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Abstract
Positron emission tomography (PET) is a functional imaging modality that uses a

radioactive tracer to visualise and quantify metabolic processes in the human body. It

has demonstrated considerable clinical value in oncology, neuropsychiatry, and cardi-

ology, showing substantial promise for advancing cancer diagnosis and management,

cardiac care and surgery, as well as neurological and psychiatric applications.

[18F] fluorodeoxyglucose (FDG) is the most commonly used tracer for PET imaging.

After injecting the radio tracer into the patient, tiny particles released from the tracer

interact with the body to create energy signals that the PET scanner detects; A PET

image is then generated by applying a reconstruction algorithm to turn the signals

into an image. However, repeated imaging poses health risks due to cumulative

radiation exposure. To address this critical issue, there have been attempts to lower

the injected activity to get low-dose PET (LPET) images. Because LPET involves

less radiotracer accumulation than standard-dose PET (SPET), the reconstructions

are noisier and can compromise diagnostic utility. To restore image quality, recent

work employs deep-learning methods to denoise LPET and synthesise images that

closely approximate SPET quality.

In recent years, there has been remarkable progress in LPET enhancement through

the use of deep learning based ’image synthesis’. Image synthesis refers to the process

of generating high-quality images from lower-quality or incomplete data, and it has

become the state-of-the-art in LPET enhancement. Despite these advances, deep

learning-based image synthesis methods still face challenges, such as availability of

diverse datasets, generalization across diverse datasets, robustness against noise and

artifacts, and ensuring clinical reliability and interpretability of synthesized images.
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The objectives of this thesis are to investigate novel strategies and advanced deep

learning methods for PET image synthesis tasks. Firstly, SPET images are widely

available as they are routinely acquired, whereas LPET images are relatively scarce

as they are primarily for research purpose. Therefore, paired low-to-high-dose PET

image datasets are challenging to obtain. However, deep learning methods require

extensive data for training. To address this, in this thesis, a new data augmentation

strategy is proposed in which synthetic LPET images were generated from existing

SPET images and used to augment the model training. This novel approach improved

model performance by increasing the diversity and quantity of training data and

enhanced the model’s ability to synthesize SPET from LPET.

Secondly, LPET images are acquired at various dose levels, such as 50%, 10%, 1%,

etc. Training models with LPET images from these different dose levels significantly

increase model training time and the need for extensive training datasets that cover all

the different dose levels. This limits the generalizability of existing methods, as they

are often optimized for specific dose levels and struggle to adapt to unseen or varying

dose conditions. To address this challenge, a time-controlled deep learning method is

proposed that is capable of improving image quality while also demonstrating greater

generalizability across LPET images with unseen noise levels. Here, the timestep

was set to represent different noise levels. The proposed model was trained on the

lowest dose level and tested across various dose levels. Unlike previous approaches,

this model achieved robust performance even with images with noise characteristics

it has not seen during training, highlighting its flexibility and broader applicability

in clinical scenarios.

Both methods were trained on a public dataset called ultra-low-to-high PET dataset.

A subset containing PET images scanned by a Siemens scanner was selected, with

each subject having seven different dose levels. The data was acquired in ’list mode,’

allowing images to be reconstructed at different time points to simulate various low-

dose PET conditions.
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The results of the data augmentation method demonstrate that the proposed training

strategy enhanced performance compared to using a smaller dataset, especially when

integrated with various state-of-the-art (SOTA) PET synthesize methods. The second

proposed method’s outperformed the comparison SOTA, with the incorporation of the

time-controlled strategy contributing to the performance, particularly when testing

on dose-level PET images not included in the training dataset.
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Chapter 1

Introduction

1.1 Background and Motivation

Medical images, acquired from different imaging modalities, depicts the human body’s
structure, function and pathology, providing detailed information for clinical and re-
search applications [5]. There are a variety of medical imaging modalities such as
X-rays, Computerized Tomography (CT), Magnetic Resonance Imaging (MRI), Ul-
trasound (US) and Positron emission tomography (PET). The focus of this thesis
is with PET which is a functional imaging modality that uses radioactive tracers
to visualize and quantify metabolic processes and other physiological activities [48].
Various tracers can be used for PET imaging, with [18F] fluorodeoxyglucose (FDG)
being the most commonly used for cancer detection due to its effectiveness in identi-
fying increased glucose metabolism in malignant cells [82]. The clinical value of PET
has been widely recognized in oncology, neuropsychiatry, and cardiology, demonstrat-
ing significant potential for future applications in cancer diagnosis and management,
cardiology and cardiac surgery, as well as neurology and psychiatry [48].

PET imaging process [40], shown in Figure 1.1 involves the administration of a ra-
diopharmaceutical, typically FDG, which is taken up by metabolically active tissues.
The emitted positrons from the radiotracer interact with electrons in the body, re-
sulting in the release of two 511 keV photons that are detected by PET scanners.
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These detectors use scintillation crystals to capture coincidence photons, enabling
the identification of regions with abnormal metabolic activity. Finally, the PET im-
age is obtained through the application of appropriate reconstruction techniques and
algorithms.

Figure 1.1 – PET imaging Process

Despite the proven clinical value and wide range of clinical applications, there are
growing concerns about the potential health risks of cumulative radiation exposure
from repeated PET imaging. Oncology patients, in particular, often undergo frequent
PET imaging, which has been shown to increase their long-term risk of radiation-
induced malignancies [76]. To mitigate the risk from repeated exposure, one approach
is to reduce the injected dose, leading to low-dose PET (LPET) scans [39]. Compared
to standard-dose PET (SPET), LPET images have lower quality because shorter
scans introduce more noise, resulting in a reduced signal-to-noise ratio (SNR), often
due to reduced radiotracer dose . Quantitatively, they are measured using metrics
such as peak signal-to-noise ratio (PSNR) and structural similarity index (SSIM).
Qualitatively, they show blurring, artifact presence, and impaired lesion visibility,
which may limit clinical interpretability. However, at lower noise levels associated
with reduced dose, the resulting image quality degrades significantly, making LPET
impractical for diagnostic use. Deep learning methods can effectively learn patterns
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from pairs of low-quality and high-quality images. This enables them to reduce noise
and recover essential image details from noisy LPET scans, generating clearer, SPET-
like images and potentially improving diagnostic accuracy. For instance, a PET image
that clearly reveals hypermetabolic lesions or preserves quantification (e.g., SUV) for
treatment planning is of greater value than one that is merely noise-free. Therefore,
improving image quality should aim not just at aesthetic restoration, but at retaining
diagnostically relevant information critical for clinical decision-making.

