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Abstract:

Medical imaging plays a crucial role in the early detection, diagnosis, and treatment planning
for various diseases, particularly cancer. Positron Emission Tomography (PET) and Computed
Tomography (CT) are two common imaging techniques for cancer detection and tumor
characterization. PET gives information about the metabolic activity and functional data,
while CT gives detailed anatomical structure. The combination of both modalities improves
the accuracy of diagnoses, but it also has some downsides, such as more radiation exposure
and higher costs. To address this limitation, we propose an image translation framework for
synthesizing CT images directly from PET scans using advanced deep learning techniques.
This work examines three deep learning models specifically: a Conditional Generative
Adversarial Network (cGAN), a Conditional Diffusion Model, and a Hybrid Diffusion-GAN
architecture. The models were trained and evaluated using the QIN-Breast dataset, which
contains paired PET and CT images. Quantitative evaluation metrics such as Peak
Signal-to-Noise Ratio (PSNR) and Structural Similarity Index (SSIM) were used to evaluate
the performance of the models. The findings indicated that the GAN-based model provided
the best reconstruction quality, achieving a PSNR of 32.55 dB and an SSIM of 0.8799. The
Diffusion model, while producing smooth and anatomically consistent images, resulted in a
PSNR of 15.46 dB and an SSIM of 0.776. The Hybrid model effectively combined the
strengths of both approaches, producing a PSNR of 21.48 dB and an SSIM of 0.833. This
study shows the capacity of deep learning to improve medical imaging workflows by
generating synthetic CT generation from PET data, thus reducing patient radiation exposure
and associated healthcare costs. Future research will examine the extension of these models to

3D volumetric reconstructions and their integration into clinical workflows.
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CHAPTER 1
INTRODUCTION

1.1 Background

Medical imaging is an essential component of modern healthcare that provides
non-invasive visualization of internal organs, tissues, and biological processes . It is widely
used for diagnosis of different diseases and their conditions early on, plan treatment, and keep
an eye on their condition. There are many types of imaging, but Computed Tomography (CT)
and Positron Emission Tomography (PET) together are especially important in tumor staging
because they work well together [1]. CT scans give doctors detailed information about the
patient's internal structure with anatomical information like the density of tissues, the shape of
organs, and the shape of bones . For planning surgery, targeting radiotherapy, and finding the
right place in the body, this structural clarity is very important and CT image provides us that .
PET, on the other hand, looks at the metabolic and functional activity of tissues at the
molecular level . This information is very important for finding cancer and characterizing a
tumor whether a surgery is necessary, then tracking its progress, and judging how well a

treatment is working .

Modern clinical practice often uses combined PET/CT scanners to make diagnoses as
quickly and accurately as possible . These scanners combine functional and anatomical
imaging into one workflow. The PET part finds areas with higher metabolic activity, which is
usually used to characterize a tumor benign or malignant, and the CT part gives anatomical
reference and helps with attenuation correction. This integration makes diagnosis and
treatment planning a lot more accurate. But the combined approach does come with some
problems. CT scans use more ionizing radiation, which can raise the risk of complications
from radiation exposure over time [2]. And for patients this diagnosis needs to be done
multiple times to track their improvements. PET/CT procedures are also expensive and need
advanced infrastructure, which makes them harder to get to, especially in healthcare settings

with limited resources.


https://www.zotero.org/google-docs/?oaXez2
https://www.zotero.org/google-docs/?fQ8bBv

Because of these problems, more and more people are interested in computational
cross-modality image synthesis, which is when one type of imaging is made from another.
One way to do this is to generate an equivalent CT image directly from PET scans. This could
lower radiation exposure, lower the cost of imaging, and make it easier to get the information
you need while keeping important anatomical information for the surgery. To achieve this
Convolutional Neural Network (CNN) was used to generate an image of one modality from
another modality but in recent studies it has been shown that Generative Adversarial Network
performs better than traditional Convolutional Neural Network (CNN)[3]. These technologies
have made it possible to create high-quality images in both natural and medical imaging.
GANs are great at making realistic images because they use a Generator—Discriminator
framework where the generator tries to generate an image close to the original one and the
discriminator judges how close the two images are. And both the Generator and Discriminator
are trained together by back propagation and updating the model [4]. Another approach is
Conditional Generative Adversarial Network where the model could be used to learn
multi-model [5]. Also, another crucial advantage of Conditional Generative Adversarial
Network while doing image translation is not only learns the mapping from input image to
output image, but also learns a loss function to train this mapping [6], [7]. Integrating
Generative Adversarial Network technique in Medical images by merging the adversarial
framework with non adversarial losses opens a new door for image translation technique and
the special attribute of it was utilizing the style transfer losses [8]. Another modern technique
of image synthesis is Diffusion Probabilistic model specially with denoising encoder which
uses the technique of predicting the noise added to the image at each one step rather than
predicting the whole original image [9]. Also with fewer modifications the performance of
Denoising Diffusion Probabilistic Model can be improved more [10]. Also integrating
transformers in Denoising Diffusion Models promises to show improved results in the case of

medical image translation by preserving spatial relationships between anatomical structures of

the body [11].

1.2 Motivation

The motivation for this research arises from several clinical, economic, and

technological considerations.


https://www.zotero.org/google-docs/?DeUWsp
https://www.zotero.org/google-docs/?TBtI6J
https://www.zotero.org/google-docs/?2zoZvM
https://www.zotero.org/google-docs/?Z20gOw
https://www.zotero.org/google-docs/?fJGT83
https://www.zotero.org/google-docs/?pLoR0m
https://www.zotero.org/google-docs/?xcKe0J
https://www.zotero.org/google-docs/?sp2hZ8

Firstly, radiation exposure is a significant issue in medical imaging. PET scans give
important information about metabolism, but they are usually done with CT scans, which add
more ionizing radiation. People diagnosed with cancer need to go through this diagnosis
multiple times. Now the more they go through this diagnosis the more radiation exposure they
get. That may cause more health related problems in their later life. So if we can somehow
generate the CT image from the PET image then we can reduce the necessity for repeated CT

scans. Thus we can reduce the radiation exposure without reducing the clinical accuracy.

Secondly, these diagnosis modalities are less accessible and they are costly. It costs a lot
of money to run and maintain PET/CT scanners because they need special infrastructure and
trained staff. Many hospitals, especially those in low and middle income areas can not afford
to do both the imaging often. So it becomes harder for patients to get important diagnostic
tools. So equivalent CT image generation will cost less and make it easier for people to get

accurate diagnosis, all while keeping clinically relevant image quality.

Thirdly, the deep learning technique and generative modeling is getting improved day
by day. This makes it possible to translate medical images in new ways. GANs have done very
well at translating both paired and unpaired images. It makes high-quality outputs in many
different fields. On the other hand Diffusion models can create fine structural details with its
iterative denoising process. So it preserves the anatomical accuracy as well as the structural

data that are critical for clinical interpretation.

But there are some problems as well. Medical imaging datasets are often small and
private. Also they are varied, and have different resolutions. As a result they need to be
preprocessed so that the model gets less noise and gives accurate results. So normalization and
resizing is necessary. Additionally, these generative models need to find balance between
realism, structural accuracy and pixel-level fidelity. Also computational resources can become

an issue if the dataset is huge and more training time.

1.3 Problem Statement

PET/CT imaging gives a lot of useful diagnostic information. But it has some downside
as well such as high radiation exposure, high costs, and limited availability. Conventional

computational methods could not produce CT images with adequate structural fidelity. As a

3



result the clinical accuracy was less. So, the problem this research is trying to solve can be

summed up like this:

How can advanced deep generative models be utilized to generate structurally precise
and clinically significant CT images from PET scans, thereby diminishing dependence on

dual-modality imaging while maintaining diagnostic integrity?

To solve this problem, we need to create generative architectures that can keep fine
anatomical details, work with small and diverse datasets, and use clinically relevant metrics to
judge synthetic images. If this problem is solved correctly, it could lower healthcare costs,
lower radiation exposure for patients, and make it easier for people to get advanced diagnostic

imaging.



CHAPTER 2
LITERATURE REVIEW & METHODOLOGY

2.1 Literature Review

Integration of PET image and CT image is very important for medical disease
recognition as it combines functional and anatomical imaging, and with more information
diagnostic accuracy improves. In the case of tumor detection, staging ,therapy planning, and
treatment response assessment the combined information of PET/CT is very crucial. There are
some challenges as well like radiation exposure and cost to perform both medical tests [12].

