

MSE loss 

NIHAAPM-Mayo Clinic 

Low-Dose CT with 10% 

Normal dose chest CT 

 

 

CA + IN+DU-GAN -(dice 

loss) 

With dice loss as the pixel wise loss 

instead of MSE loss  

NIHAAPM-Mayo Clinic 

Low-Dose CT with 10% 

Normal dose chest CT 

 

 

ECA + IN+ SA+ DU-GAN-

(dice loss) 

With the addition of both Efficient 

channel attention block and spatial 

attention layer to the generator network 

NIHAAPM-Mayo Clinic 

Low-Dose CT with 10% 

Normal dose chest CT 

 

ECA + IN+DU-GAN-(dice 

loss) 

With only the addition of Efficient 

channel attention block 

NIHAAPM-Mayo Clinic 

Low-Dose CT with 10% 

Normal dose chest CT 
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CHAPTER SIX 

6. RESULTS AND DISCUSSION 

6.1. Chapter Overview 

This chapter discusses the results of baseline research, the various experiments undertaken, 

including the proposed approach, and compares the results with figure, graphs, and tables. 

6.2. Result of the Study 

6.2.1. Experimental Results 

In order to obtain better findings for this study, six experiments were conducted, and all of them 

used the same dataset, hardware, and software configuration to allow for comparison. The 

findings for the NIHAAPM-Mayo Clinic Low-Dose CT dataset are displayed. 

6.2.2.1. DU-GAN 

DU-GAN contains one generator and two discriminators. The first discriminator is in the image 

domain branch and used to penalize the generator generating photo-realistic denoised LDCT 

while the second discriminator in the gradient domain branch encourages better edge while 

alleviating the streak artifacts caused by photon starvation. (Huang et al., 2022) Additionally, the 

discriminator in each branch employs a U-Net based architecture to encourage the generator 

focusing both global structure and local details. 
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 Input LDCT  Denoised LDCT  NDCT 

   

 

Figure 6.1 Results of DUGAN 

In the first and second column there are input LDCT and NDCT images and  the second column 

shows results of DU-GAN respectively. 

As seen in figure 6.1, there is a lot of blur and fog in the second column of the denoised LDCT 

image, which affects the structural detail of the CT scan image. This demonstrates that there is a 

probability that the DU-GAN network may fail to preserve structural information due to lack of 

attention network. Furthermore, there is also a quality problem due to the blur caused by using 

MSE loss as pixel wise loss. 

6.2.2.2. CA + IN+DU-GAN 

To solve the problem of preserving the structural detail channel attention layer was added at the 

decoder of the generator along with instance normalization in the generator network while 

keeping the pixel-wise loss as it is in the baseline work. 
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Input LDCT  Denoised LDCT NDCT 

   

 

Figure 6.2 Results of CA + IN+ DU-GAN 

In the first and third column there are input LDCT and NDCT images and in the second column 

shows results of CA+IN+DU-GAN respectively. 

As shown in figure 6.2, the blurry decreases compared to the previous experiment but there are 

still noise artifacts at the generated image. Moreover, the structural details are still not clear. 

6.2.2.3. CA + IN+ DU-GAN - (dice loss + MSE loss) 

The second experiment was conducted to address the blurriness issue, which was mostly brought 

on by the MSE loss in the image domain discriminator. 

While maintaining the other elements from the prior experiment, dice loss is introduced and used 

in conjunction with MSE loss in this experiment to examine its effects.  
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Input LDCT  Denoised LDCT  NDCT 

   

 

Figure 6.3 Results of CA + IN+ DU-GAN + (dice loss + MSE loss) 

As seen in the figure 6.3 this model was unable to significantly reduce blurriness visually, but as 

can be seen in section 6.5, the quantitative results of the evaluation metrics show modest 

improvement. 

6.2.2.4. CA + IN+DU-GAN - (dice loss) 

To further examine the effect of dice loss, in this experiment only dice loss is used as a pixel wise in the 

image domain discriminator.  
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Input LDCT Denoised LDCT NDCT  

   

 

Figure 6.4 Results of CA + IN+ DU-GAN + Dice Loss 

As can be seen in the figure 6.4, the addition of dice loss greatly reduces blurriness visually. As 

can be shown in section 6.5, the quantitative results of the assessment metrics also improve when 

compared to the previous one. However, compared to the NDCT image, the produced images 

lack some structural detail.  