In recent years, image synthesis methods, which involve generating high-quality im-
ages from lower-quality or incomplete data, have been widely applied in the synthesis
of standard-dose PET (SPET) images from low-dose PET (LPET) images using deep
learning techniques. Figure 1.2 visualizes PET images of the same patient at differ-
ent dose levels. In this context, DRF stands for Dose Reduction Factor. A DRF100

means the dose is reduced by a factor of 100. This implies that the injected tracer is
only 1

100 of the full (standard) dose, which equals 1%. Similarly, DRF50 means the
dose is reduced by a factor of 50, resulting in 1

50 = 2%. And Full_dose represents
an injection with the standard dose tracer. As the DRF value increases (meaning
the injected tracer dose decreases), images become noisier, and signals become less
reliable. For instance, at higher DRF levels such as DRF100 and DRF50, the images
show higher noise compared to the Full_dose, making signals in organs like the liver
appear falsely elevated. Conversely, genuine signals, such as the high uptake typically
seen in the right kidney, become unclear or completely hidden due to this noise. Such
kidney uptake usually starts to appear more clearly at lower DRF values like DRF20,
becoming fully distinguishable only at very low DRFs, such as DRF2, where the noise
is substantially reduced.

The first gap in PET image synthesis to building image synthesis models is the avail-
ability and quality of PET datasets. Although SPET images are more accessible,
real LPET images remain scarce. Paired low-dose and high-dose PET datasets are
particularly difficult to obtain due to ethical and practical constraints related to ra-
diation exposure. It is ethically problematic because exposing patients to both low-
and high-dose PET scans increases radiation risk without clinical benefit. Practi-
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Figure 1.2 – Different dose level PET images

cally, performing two scans is costly, time-consuming, and burdensome for patients
and healthcare systems.

The second gap in PET image synthesis lies in the limited generalizability of current
models. While prior studies focus on capturing more information to improve image
quality, these models are typically trained on specific dose-level data and test on
specific dose-level, making them less effective when applied to PET images with
unseen or varying dose levels in real-world settings. This reduces their effectiveness
in real-world scenarios where PET images can have varying dose levels. Collecting
training data for every possible noise or dose condition is constrained by factors like
high costs, limited access to varied patient data, ethical restrictions on radiation
exposure, and the extensive diversity of imaging protocols in clinical practice. Since
it is impractical to collect training data covering all possible noise or dose conditions,
models often fail when applied to real-world cases that deviate from their training
distribution.

1.2 Contribution

This thesis presents two contributions designed to overcome the identified gaps (Fig-
ure 1.3) to the field of PET image synthesis, focusing on using deep learning and data
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augmentation methods to improve the synthesis of higher quality SPET images from
LPET counterpart.

Figure 1.3 – Limitations and Contributions

1. Proposed a data augmentation strategy for PET synthesis with im-

balanced datasets:

A key challenge in PET imaging research is the scarcity of real LPET images,
particularly paired datasets with corresponding SPET images. To address this,
this thesis introduces a novel reverse data generation approach, which has not
been explored in existing augmentation methods. Unlike traditional augmenta-
tion techniques that rely on large amounts of unlabeled input data to enhance
image clarity or generate target data, our method synthesizes low-dose PET
images from high-dose counterparts using a novel deep learning-based transfor-
mation approach. This reverse approach significantly expands the availability
of LPET data, enabling more effective model training while preserving realis-
tic noise distributions. By integrating these synthetic LPET images into the
training pipeline, data imbalance was mitigated and the model performance was
enhanced in the synthesis of SPET tasks.

2. Development of a time-controlled channel-spatial attention enhanced

ResUNet to improve the model generalizability:
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The main contribution of this work is the introduction of a time-controlled
strategy designed to simulate PET images with varying noise levels by intro-
ducing controlled degradation into the target images. Specifically, a timestep t

is used to regulate the intensity of noise, guiding the adaptive synthesis process
by incorporating t as an additional input and calculating loss against low-dose
PET (LPET) images. To complement this strategy, a deep learning frame-
work integrating channel-wise attention within a CNN-based encoder-decoder
architecture with skip connections was developed. This framework enhances
the model’s ability to emphasize relevant feature channels, improving high-dose
PET image synthesis from low-dose inputs. Additionally, spatial-wise attention
was integrated into the final encoder block of a ResUNet-based structure to
capture both local and global spatial dependencies. This refined architecture ef-
fectively captures channel-wise and spatial dependencies, resulting in improved
synthesis performance and enhanced model generalizability.

1.3 Thesis Organization

The remainder of this thesis is organized as follows:

• Chapter 2 reviews related work, focusing on deep learning methods for various
medical imaging tasks, with a particular emphasis on PET images and the
synthesis of high-quality PET images from LPET images.

• Chapter 3 presents a data augmentation strategy for PET synthesis, assuming
a large dataset containing SPET images and a subset with corresponding LPET
images at varying dose levels, reflecting real clinical scenarios.

• Chapter 4 introduces a novel deep learning architecture that integrates channel-
wise attention, ResNet blocks, and spatial attention. Additionally, a time-
controlled strategy is incorporated to enable the model to adapt to PET images
at different dose levels with varying noise.
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• Chapter 5 explores the strengths, limitations, and potential future directions in
this field.
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Chapter 2

Literature Review

2.1 Introduction

PET imaging has become an indispensable imaging modality in oncology, neurology,
and cardiology [9]. It is a nuclear medicine imaging modality that involves several
key stages in its usage: administration of a radiotracer emitting positrons (such as
FDG), detection of gamma rays emitted during positron annihilation, and recon-
struction of these events into diagnostic images. Advances in PET imaging, including
the transition from 2D to fully 3D scanning, the integration of iterative reconstruc-
tion algorithms, and improved attenuation correction methods—particularly through
PET/CT integration—have greatly enhanced PET’s diagnostic accuracy, image qual-
ity, and clinical usability [51]. During the imaging process, FDG is transported into
cancer cells primarily via glucose transporters (GLUT), where it accumulates due to
increased metabolic demand. This selective uptake provides a basis for visualizing
tumors in PET imaging [30].