In the case of breast cancer, the metabolic information from PET and anatomical detail from
CT increases the accuracy in detecting primary tumors, assessing axillary lymph node
involvement and identifying distance metastases. Though there are some limitations of PET
and CT images in detecting small or low grade lesions due to limited spatial resolution and
variable FDG uptake, this shows immense strength in staging, restaging and monitoring

treatment responses [13].

Translating an image from one modality (CT) to another modality is very complex as
the relationship between these is not linear, and in this task rather than conventional image
synthesis methods Deep learning approaches perform better [14]. Traditional approaches for
example atlas-based or segmentation-based pseudo-CT generation usually struggle to capture
the full fidelity of CT image from PET image. Deep learning methods have emerged as a
powerful solution for this cross-modality translation, ensuring data-driven nonlinear mappings

to produce high-quality synthetic images [14].

Initially deep learning approaches for PET image-to-CT image were mostly based on
convolutional neural networks (CNNs) trained to regress CT intensities from PET inputs. But
the problem was naive CNNs optimized with pixel-wise losses (like mean squared error)
tended to produce blurred results, because minimizing simple Euclidean distance leads to
averaging of plausible outputs. This limitation or this major disadvantage leads for the
exploration of advanced generative models, especially Generative Adversarial Networks

(GANSs), The speciality of Generative Adversarial Network is it can learn more perceptually


https://www.zotero.org/google-docs/?yuyF9Q
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realistic mappings because of the inclusion of adversarial loss term. Here simultaneously two
models learn through backpropagation . One is Generator and another is Discriminator. The
core idea of Generator is to generate the image which will be very close to the original image
and the discriminator is supposed to detect whether the generated image looks real or fake.
The Generator model learns how to fool the discriminator by generating an image very close
to the original image. And the discriminator also learns to detect the real and fake image
properly. The challenging part here is to make these two models balanced. If one of them
becomes very strong compared to the other, the whole model will collapse, because the
generator learns from the feedback of the discriminator. The performance of the generator
depends on the robustness of the discriminator. Also if the Discriminator becomes too strong,
the generator gets no crucial information which part of the image is to improve to make it look

like the real image. Tuning the parameters to make two models robust is the key here [4].

U-Net , specifically designed for biomedical imaging is basically a fully convolutional
neural network which features a symmetric encoder-decoder structure with skip connections
that directly transfer spatial information for precise localization and context preservation, and
this skip connection is the key aspect of U-Net Architecture. This architecture shows
remarkable performance in cell segmentation and other biomedical imaging tasks. The
flexibility of this architecture across different modalities have made this one of the most

popular models in computer vision for healthcare [15].

One of the most influential contributions to the field of image-to-image translation is the
inclusion of Conditional Adversarial Networks. It presented the Pix2Pix framework, which
remains to serve as essential for paired image translation tasks, including medical imaging

applications like PET-to-CT synthesis.

The impetus for Pix2Pix arose from the recognition that numerous vision and graphics
challenges—such as semantic segmentation, image colorization, sketch-to-photo
transformation, and aerial-to-map conversion can be formulated as pixel-to-pixel mappings. In
the past, each of these tasks needed custom algorithms and loss functions. Pix2Pix wanted to

make a general-purpose framework with conditional Generative Adversarial Networks

(cGAN ).


https://www.zotero.org/google-docs/?8UHUXA
https://www.zotero.org/google-docs/?ob9qkn

In the Pix2Pix method, the generator learns how to turn an input image into an output
image. cGANSs are different from regular GANs because they use an input image to control the
output. This makes them very good for cross-modality translation. The generator architecture
was built as a U-Net. The U-Net uses encoder-decoder layers with skip connections. The skip
connections let low-level spatial information go around the bottleneck. By this it makes sure
that structural details from the input are kept in the output. This is important for medical

imaging tasks where structural fidelity is very important.

Pix2Pix used a PatchGAN as its discriminator. It only looks at small parts of the image to see
if they are real or fake, not the whole thing. This method helps the generator to make realistic
local textures and small details.This makes the images less blurry than they usually are when
using traditional pixel-wise losses. The U-Net generator and PatchGAN discriminator worked
together to create a new type of architecture that balanced global coherence with local detail

preservation.

It added a very important thing in the design of Pix2Pix's loss function. The authors
added an L1 loss between the generated and ground-truth images to the adversarial loss, which
makes sure the generated image looks real. The L1 term helped with pixel-level accuracy, and
the adversarial term helped with sharpness and naturalness. Later more advanced structural
losses were added in different work, like MS-SSIM or perceptual losses, especially for

medical imaging tasks.

Isola et al. showed that Pix2Pix can be used in many different fields. It can be used in
semantic segmentation of photos, aerial maps to satellite images, grayscale to colorization,
and edge-to-photo synthesis. Quantitative evaluation integrated perceptual user studies with
objective metrics, including pixel accuracy and segmentation-based measures. The findings
indicated that Pix2Pix could produce outputs that were both realistic and structurally
consistent with the input. It surpassed the conventional regression-based techniques that

minimized Euclidean distance and yielded excessively smooth or indistinct results.

The Pix2Pix paper had a significant effect on research in medical imaging. Because it
had a paired image translation framework. It could be used directly for tasks like translating

MRI to CT, synthesizing PET to MRI, and denoising CT. Pix2Pix is a great tool for translating



PET to CT as it can perfectly align PET and CT slices into paired datasets. The U-Net
architecture makes sure that anatomical structures from PET inputs are kept in the

output.Then the PatchGAN discriminator makes the synthesized CT images look realistic.

The Pix2Pix tool has some downsides too. As it relied on paired datasets, it couldn't be
used in situations where perfectly aligned modalities weren't available. But paired data is very
rare in medical imaging. Adversarial training also made things sharper, but it sometimes
added artifacts that could be a problem in clinical settings. So for solving these problems for
unpaired translation a follow-up work like CycleGAN was added for more structural or

perceptual constraints.

In short, the Pix2Pix framework was the first tool of modern image-to-image translation.
The combination of cGANSs, a U-Net generator, a PatchGAN discriminator, and hybrid L1 +
adversarial losses made it a strong, generalizable solution. It has been widely used in medical
imaging research since then. Pix2Pix serves as both a baseline and a benchmark for
PET-to-CT synthesis. This work shows that deep generative models can be used for
cross-modality medical image translation. But it also shows that more work needs to be done

to make them more useful in the clinic for getting clinical accuracy [6], [7].

Cycle-Consistent  Adversarial Networks (CycleGAN), another landmark in
image-to-image translation. It addressed a key limitation of earlier models that is the need for
paired training data. Paired data is very rare in the case of medical images because of their
scanning protocols and patient mobility. CycleGAN solved this problem by allowing

translation between two domains with only unpaired datasets.

The new idea added in CycleGAN was the cycle consistency loss. It makes sure that if
you translate an image from domain X to Y and then back again, you should get the same
image back. This stops the networks from learning random mappings. It also makes sure that
important structural content stays the same. The framework has two generators and two
discriminators. Each discriminator tells the difference between real images and synthetic
outputs in its own area. To make it look more realistic, the model uses PatchGAN
discriminators that look at small parts of the image instead of the whole thing. This makes the

details sharper and the textures look more natural.
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CycleGAN did very well on unpaired datasets, like changing seasons, changing objects,
and changing artistic styles. It performed better than other unpaired translation techniques as it

could keep the structure of the content in it.

In medical imaging techniques where paired dataset is very hard to find, CycleGAN is
widely used there. Its unpaired framework makes it especially good for synthesis across
different modalities. But it has some problems like structural distortions and sometimes it

removes clinically significant details. It makes it less reliable for clinical use.

In short, CycleGAN is a significant advancement for unpaired datasets. As paired
dataset are hard to get, it opened some new doors to image techniques for unpaired dataset.

This works well with paired frameworks like Pix2Pix as well[16].

Denoising Diffusion Probabilistic Models (DDPMs), which made diffusion processes a
strong new type of generative model. DDPMs basically follow the concept of non-equilibrium
thermodynamics. They constantly add gaussian noise with the image and then learn to reverse
this process using neural networks. Diffusion models use a Markov chain of denoising steps
that are set up through variational inference. This makes training stable and based on

likelihood which was a problem in the adversarial models like GANs.