6.2.2.5. ECA + IN+ SA+ DU-GAN – (dice loss) 

To solve the lack of structural detail issue in the previous experiment, in this experiment 

Efficient channel attention block is added before the generator network, spatial attention block is 

added between encoder and decoder in the generator network while keeping the dice loss as per 

pixel loss in image discriminator branch. 
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Input LDCT  Denoised LDCT   NDCT 

   

  

Figure 6.5 Results of ECA + IN+ SA+ DU-GAN+ Dice Loss 

As shown in the figure 6.5 even though there was a slight enhancement according to the 

evaluation metrics as it is mentioned in section 6.4.1., the result images do not show that much 

improvement in visual quality when compared to the previous experiment. This leads us to 

examine the next experiment.  

6.2.2.6. ECA + IN+DU-GAN – (dice loss) 

In this experiment, the network is trained without spatial attention block in the generator network 

to show the effect of efficient channel attention block has on the network.  

As shown in figure 6.6 below, the denoised LDCT image has good quality for the dataset 

compared to the previous experiments. The result shows that the efficient channel attention block 

on its own can give the required cross channel communication which brings a clear improvement 

to the model to generate better quality denoised LDCT images. 
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 Input LDCT Denoised LDCT NDCT 

   

 

Figure 6.6 Results of ECA + IN + DU-GAN+ Dice Loss 
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a)DU-GAN 

 

b) CA + IN+DU-GAN 

 

C) CA + IN+ DU-GAN - (dice loss + MSE loss)

 

d) CA + IN+DU-GAN - (dice loss)

 

    

 

 

e) ECA + IN+ SA+ DU-GAN – (dice loss)

 

f) ECA + IN+DU-GAN – (dice loss) (proposed model) 

 

g) LDCT 

 

h) NDCT 

 

    

Figure 6.7 Transverse CT images from the Mayo-10% 
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6.3. Sample Training Log for ECA-DUGAN 

Figure 6.8 shows the generator loss of proposed model, at the first number of iterations, the loss 

was around 16.8, and even if there is an up and down in the loss value, the loss decreases 

smoothly throughout the training epochs. At number of iteration 10000 the loss is around 2.73.  

Figure 6.9 shows the discriminator loss of proposed model, at the first number of iteration, the 

loss was around 6.48. There is an up and down in the loss value. However it decreases 

throughout the final number of iterations. At iteration number 10000 the loss is around 

0.85783756. 

 

Figure 6.8 Generator Loss Graph 

 

 

Figure 6.9 Discriminator Loss Graph 
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6.4. Evaluation Metrics 

6.4.1. Peak Signal to Noise Ratio, Structural Similarity Index Measure and Root 

Mean Squared Error 

Three objective evaluation metrics (PSNR, SSIM, and RMSE) were utilized to assess the 

execution of the model. Table 6.1 summarizes the result of the learned model to show their 

reconstruction ability via PSNR, SSIM, and RMSE metrics to measure the similarity of restored 

images and ground truth image (in this case NDCT image). Those metrics are calculated by 

using 6439 test LDCT images from the NIHAAPM-Mayo Clinic Low-Dose CT dataset. Higher 

PSNR and SSIM values and lower RMSE values indicate that the generated image has become 

close to the original image.   

Table 6.1 PSNR, SSIM, and RMSE for all experiments 

Number  Experiments SSIM PSNR RMSE 

1 DUGAN 0.72109 20.40010 0.09821 

2 CA + IN+DU-

GAN 

0.73504 21.32325 0.08902 

3 CA + IN+DU-

GAN + dice loss + 

MSE loss 

0.73067 21.76348 0.08429 

4 CA + IN+DU-

GAN + dice loss 

0.73096 21.81198 0.08400 

5 ECA + IN+SA+ 

DU-GAN + dice 

loss 

0.73258 21.92848 0.08286 

6 ECA + IN+DU-

GAN + dice loss 

0.73830 22.04259 0.08170 
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6.5. Results Discussion  

6.5.1. Discussion on SSIM Result 

The SSIM evaluates the perceived quality of images and visual similarity as well as structural 

similarity between NDCT images and denoised LDCT images. As demonstrated in Table 6.1 the 

CA + IN+DU-GAN model scores 0.73504 which is better than the baseline work. The CA + 

IN+DU-GAN + dice loss + MSE loss, CA + IN+DU-GAN + dice loss, and ECA + IN+SA+ DU-

GAN+ dice loss score 0.73067, 0.73096 and 0.73258 respectively. The ECA + IN+DU-GAN+ 

dice loss improved the SSIM score from 0.73258 to 0.73830 indicating that the dice loss, 

Efficient channel attention along with instance normalization improve the quality of the 

generated denoised LDCT images. 