However, traditional PET imaging modalities are often limited by issues such as ra-
diation exposure and prolonged scan times [74]. To address these challenges, the in-
tegration of artificial intelligence (AI), particularly deep learning methodologies, into
PET imaging has gained strong attention. AI-driven approaches have demonstrated
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considerable potential in enhancing image reconstruction quality, reducing noise, syn-
thesizing high-quality PET images from lower-dose scans, and ultimately improving
diagnostic accuracy and clinical outcomes [49]. Existing research approaches the re-
covery of full PET imaging data from noisy or incomplete data using various methods,
including denoising, enhancement, and synthesis. While denoising aims to remove
noise from acquired images, enhancement focuses on improving image quality, and
synthesis seeks to generate high-quality images from significantly reduced radiation
doses. All these methods focus on recovering high-quality PET images from low-
quality inputs. In Section 2.2, various AI-driven approaches applied to PET image
analysis will be discussed. In Section 2.3, we will specifically explore deep learning
methods aimed at synthesizing high-quality PET images from low-quality or low-dose
PET data.

2.2 AI in PET imaging

AI has been extensively applied across various domains, notably transforming medical
imaging through significant enhancements in image quality and diagnostic accuracy.
In PET imaging, AI-driven methods, particularly deep learning, have been widely em-
ployed for recovering tasks such as image denoising, enhancement, synthesis, as well
as image translation and reconstruction [6, 47, 55, 71]. While denoising and enhance-
ment approaches address the removal of noise artifacts and the improvement of image
clarity, respectively, synthesis methods generate high-quality images from extremely
low-dose inputs. In addition, AI-driven image translation converts data across differ-
ent imaging modalities or conditions, and reconstruction algorithms directly enhance
images from raw measurement data [28].

In 1991, Floyd first proposed an artificial neural network for reconstructing quan-
titative single photon emission computed tomography (SPECT) images [20]. Since
then, numerous researchers have explored various deep learning models to further
enhance image reconstruction quality. For instance, Häggström et al. introduced a
fully convolutional network (FCN) architecture designed for direct PET image re-
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construction tasks [26].Then Hashimoto introduced a novel ReconU-Net architecture,
which uniquely integrates the physics-based back-projection operation into U-Net’s
skip connections for direct PET image reconstruction task, especially when trained
on limited simulated data [29].

Deep learning-based image translation significantly enhance PET imaging by (1) sup-
plementing incomplete or missing data, (2) reducing the required number of PET
scans, and (3) augmenting datasets [49]. Ben-cohen proposed a model which com-
bines a FCN with a conditional generative adversarial network (GAN) for the gener-
ation of virtual PET images from CT scans [6]. Apoorva et al. proposed a globally
and locally aware generative adversarial network (GLA-GAN) to synthesize realistic
FDG-PET images from MRI, significantly improving image quality and diagnostic
performance in the detection of Alzheimer’s disease [67]. Dac introduced a novel
conditional diffusion model, named CPDM, for translation from CT to PET images
[52].

Deep learning models have also been applied to PET image denoising, enhancement,
and synthesis [12, 34, 62]. These methods share a similar goal, which is to improve
image quality by removing noise, making images clearer, or generating high-quality
images from low-quality scans. These methods will be introduced in more detail in
Section 2.3.

2.3 Deep learning methods for PET image synthe-

sizing

In recent years, many different neural network architectures have been developed to
create high-quality PET images from low-quality or low-dose input data. To clearly
understand and compare these approaches, this literature review categorizes existing
studies based on the type of deep learning models employed. The models discussed
include Convolutional Neural Network (CNN) [42], GAN [24], Transformer [75] and
Diffusion Models [31], each demonstrating unique strengths and capabilities in syn-
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thesizing high-quality PET images from low-quality inputs.

2.3.1 CNN based methods

Sustained progress has been achieved in synthesizing LPET images, with deep learn-
ing techniques emerging as key contributors to these advancements. CNN have be-
come foundational in image synthesis techniques. The U-Net [59] and 3D U-Net
[11], initially developed for biomedical image segmentation, have also been effectively
applied to PET image synthesizing [64].

Building on the concept of residual learning [92], Yan-Ran combined the residual
block with UNet to generate diagnostic PET image from ultra-low-dose PET images
[80]. Also utilized residual U-Net, Sano et al. [63] focused on range verification.
Their method was tested on simulated and experimental data, demonstrating that
the Residual U-Net preserved peak signal regions better than conventional filters,
providing accurate range estimation for dose verification and potentially reducing
PET measurement times in clinical applications. Spuhler et al. [69] introduced a
novel dilated convolutional neural network (dNet) to recover high-quality, full-count
PET images from low-count data. This approach utilizes dilated convolutions to
preserve image resolution and capture larger features without downsampling, achiev-
ing enhanced image quality over traditional U-Net and Gaussian filtering methods.
Mehranian et al. [50] introduced a deep learning enhancement (DLE) model to im-
prove whole-body PET image quality, reducing noise in short-duration scans. This
model significantly improved image quality for oncology applications, allowing scan
time or injected dose reduction while preserving diagnostic accuracy, emphasizing the
viability of DLE in clinical PET applications.

However, CNN-based methods often struggle with capturing long-range dependen-
cies, as convolutions inherently operate within a limited receptive field. Additionally,
CNNs may oversmooth fine details, leading to potential loss of clinically significant
information [68, 97].
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2.3.2 GAN based methods

As GAN [24] become more and more popular recently, Wang et al. [79] implemented a
3D Conditional GAN (3D c-GAN)with a U-Net-like generator for high-quality SPET
synthesis. The model’s skip connections and concatenated layers facilitated detailed
image reconstruction, while a unique loss function combining L1 and adversarial com-
ponents further improved quality by reducing artifacts.

To address cross-tracer and cross-scanner variability, Xue et al. [85] developed an
adaptive model using multi-stage GANs. The Self-Supervised Adaptive Residual Esti-
mation Generative Adversarial Network (SS-AEGAN) dynamically estimated residual
information, which helped correct discrepancies between synthesized and actual SPET
images. The model’s self-supervised pretraining enhanced its adaptability across dif-
ferent PET scan environments.