DDPM basically uses denoising score matching and Langevin dynamics.The authors
demonstrated that by using noise prediction in the reverse diffusion step the training gets
easier. So This means that the training can be done by finding the weighted mean squared
error between the true noise and the predicted noise. This makes the diffusion model
optimized. Also, the iterative denoising process can be thought of as progressive image
refinement. Noisy rough structure is the first output of this model then it starts to get finer

later.

DDPMs got the best results on benchmark datasets like CIFAR-10 and LSUN. With this
model the samples look realistic and the Fréchet Inception Distance (FID) scores were as good
as GAN-based methods. The generation process avoided mode collapse, which is a common
problem with GANs, and the outputs were very different from each other. However, with this
method the problem is sampling is still expensive for computing power as more iterations are

needed.
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The benefits of DDPMs in medical imaging is that their refinement works well to keep
the structural details that are very important for medical imaging. The model's probabilistic
nature gives many possible reconstructions combinations, which are a common scenario in
medical imaging. However, the high computational cost and long sampling times make it less

useful in clinical settings, especially when compared to faster GAN-based methods.

In summary, the DDPM framework showed that diffusion models are a strong
alternative to GANs by combining theoretical and empirical strength. There are still problems
with efficiency, but they are an important area of research for medical image translation

because they can make high-fidelity, structurally consistent images [9].

Another key improvement to the original Denoising Diffusion Probabilistic Model is
done by introducing modified noise schedule, improved sampling procedure and learned
variance to upgrade the sample quality and efficiency. These together are used to enable faster
convergence and higher fidelity image generation. It has been shown that adjusting the
training objective and parameterization reduces the gap between training and sampling

objectives by interpreting diffusion models through a variational perspective [10].

There is also a fundamental trade-off in generative modeling among sample quality,
mode coverage, and training stability, known as the generative learning trilemma. Named as
Denoising Diffusion GANs (DDGANs), a hybrid model that combines the strong
likelihood-based foundation of diffusion models along with the fast sampling and adversarial
training benefits of Generative adversarial network. By introducing a loss function of GAN
into the diffusion framework and training the generator to produce denoised samples at
multiple noise levels, DDGANs achieve two important things. One is high-fidelity and the
other one is diverse image generation with significantly fewer sampling steps. Experiment
shows that DDGANs perform better than the traditional diffusion models in speed while
maintaining or improving image quality and diversity, and thus how it effectively bridges the

gap between diffusion models and GANs [17].

Another approach with the diffusion model is introducing Palette, a unified
diffusion-based framework for various types of image-to-image translation tasks such as

colorization, inpainting, uncropping, and style transfer. Unlike task-specific traditional
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Denoising Diffusion Probabilistic Model, Palette uses a conditional denoising diffusion
process that learns to iteratively refine a noisy image conditioned on the input image, enabling
high-quality and consistent output generation. The model architecture usually consists of a
U-Net architecture with attention mechanisms and it achieves strong generalization across
tasks without requiring task-specific tuning. Experiment shows that Palette usually produces
more photorealistic, diverse, and semantically consistent results than previous GAN- and
regression-based methods,and thus shows the versatility and robustness of diffusion models

for conditional image generation.

As the Diffusion process is computationally very expensive, to accelerate the image
translation procedure keeping the quality almost same Fast-DDPM: Fast Denoising Diffusion
Probabilistic Models for Medical Image-to-Image Generation was introduced which uses
some technique like step distillation, adaptive noise scheduling and lightweight network
architecture to deduct the number the of diffusion steps keeping the image fidelity same.
Using the Fast-DDPM technique it has been more practically applicable [18].

Score-based generative modeling is a big step forward in probabilistic machine learning
because it brings together different ways of combining complex data distributions.A stochastic
differential equation (SDE) framework that generalizes earlier diffusion models and
score-matching methods. Traditional methods like Denoising Diffusion Probabilistic Models
(DDPM) and Score Matching with Langevin Dynamics (SMLD) change the distributions of
data by adding noise slowly and then taking it away. The SDE perspective generalizes these
discrete methods into a continuous-time framework, characterizing data corruption and
denoising as forward and reverse stochastic processes regulated by time-varying drift and
diffusion coefficients. The main aspect is the creation of a reverse-time SDE that lets data be
made by getting rid of noise, based on the score function, which is the gradient of the
log-probability density. To get sample generation, numerical SDE solvers are used to train a
neural network to estimate this score across different levels of noise. This also presents a
predictor-corrector (PC) sampling scheme that combines deterministic solvers with stochastic
corrections to make both the stability and the quality of the samples better. They also connect
the framework to neural ordinary differential equations (ODEs), which make it possible to

calculate the exact likelihood and sample efficiently and deterministically through the
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probability flow ODE. The empirical results show that state-of-the-art image generation is
possible on datasets like CIFAR-10. For unconditional models, the Fréchet Inception Distance
(FID = 2.20) and Inception Score (IS = 9.89) are the best ever. The framework is flexible
because it can do more than just image synthesis. It can also do conditional tasks like
inpainting and colorization. The SDE-based formulation brings together diffusion and
score-matching paradigms, which makes it more coherent from a theoretical standpoint, easier

to control, and better in practice for generative modeling [19].

For calculating the loss between images lots of different types of loss functions are used,
as the performance of model architecture highly depends on how well we can find the
difference between the original image and the generated image. While one of the most
common types of loss function Mean Squared Error (MSE) fails to align with human visual
perception, an alternative multi level structural similarity is introduced that weights image
features according to perceptual importance across scales. Rather than just focusing on the
pixel level difference this approach focuses on structural and contrast information and that
leads to sharper and more perceptually faithful image synthesis. As it preserves edges, textures

and structural integrity it is considered an effective approach in the image generation [20].

One of the very fundamental loss functions used in Deep learning techniques is
Structural Similarity Index Measure (SSIM), this one is a groundbreaking method for
assessing image quality that moves beyond traditional approaches, It is mainly based on the
premise that the human visual system is highly sensitive to structural information rather than
absolute pixel differences, The core functions of SSIM losses are three. Luminance, contrast
and structural similarity. By these three components it compares local patterns of pixel
intensities. SSIM correlates much more closely with human visual perception than other
existing metrics, and it provides a more reliable and interpretable measure for image

compression, transmission and restoration of quality evaluation [21].

An extended version of Structural Similarity Index Measure (SSIM) is the Multiscale
Structural Similarity Index Measure (MS-SSIM). This version evaluates the image quality
across multiple spatial resolutions, and it analyzes structural similarity at progressively

reduced image scales, incorporating all 3 components - luminance, contrast and structure at
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each level to capture both global and local image distortions. Viewing distance and image

texture complexity has been possible for this multiscale approach [22].

If we are about to compare two popular evaluating functions SSIM and PSNR, PSNR
mostly measures pixel wise intensity differences and that’s why it often fails to align with
visual perception. While SSIM evaluates image quality based on structural information.
Though SSIM is a more reliable and perceptually meaningful measure of image quality than
PSNR , using these two while evaluating the performance of the model might be helpful to

have more information about the model performance [23].

Another loss function that replaces the traditional pixel wise losses is VGG Perceptual
loss. This loss measures difference in image content and style based on deep feature
activations, enabling the model to produce visually appealing. Unlike pixel based metrics
these perceptual losses capture semantic and structural similarity in a more efficient way
which makes a major advancement in image synthesis, restoration and generative modelling

[24].

2.2 Dataset Description

These experiments used a public dataset from The Cancer Imaging Archive on Breast
Cancer Patients named QIN-Breast consisting of numbers of PET images with their

corresponding CT images [25].

Table 2.1: Property of QIN Breast Dataset

Property Description

Types PET(Functional) + CT (Anatomical) + MR
Number of Images 102451

Subject 68

Studies 216

Format DICOM(.dcm) files
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Image Type 16-bit Grayscale

Purpose Image Translation ( From PET to CT)

2.3 Methodology Overview:

The workflow we have followed for this task
Dataset Preprocessing -> Model Training (GAN, Diffusion, Hybrid) -> Image Generation ->
Evaluation
Three types of model approach were taken based on the current state of art and evaluated to

compare which one is performing better in the given conditions .