 

Figure 6.10 SSIM Score of the Six Models 

The y-axis indicates the SSIM score and the x-axis indicates the six experiments 

6.5.2. Discussion on PSNR result 

PSNR is another metric used for evaluating the quality of the generated image in pixel space. As 

demonstrated in Table 6.1 the DU-GAN scores the lowest PSNR which is 20.40010. The CA + 

IN+DU-GAN scores 21.32325, indicating that the quality of the produced LDCT image is higher 

than the prior experiment. CA + IN+DU-GAN + dice loss + MSE loss , CA + IN+DU-GAN + 

dice loss, and ECA + IN+SA+ DU-GAN+ dice loss score 21.76348, 21.81198, and 21.92848 

respectively all of them are a bit higher than CA + DU-GAN since they generate image 
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sequences somehow sharp than the CA + IN+DU-GAN. The ECA + IN+DU-GAN+ dice loss 

model scores 22.04259 which is the highest of all the other experiments, indicating that the 

quality of the image sequences generated by this model is better than previous experiments. 

 

Figure 6.11 PSNR Score of the Six Models 

The y-axis indicates the PSNR score and the x-axis indicates the six experiments 

6.5.3. Discussion on RMSE result 

RMSE is also another metric used in this work for evaluating the quality of the generated image 

in pixel space like PSNR. As demonstrated in Table 6.1 the DU-GAN scores the highest RMSE 

which is 0.09821. The CA + IN+DU-GAN scores 0.08902, indicating that the quality of the 

produced LDCT image is higher than the prior experiment. CA + IN+DU-GAN + dice loss + 

MSE loss, CA + IN+DU-GAN + dice loss , and ECA + IN+SA+ DU-GAN+ dice loss score 

0.08429, 0.08400 and 0.08286 respectively all of them are a bit higher than CA + IN+DU-GAN 

since they generate image sequences somehow sharp than the CA + IN+DU-GAN. The ECA + 

IN+DU-GAN+ dice loss model scores 0.08170 which is the lowest of all the other experiments, 

indicating that the quality of the image sequences generated by this model is better than previous 

experiments. 
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Figure 6.12 RMSE Score of the Six Models 

The y-axis indicates the RMSE score and the x-axis indicates the six experiments 

6.5.4. Research Question Discussion 

Every research question posed in the first chapter is addressed by this study. The following is 

how this study responds to each question: 

Answer for Q1: The better learning constraints were identified for enhancing the denoised LDCT 

image quality such as efficient channel-wise attention was identified for improving the structural 

details of denoised LDCT image and dice loss was identified for compute the task-oriented loss 

between the denoised LDCT image and NDCT, allowing the denoising network to increase the 

specific features required by the discriminator network. Instance normalization was also 

identified for faster convergence and to improve training effectiveness of the denoising network.  

Answer for Q2: Efficient channel attention was added in the generator network as an adequate 

cross-channel communication block, the experimental result shows a better result regarding the 

denoised LDCT image quality. The result of the SSIM, PSNR and RMSE shows the 

effectiveness of this attention for enhancing the quality of the denoised LDCT image by 

improving the SSIM score from 0.73258 to 0.73830, the PSNR score from 21.92848 to 22.04259 

and the RMSE score from 0.08286 to 0.08170. To show the effect of another attention 

mechanisms, which can provide cross channel communication block, separate experiments were 
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conducted so based on the evaluation metrices as shown in table 6.1, the channel attention 

improved the result of baseline model from 0.72109 to 0.73504, 20.40010 to 21.32325, 0.09821 

to 0.08902 based on the SSIM, PSNR, and RMSE results respectively. The efficient channel 

attention and spatial attention improves the results of the channel attention from 0.73096 to 

0.73258, 21.81198 to 21.92848, 0.08400 to 0.08286 based on the SSIM, PSNR, and RMSE 

results respectively. From this answer, this study finds that the identified attention mechanism so 

called efficient channel attention have a great influence on quality enhancement. 