Gong et al. [23] proposed a Parameter-Transferred Wasserstein GAN (PT-WGAN)
that reduced computational demands and improved training efficiency using parame-
ter transfer. By leveraging both 2D and 3D convolutional layers, the model efficiently
captured contextual information while maintaining structural fidelity in LPET recon-
structions. CycleGAN Models with Supervised Learning have demonstrated success
in PET denoising. Zhou et al. [96] and Zhao et al. [95] used CycleGAN archi-
tectures, adding supervised loss functions to enhance LPET recovery. Their models
integrated cycle-consistency loss with a Wasserstein distance term, leading to more
accurate SPET estimations and preserving standardized uptake values (SUVs), cru-
cial for diagnostic consistency. Ouyang et al. [54] introduced a GAN framework
that incorporated feature matching and task-specific perceptual loss for ultra-low-
dose PET reconstruction. Their approach involved a U-Net-based generator and a
multi-slice input strategy that significantly enhanced the network’s ability to denoise
and maintain structural integrity in PET images. This method demonstrated supe-
rior performance in visual quality metrics and diagnostic consistency compared to
traditional methods.

Classification-Guided Approaches further optimize SPET synthesis by incorporat-
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ing task-driven constraints. Fei et al. [19] proposed a Bidirectional Contrastive
GAN (BiC-GAN), which utilized contrastive learning for domain alignment between
LPET and SPET images. This design maximized shared information across do-
mains, maintaining diagnostic details critical for conditions like mild cognitive im-
pairment (MCI) detection. Luo et al. [46] introduced AR-GAN, which incorporates
adaptive rectification to refine SPET synthesis outputs and spectral regularization to
preserve high-frequency details, ensuring alignment in the frequency domain. Xue et
al. [86] proposed a super-resolution refinement, CG-3DSRGAN, for PET image syn-
thesis. This model incorporated a classification module to improve the accuracy of the
low-to-high-dose translation, integrating a multi-tasking generator and a secondary
network for spatial detail recovery. This architecture demonstrated superior perfor-
mance across dose reduction levels, producing refined images with higher diagnostic
value.

Despite their advantages, GANs face notable challenges, particularly in terms of train-
ing stability and output diversity. One common issue is mode collapse, where the
generator learns to produce only a limited set of outputs, ignoring other modes in the
data distribution. This significantly reduces the diversity and generalizability of the
generated images, limiting their effectiveness in real-world applications [81].

2.3.3 Transformer based methods

Transformers [75], originally designed for natural language processing tasks, have
shown significant potential in computer vision due to their ability to model long-range
dependencies. Luo et al. [45] proposed the Transformer-GAN, combining CNNs for
local feature extraction with a Transformer for global context modeling, achieving
superior performance in SPET reconstruction compared to traditional GANs. Zeng
et al. [91] introduced a 3D Convolutional Vision Transformer GAN (3D CVT-GAN),
which integrated convolutional embeddings into the Transformer blocks to preserve
local spatial details while capturing global semantic information for PET reconstruc-
tion.
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TriDo-Former [15] represents a significant advancement in Transformer-based recon-
struction by integrating triple-domain knowledge (sinogram, image, and frequency).
The model employs two cascaded Transformers: SE-Former for denoising LPET
sinograms while preserving their structure, and SSR-Former for reconstructing high-
quality PET images using a global frequency parser (GFP) to retain high-frequency
details. The TriDoRNet [38] and PK-TriDo [16] models further expanded on this.
TriDoRNet reconstructed SPET from LPET by integrating information across projec-
tion, image, and frequency domains, with specialized networks for denoising and fre-
quency adjustment to enhance high-frequency detail recovery. The Prior Knowledge-
guided Triple-Domain Transformer-GAN (PK-TriDo) utilized prior domain knowl-
edge and adaptive frequency parsing to improve reconstruction accuracy, particularly
for ill-posed sinogram-to-image transformations.

Recent works have explored region-based attention mechanisms for medical image
restoration. The Region Attention Transformer (RAT) [88] dynamically partitions
images into semantic regions for targeted attention, reducing interference from irrel-
evant areas while enhancing detail in high-difficulty regions such as edges or lesions.
This approach has proven effective in PET image synthesis, allowing for focused
reconstruction of critical areas without losing overall context. Additionally, Li et
al. proposed the PETformer [43], a U-Net-based architecture incorporating multi-
headed attention blocks for short- and long-range dependency modeling. PETformer
demonstrated significant improvements in denoising ultra-low-dose PET images by
leveraging attention mechanisms to maintain anatomical details and signal-to-noise
ratios across varying dose reductions.

However, Transformers require large-scale datasets for effective training, which is
often impractical in medical imaging due to data scarcity. Additionally, their compu-
tational complexity is significantly higher on long sequences [25].
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2.3.4 Diffusion based methods

Diffusion models have become increasingly popular due to their enhanced training
stability and ability to generate high-quality images.. Ho et al. [31] introduced
Denoising Diffusion Probabilistic Models (DDPMs), which add Gaussian noise to
images through a forward diffusion process and learn to reverse it in a step-by-step
manner. DDPMs have shown superior performance over GANs in producing high-
quality medical images, including PET images.

Pan et al. [56] extended the application of DDPMs by proposing a high-efficiency de-
noising diffusion model (PET-CM) for whole-body PET reconstruction. The model
significantly reduced the computational requirements while achieving high quantita-
tive accuracy, demonstrating potential in clinical scenarios where quick image synthe-
sis is essential. Similarly, Sanaat et al. [61] applied DDPMs to improve brain PET
imaging, reducing radiation dose to as low as 5% of the full dose while maintaining
diagnostic quality.

Transformer models, known for their ability to capture long-range dependencies, have
been integrated with diffusion techniques for enhanced PET reconstruction. Huang et
al. [33] proposed a Diffusion Transformer Model (DTM) that combines the powerful
distribution mapping abilities of diffusion models with the Transformers’ capability
to capture spatial features. This model, guided by a joint compact prior, effectively
denoises PET images while preserving critical diagnostic information.

Another significant advancement is the High-Frequency-guided Residual Diffusion
Model (HF-ResDiff) [73], designed for multi-dose PET reconstruction. Tang et al.
incorporated a frequency domain information separator and high-frequency cross-
attention mechanism to ensure accurate recovery of fine details across varying dose
levels, which is essential for maintaining image fidelity in clinical settings. Addition-
ally, Han et al. [27] introduced a Contrastive Diffusion Model with Auxiliary Guidance
for coarse-to-fine PET reconstruction, combining contrastive learning with diffusion-
based denoising to better align low-dose PET images with high-quality targets. This
approach significantly improved image correspondence, addressing limitations of tra-

15



ditional diffusion models in clinical PET applications.