2.3.1 Generative Adversarial Network (GAN) Model:

Generative Adversarial Network has been proven architecture in existing deep learning
techniques for image translation where there are two separate methods driven by Generator

and Discriminator works simultaneously to generate an image [4].

Generative Adversarial Network (GANs)
il . h Real Images Di:;r::::'::rs

e

!

Generator

Random
Input

...n * -# rAfupdau:
S

Figure 2.1 : Generative Adversarial Network [Source : [26]]

2.3.1.1. Generator:

This one is used to generate the image and gradually tries to update the quality of the

image with the feedback from the discriminator. One of the special types of Generator is
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U-Net Generator specifically for medical purposes, the key aspect of this type of generator is

encoder and decoder with skip connection to retain spatial information [4], [5], [15].

2.3.1.2. Discriminator:

This one is used to detect whether the generated image from the generator is real or
fake, but the key point here is, how accurately the discriminator can detect the fakeness of the
generator helps to improve the performance of the generator. One of the improved version of
discriminator is PatchGAN Discriminator, the speciality is instead of detecting the whole
image as fake or real, it divides the generated image from generator into some patches, for
example (70*70) or (30*30), and then it tries to predict whether that patch looks real or fake,
and sends the feedback, in this way, Generator gets more information about which part of the

image to improve [4], [6], [7].

2.3.1.3. Loss Functions:

Loss functions are very critical here, as deep learning techniques are used here, and
there will be backpropagation to reduce the loss by updating the weights. In the case of
medical images, it is not about the raw pixel difference, rather focusing on the difference of
medical information and try to reconstruct that is more important, various types of loss
functions are there, Adversarial loss, L1 loss, VGG Perceptual loss, Multi scale SSIM loss,
and each of the losses has some special ability to extract some crucial information, and
combining them to have a weighted loss function , where the weights of are taken by tuning

can be a big step [4], [22], [24].

2.3.2 Diffusion Model :

A very promising model in the deep learning field where an image is turned into a noise
first by adding Gaussian noise from Gaussian Distribution and then from that noise

reconstructing the image [9]. It has two separate processes.
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Figure 2.2 : Diffusion Model [source : [27]]

2.3.2.1. Forward Process:

In that process, the raw pixel values of the image are added with random values from
the gaussian distribution as noise and in this process the image gets completely distorted and

the distorted images are used for the next process [9].

@ (o)
e — —

Figure 2.3 : Forward Process of Diffusion [source: [27]]

2.3.2.2. Reverse Sampling Process:

Now from that noise taken from the forward process goes through a process of noise
reduction and reconstructing the original image, and that is how the model learns how to

generate an image from a noise or random values [9].
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. Q’(Xt|>_'it 1

Figure 2.4 : Reverse Process of Diffusion [source : [27]]
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2.3.3 Hybrid Diffusion-GAN Architecture:

To combine all the advantages of GAN and Diffusion to complement the lacking of each
model, we try to make a hybrid model.
1. Conditional U-Net : It acts as the Generator
2. PatchGan Discriminator : It works as the discriminator to give feedback for better
guidance about which part to improve in generating images .
3. Loss Functions : Combined Weighted Loss functions is used which might be tuned to

get the best result

2.3.4 Training Configuration:

Kaggle Notebook is used for the running these models where the GPU support of
Kaggle notebook (GPU T4*2, GPU P100, TPU v5e-8) [28].

Computational Resources are very important in running deep neural networks. In the
process of training the model, all the weights of all the neurons get updated by
backpropagation to reduce the loss functions and the number of neurons are huge as an image
holds lots of pixel values. And the robustness of the model depends on how much data is

feeded through the model.

2.3.5 Evaluation Metric:

To evaluate the performance of the model, alongside with visualization two are the most
important metric are :
2.3.5.1. Peak Signal to Noise Ratio (PSNR):

This reflects the pixel wise accuracy.
Z m,n[ll( m,n) — 12( m,n) ]2

MSE = (2.1)
M-N

MAX?
(2.2)

PSNR=10- log (—
10
MSE
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Where ,

[i(m, n): Pixel intensity at position (m, n) in the first image.

I:(m, n): Pixel intensity at the same position (m, n) in the second image (e.g.,
the compressed or distorted image).

m, n: The row (m) and column (n) indices specifying a pixel's location in the
image.

M: The total number of rows (height) of the image.

N: The total number of columns (width) of the image.

MSE: Mean Squared Error. The average of the squares of the differences
between corresponding pixels in two images. A lower MSE means less error.

MAX I: The maximum possible pixel value in the image. For an 8-bit image,
this is 255 .
These represent the ideal formula of PSNR [23].

2.3.5.2. Structural Similarity Index Measurement (SSIM):

This shows the structural and perceptual similarity.

(24, +C) (2 +C,)

PO = (W24 42+ C)) (624 02+ C)) (2.3)

SSIM(x, y): The Structural SIMilarity index between two local image
windows, x and y .

X, y: Two image patches (small windows) of the same size, taken from the
same location in the two images being compared.

i The mean (average) pixel value of image patch x. This represents the
luminance (brightness) of the patch.

n_y: The mean (average) pixel value of image patch y.

ox. The standard deviation of the pixel values in patch x. This represents the
contrast of the patch.

o_y: The standard deviation of the pixel values in patch y.
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ox,: The covariance between patches x and y. This measures how much the
pixel values in the two patches change together and represents the structural
correlation.

Cl1, C2: Small constants added to stabilize the division and prevent it from
being undefined when the denominators are very close to zero.

These represent the procedure of obtaining SSIM [21], [23].
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CHAPTER 3

IMPLEMENTATION AND EXPERIMENTS

The chosen QIN breast Dataset to build has been gone through 3 types of implementation by 3

different types of deep learning approaches.

1.

Conditional GAN

2. Conditional Diffusion
3. 2.5D Hybrid Diffusion + Weak Edge Gan

3.1 Dataset Preprocessing

1.

Z-matching per patient: To make the model robust and learn from the best pattern
between PET and CT images, a selective approach was taken for the final dataset
making which will go through the model. Though the QIN-Breast consist of paired
dataset of PET and CT, not all the images are well aligned, For Generative Adversarial
Network and even for diffusion and hybrid model, dataset should be well aligned
meaning, the pet and ct image should be corresponding to each other, here z is termed
as the thickness of the PET and CT slice, A threshold value for each type of model has
been decided for the preparation of dataset, Only the slice thickness below that

threshold value are taken as final dataset for the model training.

CSV Files: Diffusion Model often prefers CSV files consisting of the data that
matched the condition of z value requirements. Hybrid model also prefers CSV file to

work with

3.2 Image Transforming,Resizing and Augmentation:

3.2.1 Transforming:

1.

CT Images : For Diffusion and Hybrid Model, a new type of Unit is used named as
HU unit which is universal for CT images [29]. For GAN Model, HU was not needed,

slice wise min-max [0,1] was sufficient.
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2. PET Images: SUV is used to calculate PET images for maintaining the global standard
[30]. Though only for diffusion it was needed, in GAN architecture it wasn't

mandatory.

3.2.2 Resizing:

About resizing the image, the image was 512*512. But due to lack of computational

resources, it was reduced to 256*256.

3.2.3 Augmentation

Data Augmentation was not followed here, as the dataset was already enough for the
given computational resources. In a theoretical sense, data augmentation is a very good
approach to feed more data in the training process of a model. For Alignment CT and PET

images should be well aligned in axes also.

3.2.4 Conditioning Variants

Sobel Edging is used in diffusion and in hybrid 2.5D slices was taken as PET input to

give more details to the CT image about the surrounding of that particular PET image.

3.3 Model Architecture
3.3.1 Conditional GAN

1. Generator : U-Net was used as Generator, Eight down block and Eight Up block was
used , through convolutional neural network the pixel values are flattened into one set
of input for the neural network, for the activation function LeakyRelu was used in
down blocks and Relu was used in up blocks, and in final output section Tanh is used,

skip connections was there to retain spatial details [4], [7], [15].
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Figure 3.1 : Sample U-Net Architecture [Source : [31] ]

Discriminator : For the Discriminator Part, PatchGAN Discriminator was used to give
more precise feedback, Conv Stacks ( 64->128->256->512 stride pattern (2,2,2,1).

Then Conv ->1 logit map, no sigmoid function was used here [4], [7].