Answer for Q3: Dice loss was added to the image discriminator model to saw the effect of this 

loss, the experimental result shows a better result regarding enhancing the structural detail 

similarity between the generated denoised LDCT image and the target NDCT image. Based on 

the evaluation metrices as shown in table 6.1, the dice loss improves the SSIM, PSNR, and 

RMSE result from 0.72109 to 0.73096, 20.40010 to 21.81198 and 0.09821 to 0.08400. From this 

answer, this study generalized that the identified dice loss shows, dice loss has a positive impact 

on the reduction of blurriness and over smoothing in the denoised LDCT image. 
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CHAPTER SEVEN 

7. CONCLUSION AND FUTURE WORKS 

7.1. Conclusion  

One of the best options to reduce radiation risk due to CT scans is to use LDCT, However it 

results in degrading elements in CT imaging by increasing the quantum noise and artifacts. As a 

result it lowers the visual quality of CT images, by impairing the precision of clinical 

assessments. A potential solution to this problem is deep Learning based LDCT restoration. 

Recently, with the achievement of Generative Adversarial Networks (GANs), significant 

progress has been achieved in LDCT restoration tasks, one of which is incorporating attention 

networks, a deep Learning technique for enhancing the effectiveness of LDCT restoration, to the 

existing deep Learning architecture, which recently gained popularity. Although the Recent 

attention-based deep Learning methods have gained an acceptable visual performance in CT 

restoration, the quantitative results of those proposed methods are not optimal in some cases, i.e. 

LDCT datasets with small amounts of NDCT images. This is due to a lack of adequate attention 

mechanisms that are given to the preservation of structural features and are provoked by 

appropriate cross-channel interaction. Another main issue in LDCT restoration is lack of 

effective pixel-wise loss functions during the model training. Recent work introduces new 

approach by applying dual domain discriminator to learn both global and local difference 

between the denoised and normal-dose images in both image and gradient domains. However, to 

improve the denoising quality this work must give visual attention to preserve the structural 

features in a better way and to encourage the generator output the denoised LDCT images that 

match the NDCT images, it must utilize tolerating pixel-wise loss during the model training. So, 

this work proposed attention based LDCT image denoising using GAN to solve the stated 

problems. 

The goal of this study was to improve the denoising quality of LDCT by adding learning 

constraints to the GAN network architecture trained on the most difficult dataset, known as the 

Mayo-10 percent with small amounts of NDCT images - which is only 10% of NDCT of the 

overall dataset. To do so, this thesis work adopts an efficient channel attention block that has an 

adequate cross-channel communication block and adding appropriate pixel-wise loss along with 

other learning constraints that help to improve the performance of the neural network. 
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Various experiments were run side by side for comparison. In the first experiment, channel 

attention block and instance normalization in the generator encoder while letting the pixel-wise 

loss as it is in the baseline model. This experiment shows an improvement in the quality of 

LDCT image a little bit as shown in figure 6.3 it improves the PSNR score from 20.40010 to 

21.32325 and SSIM score from 0.72109 to 0.73504. And also it improves the RMSE score from 

0.09821 to 0.08902. In the second experiment, the dice loss in combination with MSE loss is 

introduced in to the image domain discriminator while the other constraints remain the same as 

in the first experiment. It improves both the PSNR score from 21.32325 to 21.76348, and RMSE 

score from 0.08902 to 0.08429 but, the SSIM score slightly decreased from 0.73504 to 0.73067. 

The third experiment uses the identical set of constraints as the first experiment but only employs 

the dice loss as a pixel-wise loss in the image domain discriminator. As a result, the PSNR score 

rises from 21.76348 to 21.81198, the SSIM score rises from 0.7306 to 0.7309, and the RMSE 

score drops from 0.8429 to 0.08400. This addresses the third research question of What effect 

would using dice loss as a pixel-wise loss have on the quality of denoised LDCT images. 

In the fourth experiment, efficient channel attention block and Spatial attention layer are 

introduced into the generator network to generate good-quality images. This model tried to make 

the image sharp but there are some artifacts on the generated image sequences. SSIM score from 

0.7309 to 0.73258, PSNR score from 21.81198 to 21.92848, and RMSE score from 0.08400 to 

0.08286. The last experiment is the overall proposed model, and it improves the SSIM score 

from 0.73258 to 0.73830, the PSNR score from 21.92848 to 22.04259 and the RMSE score from 

0.08286 to 0.08170. This addresses the second research question. 

Finally, this study finds that using the Efficient Channel Attention Block in the generator 

network as an adequate cross-channel communication block and the Dice loss as a pixel-wise 

loss in the image domain discriminator along with instance normalization improves the quality of 

restored LDCT images compared to normal-dose CT images by effectively preserving structural 

and textural information while significantly reducing noise and artifacts. 