A key drawback of the denoising process in diffusion models is its high computational
cost, as it requires performing hundreds to thousands of iterative forward passes to
reconstruct a single image. This makes diffusion models significantly slower com-
pared to other deep learning approaches like GANs or autoencoders, limiting their
practicality for time-sensitive applications [87].

2.3.5 Other methods

In PET imaging, the need to balance image quality with radiation exposure has led to
a variety of reconstruction techniques. While CNNs, GANs, Transformer models, and
diffusion models have shown significant promise in reconstructing SPET from LPET
data, several other approaches have also been explored to enhance PET imaging.
Semi-supervised learning is effective in scenarios where paired LPET-SPET data is
limited. Jiang et al. [36] proposed a semi-supervised framework for generating SPET
images using Region-Adaptive Normalization (RN) and Structural Consistency Con-
straint. The RN module performs region-specific normalization to handle varying
intensity distributions across different regions, thus preserving anatomical bound-
aries. Meanwhile, the Structural Consistency Constraint ensures that structural de-
tails remain consistent throughout the generation process, effectively enhancing image
quality even when using unpaired datasets. The S3PET framework [14] introduced by
Cui et al. uses a two-stage approach: an unsupervised pre-training phase with dose-
specific masked autoencoders (DsMAEs) and a supervised dose-aware reconstruction
phase. The model incorporates modules to disentangle dose-specific knowledge, facil-
itating effective LPET-to-SPET reconstruction with limited paired data.

The integration of text-guided methods in PET reconstruction has emerged as an in-
novative approach to improve image quality by utilizing clinical information alongside
imaging data. The Multi-modal Conditioned Adversarial Diffusion Model (MCAD)
[17] introduced by Cui et al. leverages LPET images and clinical tabular data, such
as age and weight, to guide the reconstruction of SPET images. The model em-
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ploys a Multi-modal Conditional Encoder (Mc-Encoder) with Optimal Multi-modal
Transport co-Attention (OMTA) to align imaging and text features, ensuring a com-
prehensive fusion of multi-modal data.

MRI-guided methods enhance PET reconstruction by providing complementary anatom-
ical information that improves structural accuracy. Xiang et al. [83] used a deep
auto-context convolutional neural network to combine LPET and T1-weighted MRI
for estimating high-quality SPET images, refining the prediction iteratively through
multiple CNN modules. STFNet [93], proposed by Zhang et al., uses a spatial-
adaptive and transformer fusion network to combine MRI and PET, leveraging de-
formable convolutions and a transformer fusion encoder to improve the integration
of spatial and global information. The method outperforms conventional U-Net ap-
proaches by maintaining texture and edge details in the reconstructed SPET images.
Wang et al. [79] proposed a 3D auto-context-based locality adaptive multi-modality
GAN (LA-GAN) that integrates LPET and T1-MRI using a locality-adaptive fusion
mechanism, which adjusts the modality contributions dynamically at different image
locations to improve PET synthesis quality.

In a more recent development, MEaTransGAN [78] combines CNN-based encoders
and Transformer-based encoders to capture local spatial and global semantic features
from both LPET and T1-MRI inputs, introducing an edge-aware loss to preserve fine
anatomical details in the reconstructed SPET images. Additionally, PMC2-GAN [13]
employs a point-based representation to better retain intricate structures, integrating
MRI as an auxiliary modality to complement PET information in a flexible manner.

CT-guided techniques utilize anatomical priors from CT scans to improve PET re-
construction. Jiang et al. [37] introduced PET-Diffusion, an unsupervised latent
diffusion model with CT-guided cross-attention, to better recover structural details
in SPET images from LPET data.
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Chapter 3

A Reverse Method of Data

Augmentation for High Quality

PET Image Synthesis

3.1 Introduction

PET imaging is highly valued in oncology for its significant contributions to cancer
diagnosis and management [48]. However, SPET imaging involves cumulative radi-
ation exposure, raising concerns about potential health risks [76]. Radiation doses
from PET scanning are higher for the gonads, uterus, and bladder compared to other
organs [32], and it is well established that radiation poses a risk to human health
[53, 58]. Based on the "As Low As Reasonably Achievable" (ALARA) principle intro-
duced by the International Commission on Radiologic Protection (ICRP) in 1977 [53],
reducing the injected dosage is a promising solution to mitigate the risks associated
with radiation exposure. However, LPET images, in comparison to those obtained
under standard protocols, suffer from lower signal-to-noise ratio (SNR) and poten-
tially lose anatomical details (shown in Figure 1.2). In response to these challenges,
adopting computational methods for SPET synthesis from LPET has emerged as a
promising direction. Here, the synthesis means generating the SPET images from the
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LPET images.

Deep learning based methods have achieved great success in medical image analysis
related tasks such as in segmentation, classification and, registration [44]. Methods
based on deep learning have also been introduced for PET image synthesis tasks.
Earlier studies have focused on using CNN [7, 69, 83] to synthesis the SPET images.
Recently, GAN [24] based methods have achieved state of the art performance for
PET synthesis. For example, Wang et al. [79] proposed a 3D c-GAN to generate high-
quality SPET images, employing a 3D U-net-like architecture to maintain consistent
information between different image types. Zhou et al. [96] and Zhao et al. [95] used
a supervised CycleGAN-based architecture with a combined loss consisting of a cycle-
consistency loss, Wasserstein distance loss, and a supervised learning loss. Luo et al.
[46] presented the AR-GAN model, which uses an adaptive rectification network (AR-
Net) and a spectral regularization term to address discrepancies and high-frequency
distortions in synthesized PET images. Xue et al. [85] introduced the SS-AEGAN
model, which employs an adaptive residual estimation mechanism to dynamically
correct synthesized PET images and includes a self-supervised pre-training strategy
to enhance feature representation. Methods based on using transformer [15, 35, 45, 75]
and diffusion [22, 27, 57] have also been introduced for synthesizing PET images.