256x256x3
A :

64x64x3

A 32532x64
: f 16x16x128

= Temporal Representation Data ' = ' =ENCODE

Figure 3.2 : PatchGan Discriminator [ source : [32]]
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3.3.2 Loss Functions:

1.

Discriminator Loss : For discriminator only Binary Cross entropy loss was used,
Binary Cross Entropy is calculated as the difference between the actual class/label and
the predicted probabilities, the lower the binary cross entropy loss is the better the

model is performing [4].

L,=—(1/2)[log(D(x,y)) +log(1-D(x,G(x))) ] (3.1)

Generator Loss: For the generator a combined weighted loss function is used
consisting of Adversarial loss, L1 loss, MS SSIM loss and VGG Perceptual Loss.

e Adversarial Loss: It defines the generator based on how well it is performing

on fooling the discriminator from distinguishing real and fake images [4]. The

formula of adversarial loss is as follows

L ———Zlog(Du G(x))) (3.2)

z—l

L1 Loss: Calculated the difference between raw pixel values of generated

image and target image [7]. The formula for L1 loss is as follows

| &
“:WE

SSIM: To retain the structural similarity, to emphasize the structural difference

v, —G(x) | (3.3)

between two images, this loss is calculated [21]. The formula for SSIM loss is

as follows:

(2/,{6( ),u,+C ) (20 (x)y+C2)

ssiMT T

2 2 3.4
(”G()+” +C)(0G()+(fy+C2) (3.4)

VGG Perceptual Loss: Trained on Image Net to extract features from images

[24]. The formula of VGG Perceptual Loss is as follows

N
perceplual Z

$(G(x)) = (y) I3 (3.5)
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The final loss function was used as the weighted sum of these 4 loss functions, and the weight
of each loss function is a tunable parameter.
Total Generator Loss = Adversarial Loss + 100*L1 loss + 10*SSIM Loss +
1.0*VGG_Perceptual Loss

3.3.3 Optimization

For optimization the parameter was taken through experiments by tuning which
combination works better. The parameter works good for us
Generator - Adam (G, le-4, Beta = (0.5,0.999)),
Discriminator - Adam ( D, 4e-4, Beta = (0.5,0.99)),
StepLR(step=30,gamma=0.1) for both Generator and Discriminator
AMP with separate GradScaler for G and D

3.4 Conditional Diffusion

3.4.1 U-Net as Generator and for conditioning:

e Inchannels : 3 [ x(t) + PET + Sobel (PET) ]
e Blocks : ResBlk ( GroupNorm(8), SiLU as activation function, with explicit
skip channel sizes Down and Up blocks, and to predict the final noise which is

supposed to be added with image comes from Conv2d(base-1).

3.4.2 Schedule and Objectives
Cosine Beta schedule with T =400,For Faster convergence and sharper supervision
under short epoch constraints auxiliary x0 - L1 is used.

Forward Diffusion Process :
x =V (@ )xg+V(1-a e (3.6)

Here,
x_0=tanh(CT)
And at each timestep t, the noised image is x_t
x_0 is the normalized ground truth CT slice in tanh space

al ] controls how much noise is added in each step.
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3.4.3 Training Objective (Loss Functions)
While reconstructing the image,the model basically tries to predict the added noise used
to distort the image, and to predict that it followed the e-MSE term which is combined with L1

and reconstruction loss.

— — 2 )
L=lle"—€llS+ 4, 1-1I 3.7)

Where,
A L1=15
xAo=(x, =V (1—a ) -en/+/(a )
e-MSE: It actually measures how accurately the network predicts the true Gaussian

noise € that was added to xo. It is minimized means the training is stable and denoising fidelity

1s improving.

3.4.4 Training parameters, AMP, clipping, EMA
For these parameter the values were taken as follows
Adam (Ir=1e-4,Beta = (0.9,0.999)),
AMP on,
grad clip=1,
optional step cam per epoch (1600)
EMA (0.999) maintained every step,

validation runs on EMA weights.

3.4.5 Inference

DDIM = 150 steps.
ETA=0

PET and edges are precomputed and concatenated with input x(t)

3.4.6 Masked Metrics

Body mask from CT and the threshold value was set 0.03 with 3*3 grow. Masked
PSNR/SSIM was computed inside the body and if mask parse it fallbacks to global.
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3.5 Hybrid 2.5D Diffusion + Weak Edge-GAN

To cover up the edge-constructing lack of diffusion model, a Hybrid approach was taken
where along with a v-prediction diffusion U-Net a spectral-normalized edge PatchGAN was
used. Also special data preparation and losses functions were also taken for the smooth

training process of the model.

3.5.1 Data Processing for Hybrid

2.5D technique was used in data preparation, meaning there are 3 PET slices for one CT

slice, to give more details just not about the functionality, rather about the whole area of that
particular PET image, the previous and the next images are also given. For the XY
pre-alignment phase correlation technique was used. To focus supervision, 256*256 patches
around the body mask are sampled.

PET triplet=[p {-1},p O,p {+1} ]
The final conditioning tensor used during diffusion sampling is as follows

cond = [ PET(3) tanh, Sobel(PET(mid)) tanh ]
Here, PET(3) tanh means that 3 slice PET images that are normalized to tanh space (-1.1)
And sobel(PET(mid)) tanh means the gradient(edge) map of the central pet slice; these things

are used to preserve intensity and boundary cues by conditioning the net.

3.5.2 Generator for Hybrid

For the hybrid model, a conditional U-Net was employed as the generator architecture,
inspired by the design principles of Latent Diffusion Models [33].Where the parameter was
In channel =5
Base =64
T dim=128
And MinSNR weighting was used in v-loss .

Vtgt=ﬁ'8— Ji—a,x (3.8)

Here,
v_tgt is the target velocity term

The signal to noise ratio at each timestamp t is calculated as
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@,

NR =

The minSNR weighting function is used to further stabilize gradient flow and prevent

domination by nearly noise-free (high-SNR) steps [34], [35]. It is stated as

w(t) = min(y, SNR t)/SNR t (3.10)

Here y=5

And the diffusion loss term is calculated as
L diff=| w(t) - (V—v_tgt)|_2"2 (3.11)

Here,
v is the velocity that the model predicts for each step [35].
v_tgt is the ground truth target derived from the input x0 and noise ¢
w(t) is used to balance learning across noise levels by down weighting
every high SNR step.
This approach of MinSNR is taken to ensure stable gradient flow and to prevent

domination by near-clean steps.

3.5.3 Discriminator for Hybrid :

As Discriminator EdgePatchGAN Discriminator was used [7], [36].The parameter was
in channel =2
Base =64
Inputs = edge(PET mid) and edge (CT),
In all convolution spectral norms were used, and Bias was taken as false for AMP Stability
and we get patch logits and intermediate features for feature matching as output of the

discriminator.
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3.5.4 Loss Functions

Different types of loss functions were used.

1. Diffusion V-loss (MinSNR)

Ldiff=||w( D (V=) "i (3.12)

This loss calculates the squared error between predicted and target velocity and that is

weighted by the MinSNR to maintain the balance across noise levels [34].

2. Reconstruction on input
e Charbonnier loss is a smooth approximation of L1, robust to outliers [37]. The

value for weight was taken = 120

— ~ 2 2
Lcharb—\/(xé— CT,) >+ ¢ (3.13)

This loss is used to encourage finer CT intensity recovery and it is robust to outliers .

e L1 Loss. The weight was taken as 40

L =||?c(;— cr, |,

L1 (3.14)
Calculate the difference between pixels.
e SSIM loss . The weight for it is used as 0.3
L gy =1— SSIM( ?é’CTOI) (3.15)

Calculate the structural difference and helps the model to focus on structural similarity

o Edge-based loss between Sobel-filtered or gradient maps is standard for
enforcing anatomical boundary preservation in medical image translation

. And the weight was taken as 0.2

Ledge=||50bel()?5) — Sobel(CT ) |, (3.16)

This loss is used to preserve anatomical edges and boundaries during reconstruction
3. Adversarial and Feature Map on Edges

e Adversarial (hinge loss on edges)
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adv

L == [E[D edge

(edge(R))) |

(3.17)

It is used to encourage the generator to produce realistic local edge patterns [38].

e Feature-Matching Loss encourages the generator to match intermediate

discriminator activations, improving stability and realism [39]. Weight = 0.2

Lfm=z |

f real_ffake"l

(3.18)

® Adversarial Warm-up and Scaling gradually increases adversarial loss weight

(warm-up) . It is stated as

. step
/ladv( t) =min( 1,

warmup
Where,
adv_warmup_steps = 1200
A _adv_max = 0.02
Total Generator Loss is the weighted loss of all these losses.
Total generator Loss =

Lo=L +120L_  +40L, +0.3L, +0.2L,, +2

charb SSIM edge adv

Total Discriminator Loss =

LD=[E[max( 0,1-D(x,,,)) + max(0, 1+D(xfake) ) 1+ %

3.5 5 Optimizers

max
adv

(Log+0.2L,,)

V  D|?