7.2. Feature work 

Performance is an important factor that keeps expanding in LDCT denoising. This work attempts 

to fill one of the many gaps in the present LDCT restoration domain by adopting cross channel 

interaction via an attention mechanism and tolerating pixel-wise loss in order to achieve 



 

  72|P a g e  

enhancement features in denoised LDCT images. This thesis approach does have certain 

restrictions, though. Due to time constraints, the proposed model could only be trained on paired 

NDCT and LDCT datasets that were publicly available; however, in order for it to be suitable for 

addressing the lack of paired data in the clinical setup, it must also be trained on unpaired LDCT 

datasets in an unsupervised manner. Thus, this may be viewed as an unexplored area in LDCT 

restoration. 

The lack of structural detail preservation is a well-known problem in LDCT restoration, and this 

work attempts to overcome it by implementing a cross-channel communication block in the 

generator network. Lacking the ability to adaptively represent local properties of targeted 

structures in the LDCT image, however, may still lead to poor texture/detail preservation in the 

LDCT image. To solve this problem, the suggested solution could be further integrated with 

prior knowledge retrieval and representation paradigm mechanisms such as the adaptive prior 

features assisted restoration algorithm (APFA), which aims to improve the restoration of the 

LDCT images by adaptively capturing local features from NDCT scans. 

For the purpose of recognizing human organs as objects, edge detection is a very helpful activity 

that is frequently used in the processing of medical images. Edge detection also reveals the 

locations of shadows and any other noticeable changes in the intensity of an image brought on by 

noise effects. For computational complexity, the gradients estimated by a Sobel operator in the 

gradient domain discriminator since it is based on the first-order derivative. So, replacing the 

Sobel edge detector with another edge detector such as, Canny edge detector, which is regarded 

as one of the best edge detectors currently in use; it ensures good noise immunity and at the same 

time detects true edge points with minimum error, can encourages better edge information and 

alleviates streak artifacts. 

A further limitation of this work is that it does not assess the degree to which the proposed 

method can offer radiologists with confidence maps of the denoised LDCT images from the 

perspective of specific clinical tasks like liver lesion diagnosis. So that it might be investigated 

further as a potential course of action. 

* * * 
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APPENDICES 

Appendix A: Ablation Study 

This thesis work proposed to implement a cross-channel communication block in the generator 

network, the generator network is basically REDCNN and was previously used to denoise LDCT 

on its own. This ablation study has been made to come up to show some results on the 

performance of REDCNN performed solely along with MSE loss for training. Besides we also 

conduct the ablation study of our method to fully explore the proposed method in terms of the 

importance of different components, and in which combination of those components yields a 

high-quality image.  

A total of three studies involving various combinations of each component in the proposed 

method were carried out. The first experiment was conducted by adding Efficient Channel 

Attention block in the decoder block at the final layer along with Instance Normalization in the 

generator encoder and with a combination of dice loss and MSE loss. And it improves the 

results. The second trial was performed by adding Efficient Channel Attention block before 

getting to the residual encoder, and adding spatial attention block between encoder and decoder 

along with dice loss as a per-pixel loss in the image domain discriminator. Finally, this study 

shows the effectiveness of the Efficient Channel Attention, Instance Normalization, and Dice 

loss, and adding those component as follows. In the generator encoder at each ten layers instance 

normalization is added, before getting to the generator encoder the input LDCT is concatenated 

with the output mapping of those LDCT images from efficient channel attention block and lastly, 

dice loss is used in the image domain discriminator gives a better quality of denoised LDCT 

image and maintain structural details in a better way, the over smoothness due to MSE loss in 

image discriminator is decreased as well.  

Table A.1 Results of REDCNN  

 PSNR SSIM RMSE 

REDCNN 17.69981 0.58241 0.13236 
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Figure A-1: input LDCT images and their corresponding denoised LDCT with REDCNN 
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As it is clearly see in the above figure 6.13 the results from REDCNN suffers from over smoothing issue and it highly lacks structural 

details.  

Appendix B: Result on different iterations 
 

Number 

of 

iteration Input LDCT Denoised LDCT NDCT 

2500 
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5000 
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7500 
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10000 
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Appendix C: Sample Code 

Train Generator Network 

 



 

  88|P a g e  

 

 

 

 

 

         

 

 

 

 

 

 

 

 

 

 

         



 

  89|P a g e  

Train Discriminator Network 
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