Despite their state-of-the-art (SOTA) performance, inherent to deep learning meth-
ods, particularly for medical image analysis, these methods consistently face chal-
lenges of insufficient annotated training datasets [18]. This is attributed to the expen-
sive data acquisition and annotation procedures and ethics constraints. To mitigate
these challenges, data augmentation methods that attempt to augment existing train-
ing datasets have been widely employed. Traditional augmentation methods include
simple geometric transformations such as rotations, translations, and flips. However,
these traditional methods usually have difficulties to introduce new imaging character-
istics that are essential for feature learning [10]. More sophisticated methods involve
the use of GANs to generate synthetic images. It can generate highly realistic and
diverse synthetic data, surpassing traditional augmentation methods that rely on sim-
ple transformations, which enhances model robustness and mitigates class imbalances
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[3]. Chaitanya et al. [8] proposed a semi-supervised task-driven data augmentation
method to improve medical image segmentation. This method combined a task-driven
approach with semi-supervised learning to enhance segmentation performance. In an
alternative appraoch, combining data from different imaging modalities, such as PET
and CT, has been shown to be able to leverage complementary information to en-
hance model performance. MultiRoiMix [77] introduced a method to leverage both
anatomical and metabolic information from multiple modalities to create more infor-
mative training samples, which has been validated in multimodal segmentation tasks,
demonstrating its effectiveness in improving model accuracy with limited data. Cut-
Mix [89] and CarveMix [94] have been developed for image classification and brain
tissue injury segmentation. CutMix [89] involves cutting and pasting patches among
training images to create new variations to enhance dataset diversity. Similar to Cut-
Mix [89], CarveMix [94] combines two existing labeled images to generate new labeled
samples. However, CarveMix [94] distinguishes itself by being lesion-aware, focusing
specifically on the lesions during the combination process and creating annotations
for the generated images. These methods combine existing annotated data in inno-
vative ways to create new training samples, enhancing the diversity and utility of the
dataset. However, these methods are primarily used to build more labels, whereas
the synthesis task requires more input data (LPET images). Therefore, they are not
directly applicable to PET synthesis, which necessitates a different approach.

There has been limited work on data augmentation for PET synthesis. Although tra-
ditional data augmentation methods help improve model performance, they generate
variations from the same original training data, limiting their ability to introduce truly
novel information or improve generalizability across different data distributions. In
order to enhance the model’s generalization and robustness, it is crucial to incorporate
additional new LPET and SPET image pairs from different patients.

To address this challenge, this research introduces a new reverse PET augmentation
method to generate LPET images from SPET images. This chapter innovatively
leverage the abundant SPET images that are acquired from routine PET imaging.
By combining these estimated LPET images with actual LPET images, the training
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dataset can be expanded with LPET images from new patients. This approach in-
creases both the size and diversity of the LPET dataset, enhancing data augmentation
and improving the quality of PET image synthesis. Moreover, it can be integrated
with existing models to optimize data augmentation processes. By generating esti-
mated LPET images, this reverse PET augmentation method effectively tackles the
critical issue of data scarcity in medical imaging, contributing to the development of
more robust deep learning models.

3.2 Method

The objective of this research is to address the data limitation challenge in PET image
synthesis by introducing a method to generate LPET images from SPET images. This
method allows us to augment the training dataset with synthetic LPET images, thus
enhancing the data available for training deep learning models. The workflow shown
as Figure 3.1.

Figure 3.1 – Workflow of the Reverse Method

21



3.2.1 Reverse Generation of LPET Images

Given a SPET image IS defined within a spatial domain Ω ⊆ R3, this method gener-
ates an estimated low-dose PET image I ′

L. The process will produce I ′
L that closely

mimics the characteristics of true low-dose images. This process can be mathemati-
cally represented as:

I ′
L = GHL(IS) (3.1)

where GHL is the model trained to generate low-dose images from standard-dose
inputs.

3.2.2 Integration with Real LPET Data

To enhance the training dataset, I combine these estimated LPET images I ′
L with real

LPET images IL. This integration increases the diversity and volume of the training
data, which is crucial for effective data augmentation. The combined dataset D can
be expressed as:

D = {(I ′
L, IS), (IL, IS)} (3.2)

where (I ′
L, IS) pairs the generated low-dose images with their corresponding standard-

dose images, and (IL, IS) pairs the real low-dose images with their standard-dose
counterparts.

3.2.3 Training with Augmented Data

The augmented dataset D is then used to train a deep learning model for PET image
synthesis. The model architecture of both from LPET to SPET and from SPET to
LPET is the same. The training process involves minimizing a loss function that
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measures the discrepancy between the predicted standard-dose images I ′
S and the

actual standard-dose images IS. This process can be mathematically represented as:

I ′
S = GLH(D) (3.3)

where GLH is the model trained to generate standard-dose images from low-dose
inputs.

3.2.4 Loss Function and Optimization

I employ the L1 Loss function, which is defined as:

LHL = 1
N

N∑
i=1

|I(i)
L − I

′(i)
L | (3.4)

LLH = 1
N

N∑
i=1

|I(i)
S − I

′(i)
S | (3.5)

where N is the total number of pixels in each image, I
(i)
S and I

′(i)
S represents the pixel

values of the target and estimated SPET images, I
(i)
L and I

′(i)
L represents the pixel

values of the target and estimated LPET images. The equation Equation 3.4 is the
loss function for the process GHL and equation Equation 3.5 is the loss function for
the process GLH . The optimization of the model parameters is performed using the
Adam optimizer, which adjusts the model parameters to minimize the L1 loss:

θHL = arg min
θHL

LL1(IL, I ′
L) (3.6)

θLH = arg min
θLH

LL1(IS, I ′
S) (3.7)

where θHL and θLH denote the model parameters.
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3.2.5 Integration with State-of-the-Art Models

This proposed method can be seamlessly integrated with any SOTA model for PET
image synthesis. By incorporating the generated LPET images into the training
process, I enhance the model’s ability to generalize and improve its performance in
synthesizing high-quality PET images.

3.3 Experiment Setup

3.3.1 Dataset

Ultra-low Dose PET Imaging Challenge dataset was used for experiments [1]. A total
of 387 patient studies were acquired using the Siemens Biograph Vision Quadra with
Time-of-Flight (TOF). Images were reconstructed using Ordered Subset Expectation
Maximization (OSEM) at a resolution of 440 × 440 × 644 pixels, with a voxel spacing
of 1.65 mm3. All acquired data was in ’list mode,’ enabling reconfiguration of acqui-
sition duration to simulate various low-dose scenarios[1]. Each LPET scenario was
characterized by a dose reduction factor (DRF) derived from reconstructed counts
over a reduced acquisition time frame centred around the midpoint of the original
acquisition duration. Low-dose images were generated using DRFs of 2, 4, 10, 20,
50, and 100, in conjunction with a corresponding standard-dose image, to cover a
comprehensive range of dose levels. In this study, we mainly focused on using a DRF
of 100 as our training input.