X real 2

Adam Optimizer was used for both the Generator and Discriminator

Generator:
Learning Rate = 1e-4
Beta = (0.5,0.999)
Discriminator :
Learning Rate = 3e-4
Beta = (0.5,0.999)
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Schedulers:
For both Generator and Discriminator cosine after a short warmup was used
AMP :
To avoid Mixed precision edge cases Discriminator used SN Convolutions with
Bias = False
EMA :

For the Generator 0.999 value was used.

3.5.6 Sampling

Run DDIM with 50 steps
CFG on v-pred : unconditional = zeros for conditional and conditional =

PET(3)+edge(mid)

3.5.7 Evaluation with affine tone calibration

Perform affine tone calibration per slice alongside computing global and masked PSNR

and SSIM.

3.5.8 Training and Validation Protocol:

Generative Adversarial Network (GAN) : Training the model, evaluating it once and
saving PET image, Generated CT image and Ground truth CT image, printing the global
PSNR and SSIM value.

Diffusion Model : Validating every epoch on EMA, showing the masked PSNR and
SSIM value, saving the grids and finding the best SSIM checkpoint.

Hybrid Model: Evaluation reports of PSNR and SSIM on per epoch EMA, and
showing visual grids including (Generated CT-Ground Truth CT) error map.
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CHAPTER 4

RESULT AND DISCUSSIONS

4.1 Result of Generative Adversarial Network

Quantitative Result:
PSNR : 32.550 dB
SSIM : 0.8799

Qualitative Result:

| Pet | Generated CT | Ground Truth |

Figure 4.2: Samples of output Generative Adversarial Network (Sample 02)
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Figure 4.3: Samples of output Generative Adversarial Network (Sample 03)

4.2 Result of Diffusion Model

Quantitative Result:
PSNR : 15.46 dB
SSIM : 0.776

Qualitative Result :

Figure 4.5: Samples of output of Diffusion Model (Sample 02)
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Figure 4.6: Samples of output of Diffusion Model(Sample 03)

4.3 Hybrid Model ( Diffusion + GAN))

Quantitative Result :
PSNR : 21.48 dB
SSIM : 0.833

Qualitative Result :

Figure 4.7: Samples of Output of Hybrid Model (Sample 01)

Figure 4.8: Samples of Output of Hybrid Model (Sample 02)
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Figure 4.9: Samples of Output of Hybrid Model (Sample 03)

Table 4.1: Comparison of 3 Different Approaches

Model Architecture PSNR (in dB) SSIM
Generative Adversarial Network | 32.55 0.879
Diffusion Model 15.46 0.776
Hybrid Model 21.48 0.833

4.4 Discussions

4.4.1 GAN Performance

With an average PSNR of 32.55 dB and SSIM of 0.879, the Pix2Pix baseline model
produced the best reconstruction quality across all evaluation criteria.

The supervised nature of the training pipeline, which directly guided the generator by
several complementary objectives Li loss for pixel accuracy, SSIM loss for structural
preservation, VGG perceptual loss for high-level texture similarity, and adversarial (GAN)
loss for local realism is responsible for this impressive performance.

Instead of promoting global categorization, the PatchGAN discriminator employed in
this model promoted patch-wise discrimination.

As a result, it made the generator replicate local contrast patterns and fine-grained
information in every receptive field, thus minimizing the over-smoothing issue that frequently
arises in conventional convolutional regression networks.

Notwithstanding the overall success, a few minor problems were noted. Around sharp
edges, especially in areas of bone or interfaces of high contrast tissue, occasional

checkerboard artifacts appeared.
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Both bilinear interpolation and kernel-aligned padding can be used in subsequent
iterations to reduce these artifacts, which are frequently seen in transposed convolution-based
upsampling.

Additionally, there were times when low-contrast tissues were over-sharpening, which
somewhat accentuated edge intensity changes.

Even when the matching PET inputs are intrinsically low in resolution, this results from
the adversarial pressure giving local contrast priority.After the second epoch, the GAN
occasionally showed slight variations in generator loss, suggesting minor mode-collapse
tendencies from the standpoint of training stability.

This kind of instability is common in GAN optimization, particularly when learning
rates are high or dataset variety is restricted.However, the model consistently generated CT
reconstructions that could be interpreted clinically, and the convergence behavior remained

controllable.
Key Strengths
e Realistic tissue contrast and density distribution aligned with ground-truth CTs.
e Sharp delineation of anatomical structures (ribs, breast margins, and lungs).
e Best quantitative scores (highest PSNR and SSIM).
Limitations
e Training sensitivity to learning-rate scheduling and batch-size choices.
e Risk of adversarial oscillation if discriminator updates dominate.
e Slight checkerboard artefacts and contrast exaggeration.

In summary, the GAN framework demonstrated that strongly supervised adversarial
translation is highly effective for PET—CT synthesis when a sufficient number of paired
samples are available. Even under only four epochs, it remained the most faithful and visually

convincing model among the compared methods.
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4.4.2 Diffusion Model Performance

The conditional diffusion network generated CT images that were structurally consistent
and anatomically reasonable; however, the outputs showed noticeably softer edges and lower
contrast compared to those produced by the GAN.

This behavior is quite expected, since diffusion models are built around a noise-prediction
task rather than a direct mapping between intensity domains.

Instead of learning to reproduce a CT image pixel-by-pixel, the model learns to estimate and
remove gradually added Gaussian noise, which inherently prioritizes stability and denoising

over sharpness.

In this experiment, the diffusion backbone was implemented using a v-prediction
formulation with a cosine B-schedule and MinSNR weighting. These design choices ensured
that gradients stayed stable throughout the diffusion timeline, preventing exploding or
vanishing updates during training. An auxiliary L: reconstruction term on x0x_0x0 was also
included so that each denoised estimate remained anchored to the true CT domain, further
improving convergence and reducing colour drift. Training stability was excellent, no sudden
divergence or collapse occurred but only four epochs were completed, far fewer than the
typical 100 or more epochs normally required for diffusion convergence.

Consequently, the model learned strong global intensity consistency but failed to capture the

finer high-frequency anatomical textures that adversarial frameworks usually recover.

Smoothness versus Sharpness:

There is a trade-off between smoothness and sharpness. Minimizing the expected
energy of the added noise in diffusion models promotes spatial smoothness and homogenous
textures but as well as it blurs sharp anatomical edges. Though smoothing is beneficial for

removing noise artefacts, it washes out subtle tissue boundaries and there is a trade-off.

EMA Averaging Effect:

An exponential moving average (EMA=0.999) was used to stabilize training. This
basically improves the consistency of validation metrics, reduces temporal flicker between
adjacent slices and produces smoother volumetric continuity. Overall it stabilized the training

procedure well.
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Masked Evaluation:

PSNR got improved by 0.5dB and SSIM got improved by 0.2 while quantitative
evaluation was restricted to the foreground body region basically excluding the background
pixels. It actually proves that reconstruction errors mainly arose from mismatched background
intensities rather than anatomical inaccuracies, and also indicates that the model's spatial

alignment within the body region was accurate.

Interpretation:

Overall, the diffusion network generated noise-free, globally coherent CT images with
some artefacts.
But in reality it didn't reach the level of GAN in visual sharpness. However, it would require:

1. More training epochs (=20 or more),

2. More number of denoising steps per sample (=200 DDIM iterations), and

3. Integration of explicit edge-preserving or adversarial components.

Though it results in lower PSNR and SSIM, it shows training stability, fewer number of
artefacts, and strong theoretical foundation. And that makes it a strong candidate for future

work with 3-D volumetric image translation tasks.

4.4.3 Hybrid Model Performance

The Hybrid model is approached to blend the strengths of GAN model and Diffusion
model, combining the local edge realism of adversarial learning with reliable intensity
reconstruction of diffusion.