3.3.2 Implementation Details

All experiments were conducted using PyTorch with TensorBoard for visual analytics,
using an i7-5930K CPU and a 24 GB NVIDIA RTX A3090 GPU. Optimization was
carried out using the ADAM optimizer[41]. In our training, the learning rate was set
to 0.0002, batch size was set to 2 and we trained our model for over 84,000 iterations.
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3.3.3 Experimental Settings

We randomly selected 40 patients to simulate a small clinical dataset for training
purposes, where we trained the models MLH (LPET to SPET) and MHL (SPET
to LPET). Both models share the same architecture. Additionally, we allocated 10
patients for validation, maintaining consistency in datasets across models.

For further training based on our reverse data augmentation method, we utilized 224
additional patients, assuming we only had SPET images for these cases. The model
MHL was employed to estimate the corresponding LPET images. We then combined
these estimated 224 LPET images with the 40 real LPET images to train the final
model.

To compare the impact of dataset size, we also used all 284 patients (244+40=284)
with DRF100 (low dose) data and their standard-dose data to simulate a large clinical
dataset. This allowed us to evaluate the differences between training with small and
large datasets and to determine if the reverse data augmentation method can improve
the results.

For testing, 75 patients were allocated, and this dataset was used to evaluate all
models. Also, we allocated 38 patients for validation.

3.3.4 Evaluation Metrics

To evaluate the performance of the PET image synthesis models, we utilized several
standard metrics: Peak Signal-to-Noise Ratio (PSNR), Structural Similarity Index
(SSIM), Mean Squared Error (MSE), and Normalized Root Mean Squared Error
(NRMSE). These metrics are widely used in image processing to quantify the quality
and similarity of images.
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Peak Signal-to-Noise Ratio (PSNR)

PSNR is a measure of the peak error between the synthesized image and the reference
image. It is defined as:

PSNR = 20 log10

(
MAXIref√

MSE

)
(3.8)

where MAXIref
is the maximum possible pixel value of the reference image. Higher

PSNR values indicate better image quality.

Structural Similarity Index (SSIM)

SSIM is used to measure the similarity between two images. It considers changes in
structural information, luminance, and contrast. The SSIM index is defined as:

SSIM(x, y) = (2µxµy + C1)(2σxy + C2)
(µ2

x + µ2
y + C1)(σ2

x + σ2
y + C2)

(3.9)

where µx and µy are the mean intensities, σx and σy are the standard deviations, and
σxy is the covariance of x and y. C1 and C2 are constants to stabilize the division.
Higher SSIM values indicate better structural similarity.

Mean Squared Error (MSE)

MSE measures the average squared difference between the synthesized image and the
reference image. It is defined as:

MSE = 1
n

n∑
i=1

(Isyn(i) − Iref(i))2 (3.10)

where Isyn is the synthesized image, Iref is the reference image, and n is the number
of pixels. Lower MSE values indicate better image quality.
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Normalized Root Mean Squared Error (NRMSE)

NRMSE normalizes the root mean squared error by the range of the image intensities,
providing a relative measure of the error. It is defined as:

NRMSE =
√

MSE
MAXIref

− MINIref

(3.11)

where MAXI and MINI are the maximum and minimum possible pixel values of the
reference image, respectively. Lower NRMSE values indicate better image quality.

These metrics collectively provide a comprehensive assessment of the image synthesis
quality, capturing different aspects of image fidelity and similarity.

3.3.5 Comparison Method

Our reverse data augmentation method was evaluated with several state-of-the-art
synthesis methods including the traditional 3D-UNet [11] and four GAN-based meth-
ods specifically designed for PET synthesis—cGAN [79], Cycle-GAN [95, 96], AR-
GAN [46], and SS-AEGAN [85]. The number of features at each level for different
models were as follows: the 3D-UNet has feature counts of [16, 32, 64, 128, 256], the
cycleGAN has [16, 32, 64, 128], and the cGAN has [16, 32, 64, 128, 256]. Additionally,
the generator filters in the first convolutional layer were set to 32 for AR-GAN and
64 for SS-AEGAN. All models were implemented using PyTorch.

3.4 Results and Discussion

This method involved training models with both low-to-high and high-to-low dose
data transformations. The results, summarized in Table 3.1, and the visualization
in Figure 3.2, demonstrate that the proposed reverse data augmentation method
enhanced the performance of all these models for PET image synthesis. The figure
shows that for AR-GAN, the visualization on the brain using reverse data appears
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clearer than using only the small dataset. For SS-AEGAN, the boundaries are more
distinct and less blurry compared to the visualization generated from only the small
dataset. The table compares all the models using the small dataset, large dataset
and reversed dataset.

Figure 3.2 – Visualization of an example patient: The value in the figure is the PSNR
value(dB) for the example patient.
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3.4.1 Analysis about the large dataset and the small dataset.

By comparing the small dataset to the large dataset, as expected, significant improve-
ments were observed across all tested methods. For instance, even the best-performing
model, SS-AEGAN, demonstrated notable enhancements: PSNR increased from 48.3442
dB to 51.8235 dB, SSIM rose from 0.9784 to 0.9902, MSE dropped from 0.1027 to
0.0360, and NRMSE decreased from 0.4211% to 0.3013%. These improvements un-
derscore the importance of training data volume, as larger datasets provide more
diverse examples and richer patterns for the models to learn. This finding aligns with
the conclusion of Sun et al. [70], which emphasized that training with larger datasets
leads to more effective models and higher-quality synthesized SPET images. Fur-
thermore, the performance gap highlights the limitations of models trained on small
datasets, which are more prone to overfitting and may fail to generalize well across
unseen data.