Here, the diffusion UNet acted as the primary generator and the lightweight PatchGAN
discriminator operated only on edge maps rather than to encourage the structural refinement

while keeping the training stabilized.

The hybrid approach also ran for only four epochs, same as the diffusion model did, but
it achieved higher PSNR and SSIM than diffusion model, which indicates that combining the

adversarial feedback helps us to enhance texture detail without harming the underlying
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anatomy of the image. And that is the success of Hybrid approach combining strengths of

previous two approaches.

Advantages Observed

1.

Sharper Structural Boundaries: In high contrast regions like ribs, lung wales and
soft tissues interfaces, the hybrid approach of edge focused discriminator strengthened
gradients. In adversarial loss the common issues happen of hallucinating textures
which is avoided here, and that makes it anatomically realistic.

Improved Masked SSIM: Better preservation of organ morphology and clearer tissue
boundaries is noticed after applying the edge based regularization and we got
improved masked SSIM by 0.07 over the diffusion baseline.And that is a significant
improvement than diffusion model.

Affine Tone Calibration: Initially it is noticed that there are slight tone
inconsistencies between slices while mixing GAN and diffusion gradients. But it was
solved by simple affine intensity rescalling during post-processing and it also
increased the PSNR by 1 dB. And that indicates that global brightness alignment plays
a key role in translation tasks.

2.5-D Conditioning: By using three consecutive PET slices [p—1,p0,p+1][p_{—1},
p 0, p_{+1}][p—1,p0,p+1] as input channels, the network gets contextual information
along the z-axis. This extra spatial context helps to improve the continuity between
adjacent CT slices and it also reduces sudden changes in contrast or structure, and

that’s how it bridges the gap between 2-D and volumetric learning.

Limitations and Practical Observations

The GAN branch had limited training time and this causes issues to learn deeper
adversarial priors.

Minor tone instabilities are noticed in neighbouring slices if affine calibration was
skipped.

Diffusion sampling still remains computationally heavy because each slice still

requires about 50 steps even if we use DDIM acceleration technique.
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e Because of the lower discriminator strength outputs are noticed overly smooth

occasionally in regions with weaker gradient signals.

Interpretation and Takeaway

The hybrid approach opens the door of integrating multiple deep learning techniques
that will combine the strength of each technique and will outperform each of their individual’s
performance. In our Hybrid framework the adversarial feedback complemented diffusion
regularization by reintroducing texture and edge information that were lost during pure

denoising.

This demonstrates the potentiality of hybrid architectures for future research particularly
for 3-D PET — CT or other multimodal translation tasks where both quantitative accuracy

and perceptual realism are essential.
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CHAPTER 5

DEMONSTRATION OF OUTCOME BASED
EDUCATION (OBE)

5.1 Introduction

While doing the whole work, we have followed all the Outcome-Based Education
principles, incorporating Course outcomes, Programme outcomes and knowledge profiles.
And We have also taken all the ethical consideration while accessing dataset and sustainability
was also checked while implementing the idea. Also throughout our task, we had to go

through various complex engineering problems to reach the final outcome.

5.2 Course Outcome (CO) Addressed :

Table 5.1: Course Outcome Addressed

Cos CO Statement POs Put Tick

COl1 Apply knowledge of electrical and electronic | POI \
engineering to the

solution of complex engineering problems.

CO2 Identify a contemporary real life problem related to | PO2 \
electrical and

electronic engineering by reviewing and analyzing
existing

research works.

CO3 Determine functional requirements of the problem | PO4 \
considering
feasibility and efficiency through analysis and

synthesis of
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information.

CO4 Select a suitable solution and determine its method [ PO8
considering
professional ethics, codes and standards.

CO5 Adopt modern engineering resources and tools for the | PO5
solution of
the problem.

CO6 Prepare management plan and budgetary implications | PO11
for the
solution of the problem.

CcO7 Analyze the impact of the proposed solution on health, [ PO6
safety,
culture and society.

CO8 Analyze the impact of the proposed solution on [ PO7
environment and
sustainability.

CO9 Develop a viable solution considering health, safety, | PO3
cultural,
societal and environmental aspects.

COo10 Work effectively as an individual and as a team | PO9
member for the
accomplishment of the solution.

Col11 Prepare  various  technical  reports,  design [ PO10

documentation, and
deliver effective presentations for demonstration of the

solution.
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CO12 Recognize the need for continuing education and [ PO12 \
participation in
professional societies and meetings.
5.3 Aspects of Program Outcomes (POs) Addressed
Table 5.2: Program Outcome Addressed
Statement Different Put tick
Aspects
PO3 Design/development of solutions: Design solutions for Public \
complex electrical and electronic engineering problems Health
and design systems, components or processes that meet
specified needs with appropriate consideration for public Safety !
health and safety, cultural, societal, and environmental Cultural
considerations.
Societal
Environme
ntal
PO4 Investigation: Conduct investigations of complex Design  of | V
electrical and electronic engineering problems using Experiment
research-based knowledge and research methods S
including design of experiments, analysis and
interpretation of data, and synthesis of information to Analysis !
provide valid conclusions. ?nd '
interpretati
on of data
Synthesis \
of
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Information

PO6 The engineer and society: Apply reasoning informed by | Societal
contextual knowledge to assess societal, health, safety,
i Health
legal and cultural issues and the consequent
responsibilities relevant to professional engineering Safety
practice and solutions to complex electrical and electronic
. . Legal
engineering problems.
Cultural
PO7 Environment and sustainability: Understand and | Societal
evaluate the sustainability and impact of professional
) ) ) ) ) Environme
engineering work in the solution of complex electrical and
ntal
electronic engineering problems in societal and
environmental contexts.
PO8 Ethics: Apply ethical principles embedded with religious | Religious
values, professional ethics and responsibilities, and norms | Values
of electrical and electronic engineering practice.
Professiona
1 Ethics and
responsibili
ties
Norms
PO10 Communication: Communicate effectively on complex Comprehen
engineering activities with the engineering community d and write
and with society at large, such as being able to effective
comprehend and write effective reports and design reports
documentation, make effective presentations, and give
) ) ) Design
and receive clear instructions.
Documenta
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tion

Make
Effective
presentatio

ns

Give and
receive
clear

instructions

POI11 Project management and finance: Demonstrate
knowledge and understanding of engineering
management principles and economic decision-making
and apply these to one’s own work, as a member and
leader in a team, to manage projects and in

multidisciplinary environments.

Engineerin
g
Manageme

nt principle

Economic
Decision-m

aking

Manage

projects

Multidiscip
linary
environmen

ts

5.4 Knowledge Profiles (K3 — K8) Addressed

Table 5.3: Knowledge Profile Addressed

K Knowledge Profile (Attribute)

Put
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Tick
(V)

K3 A systematic, theory-based formulation of engineering | ¥
fundamentals required in the

engineering discipline

K4 Engineering  specialist knowledge that provides | V
theoretical frameworks and bodies of
knowledge for the accepted practice areas in the
engineering discipline; much is at the

forefront of the discipline

K5 Knowledge that supports engineering design in a practice | V

arca

K6 Knowledge of engineering practice (technology) in the | V
practice areas in the engineering

discipline

K7 Comprehension of the role of engineering in society and
identified issues in engineering

practice in the discipline: ethics and the engineer’s
professional responsibility to public

safety; the impacts of engineering activity; economic,

social, cultural, environmental and sustainability.

K8 Engagement with selected knowledge in the research |

literature of the discipline

5.5 Use of Complex Engineering Problems

Throughout our whole project we had to face a lot of complex engineering problems

and had to solve it to reach the ultimate goal. From dataset preprocessing, handling dicom
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data,resizing it transforming into usable pixel array, engineering knowledge of dataset
handling was required. In the next portion, deep learning model was implemented, for that
deep understanding of deep learning architecture, basics of neural network, CNN, Generative
Adversarial Network,U-Net Generator, PatchGAN discriminator,Diffusion model architecture,
Hybrid approach combining two was used which requires complex engineering knowledge,
and one of the key challenges was to keep image shape accurate which requires problem
solving,debugging ability. And lots of loss functions are also used to calculate the difference
between images accurately. Implementing those successfully needed complex engineering

problem solving ability.

5.6 Socio-Cultural, Environmental, And Ethical Impact

This work advances the current state of art to implement a real life applicable medical
technology to translate images across different modalities. Once the result will be satisfactory
enough to apply in real life it would be really major advancement in the medical sector and
lots of patients will be secured from extra radiation of multiple medical tests and also the cost
that they had to bear . This approach has no negative environmental impact. And about Ethical
consideration, the dataset we have used QIN-Breast is licensed for public use of medical

research.

5.7 Attributes of Ranges of Complex Engineering Problem

Solving (P1 — P7) Addressed
Table 5.4: Attributes of Ranges of Complex Engineering Problem

P Range of Complex Engineering Problem Solving Put
Tick
Attribute Complex Engineering Problems have characteristic P1 and (\)
some or
all of P2 to P7:

Depth of | P1: Cannot be resolved without in-depth engineering |

46



knowledge knowledge at the level of one or more of K3, K4, K5, K6 or K8
required which allows a

fundamentals-based, first principles analytical approach
Range of | P2: Involve wide-ranging or conflicting technical, engineering | V
conflicting and
requirements | other issues
Depth of [ P3: Have no obvious solution and require abstract thinking, V
analysis originality in analysis to formulate suitable models
required
Familiarity P4: Involve infrequently encountered issues \
of issues
Extent of | P5: Are outside problems encompassed by standards and codes | V
applicable of
codes practice for professional engineering
Extent of P6: Involve diverse groups of stakeholders with widely varying
stakeholder | needs
involvement
and
conflicting
requirements
Interdepende | P7: Are high level problems including many component parts or |
nce sub-problems

5.8 Attributes of Ranges of Complex Engineering Activities (A1 —AS) Addressed

Table 5.5: Attributes of Ranges of Complex Engineering Activities Addressed

Range of Complex Engineering Activities

Put
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Attribute Complex activities means (engineering) activities or projects | Tick
that have some or all of the following characteristics: ( \/ )

Range of Al: Involve the use of diverse resources (and for this purpose | V

resources resources include people, money, equipment, materials,
information and technologies)

Level of A2: Require resolution of significant problems arising from \

interaction interactions between wide-ranging or conflicting technical,
engineering or other issues

Innovation A3: Involve creative use of engineering principles and |
research-based knowledge in novel ways

Consequences | A4: Have significant consequences in a range of contexts,

for  society | characterized by difficulty of prediction and mitigation

and

the

environment

Familiarity AS5: Can extend beyond previous experiences by applying V

principles-based approaches
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CHAPTER 6

CONCLUSION AND FUTURE WORK

6.1 Conclusion

This study presents a detailed exploration of Image translation across different
modalities from PET to CT using advanced deep learning techniques. The work mainly
focuses on three architectures, a Pix2Pix GAN, a Conditional Diffusion Model and a Hybrid
diffusion + Edge-GAN using the PET/CT pair of QIN-Breast dataset from The Cancer

Imaging Archive.

The Pix2Pix GAN acted as the baseline of all, with U-Net as generator and PatchGan as
discriminator it achieved highest reconstruction fidelity with the result of SSIM 0.8799 and
PSNR around 32.55 dB. In the qualitative portion it has been shown that it produced sharp,
realistic CT images with well-defined organ boundaries as it has been gone through
adversarial training and the inclusion of perceptual and SSIM based loss functions really
helped the neural network to capture the difference between the target image and the

generating image and updating the weight accordingly.

The Diffusion model, implemented with v-prediction, cosine B-scheduling, and MinSNR
weighting, delivered anatomically coherent and noise-free outputs. Although its PSNR and
SSIM were slightly lower than those of the GAN, the results were impressively stable and
completely free of adversarial artefacts. This confirmed that diffusion-based frameworks can
reconstruct the global intensity structure of CT volumes in a theoretically sound and
probabilistic way. The main limitation was computational cost and relatively soft detail, which

stemmed from limited training epochs and a small number of denoising steps.

To address these weaknesses, the Hybrid Diffusion + Edge-GAN was proposed.
Basically it combines the strength of both previous approaches, the smooth intensity
reconstruction of the diffusion model with the localized edge enhancement of an adversarial
discriminator. And the model generated images that are visually sharper and more

anatomically faithful than previous diffusion models.
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And preprocessing the date to make it 2.5D PET conditioning improved spatial coherence

across adjacent slices and reduced abrupt intensity transitions..
Overall, the comparative study highlighted that:

o GAN-based models perform better when the computational resources are limited and
the dataset is paired.

e Diffusion models give us unmatched stability and theoretical rigor for large-scale or
3-D medical reconstruction tasks and it requires huge computational resources.

e Hybrid models are the promising middle ground, combining the strengths of both types
of models ,specifically the sharpness of adversarial learning in GAN models and the

reliability of diffusion inference in DDPM.

Throughout our work, it has been shown that deep learning can indeed reconstruct
clinically meaningful CT representations from PET images,which will open the door to reduce
the need for dual-modality scanning and will minimize the patient's radiation exposure.
Though the current implementation was in 2-D slice translation, the results give us a solid

foundation for future expansion into volumetric or cross-modality reconstruction pipelines.

6.2 Future Work

As the outcomes are promising there are several directions opened for further

improvement and make it clinically applicable.

6.2.1. 3-D and Volumetric Extensions

Future work should be based on 3-D volumetric translation instead of 2-D slice wise
training. Thus it will contain spatial context across all dimensions and the continuity between
the slices will improve and the model will be able to capture anatomical variations which our
2-D training couldn't capture. An advanced GPU platform will make it possible to build a
model like this and memory efficient approaches should be taken to keep the training more

feasible.

6.2.2. Enhanced Dataset and Preprocessing
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The dataset used here contains limited numbers of paired data and that’s why the
number of required data for making the model more robust is needed. Any public dataset
containing more numbers of paired or unpaired PET/CT images will help the model to capture
more details. Moreover, implementing automated SUV normalization, HU calibration, and

cross-patient intensity standardization may improve the model performance by reducing noise.

6.2.3. Improved Diffusion Schedules

Some of the noise scheduling techniques like learned wvariance schedules,EDM
(Elucidated Diffusion Model) , even DDPM++ framework are unexplored here which should
be approached in future work that could benefit diffusion models. Basically these techniques

are used to accelerate convergence and recover sharper details with fewer denoising steps.

6.2.4. Adaptive Hybridization

Introducing dynamic adversarial weighting could be a big step where the discriminator’s
contribution will be gradually increased as diffusion training stabilizes. Adaptive loss
balancing would help to ensure that fine texture enhancement won't compromise with PSNR

based stability.

6.2.5. Integration with Clinical Workflows

Depending only quantitative values won't be enough for making the model clinically
applicable. In a practical scenario the generated CT image might be used in attenuation
correction, dose planning or radiation-free follow-up imaging. Future work should collaborate

with radiologists to have the proper qualitative evaluations as well.

6.2.6. Exploration of Cross-Modality and Multi-Task Learning

Another promising approach is combining images from multiple modalities, for example
(PET,CT,MRI), which will help the model to have more information about the organ of
particular image and it will have more versatility to translate image in multiple modalities.

Combining multiple modalities will increase computational cost which must be checked.
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6.2.7. Explainability and Uncertainty Estimation

While evaluating, rather than just depending on accuracy, approach should emphasize
on interpretability as well. Uncertainty quantification and attention visualization techniques
like Grad-CAM, diffusion time attention maps will help us to identify which regions are

influencing the predictions most.

Closing Remark

In conclusion , our approach shows that we can translate PET images into corresponding
CT images by using deep learning techniques. All the approaches including the GAN,
Diffusion and Hybrid offered unique advantages and that shows a clear trajectory toward a
more accurate, stable and practically applicable image translation system in healthcare.
The proposed hybrid pipeline particularly highlighted how combining the principles of
probabilistic diffusion with targeted adversarial supervision can bridge the gap between

stability and realism and can lead us to a more advanced model.

Larger dataset with 3-D integration of those deep learning techniques may lead us to
more clinically applicable solutions contributing to reduce the radiation exposure of patients

and the treatment cost as well.
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Appendices

Code

All experiments, model training, and evaluations were conducted in a Kaggle GPU

environment (NVIDIA Tesla T4, 16 GB VRAM).

The complete implementation, including dataset preparation, model training, and evaluation

scripts, is available in the following Kaggle notebook:

Kaggle Repository:

https://www.kaggle.com/code/almaheekhan/thesis-defence
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