3.4.2 Analysis about the reverse data augmentation method

compared to the small dataset

With the additional data created from this reverse data augmentation method, this in-
clusion consistently enhanced the performance of all the testing models. For instance,
the SS-AEGAN model with reverse data augmentation achieved the highest PSNR of
50.0932, indicating a large improvement in image quality. This model also exhibited
the lowest MSE and NRMSE values, confirming its superior accuracy and reduced
error margins. Similarly, the UNET and cGAN models demonstrated noticeable en-
hancements in PSNR and SSIM, underscoring the effectiveness of this augmentation
method across different architectures.

The visualization in Figure 3.2 further corroborates these quantitative findings. The
synthesized PET images augmented with reverse data exhibit clearer anatomical de-
tails and richer texture information, especially for the AR-GAN method. The SS-
AEGAN model, in particular, demonstrated enhancements in SSIM values, indicating
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that the structural similarity of the synthesized images is markedly improved by the
reverse data augmentation method.

Moreover, the comparative analysis demonstrated that the models trained with the
proposed reverse data augmentation method consistently outperformed those trained
with small datasets alone, regardless of their initial performance levels. For example,
the SS-AEGAN model, which already performed the best among the models without
reverse data, still showed improvements when trained with the reverse data augmenta-
tion method. Specifically, the PSNR increased from 48.3442 dB to 50.0932 dB, SSIM
improved from 0.9784 to 0.9829, MSE decreased from 0.1028 to 0.0588, and NRMSE
reduced from 0.4211% to 0.3514%. These enhancements across all metrics indicate
that the reverse data augmentation method can boosts the models’ generalizability
and robustness.

3.4.3 Analysis of the reverse data augmentation method com-

pared to the large dataset.

Compared with the results of models trained on large dataset that includes a compre-
hensive low-dose and standard dose pair dataset, the performance of using the large
dataset was noticeable. From Figure 3.2, AR-GAN failed in brain synthesis, pro-
ducing images with noticeably blurred and distorted brain regions. The anatomical
structure lacks clarity, and key features are either smoothed out or missing, indi-
cating poor synthesis quality. This suggests that AR-GAN struggles to capture the
fine-grained details and complex spatial relationships required for accurate brain re-
gion synthesis on limited data. Nonetheless, for the cGAN model, the performance
with reverse data augmentation method was very close to that with all the low-dose
data, highlighting the potential of the reverse data augmentation method to enhance
the quality of synthesized SPET images. However, cycleGAN exhibited the largest
discrepancy between the large dataset and the reverse dataset, as shown in Table 3.1,
indicating that cycleGAN is highly influenced by dataset size. Despite this, the re-
verse data augmentation method has its limitations, as evidenced by the noticeable
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performance gap between the large dataset and the reverse dataset. While small
dataset integrate the reverse dataset outperforms the small dataset alone, it still falls
short of the results achieved by directly training on the large dataset, indicating that
reverse data cannot fully substitute for real, diverse training samples. While cycle-
GAN can improve the synthesis of SPET images, it does not necessarily enhance the
precision of estimated LPET images. Generating precise LPET images is challenging,
and the estimated LPET images may contain artifacts; for example, the generated
images often appear over-smoothed. This contributes to the substantial difference
observed between the large dataset and the reverse dataset for cycleGAN.

3.4.4 Overall Discussion

These findings underscore the potential of reverse data augmentation method in ad-
dressing the limitations posed by small datasets in medical imaging. The proposed
reverse data augmentation method offers a practical solution to improve outcomes
with limited data. By augmenting the training data with reverse transformations,
this method increases the diversity and variability of the dataset, which is crucial for
developing reliable and effective deep learning models. This is particularly important
in PET imaging, where data diversity directly impacts the accuracy and robustness
of diagnostic tools. Notably, the improvements in MSE and NRMSE metrics indi-
cate that not only the mean values but also the variance of these metrics have been
improved, suggesting enhanced robustness of the results.

3.5 Summary

In this study, a reverse data augmentation method was introduced to augment the
training dataset by levering the SPET images. The experimental results with a clinical
dataset demonstrate that the reverse data augmentation method enhances the perfor-
mance of PET synthesis models when combined with state-of-the-art techniques. By
leveraging both low-to-high and high-to-low dose data transformations, this method
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effectively mitigates the limitations of small datasets. Although a gap remains when
compared to using a comprehensive dataset containing all low-dose data, the reverse
data augmentation method still substantially improves the synthesized image quality
with limited datasets. Future work will focus on developing more precise methods
for generating LPET images to further improve the data augmentation process and
exploring the applicability of this approach to other medical imaging tasks.
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Chapter 4

TCCA-Net: A Time-Controlled

Channel-Spatial Attention

Enhanced ResUNet for PET image

synthesizes

4.1 Introduction

PET imaging, detailed earlier in this thesis, utilizes radioactive tracers to visualize
metabolic processes and physiological activities across oncology, cardiology, and neu-
rology applications [4, 48]. Despite its clinical value, concerns about radiation risks
from repeated PET scans [76], particularly in oncology patients, necessitate reduc-
ing injected tracer doses, leading to LPET. However, LPET images typically suffer
from lower SNR. A promising solution, as previously introduced, is the synthesis
of high-quality SPET images from LPET images using advanced image processing
techniques.

In recent years, substantial progress has been made in addressing the challenge of syn-
thesis high quality PET image from low-dose PET. Building on this progress, deep
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learning models have played a critical role in advancing image synthesis techniques,
particularly for enhancing LPET images. CNN based methods have become foun-
dational in image synthesis techniques. The U-Net [59] and 3D U-Net [11], initially
developed for biomedical image segmentation, have also been effectively applied to
PET image synthesizing [64]. Building on the concept of residual learning [92], many
researchers built models with the residual learning [21, 65, 84]. Sano et al. [63] used
2D residual U-Net to do the PET image denoising. Spuhler et al. [69] proposed a
2D residual dilated CNN to predict the SPET images from LPET counterpart. GAN
[24] have become a popular baseline in image synthesis due to their ability to learn
effectively from paired image data. GANs consist of a generator, which creates re-
alistic synthetic images, and a discriminator, which differentiates between real and
synthetic images through adversarial training, leading to continuous improvement of
image realism. Yan Wang et al. [79] implemented a 3D c-GAN with a U-Net-like
generator for SPET synthesis. Zhou et al. [96] and Zhao et al. [95] used CycleGAN
architectures, adding supervised loss functions to enhance LPET recovery. Luo et al.
[46] introduced AR-GAN, which incorporated adaptive rectification to refine SPET
synthesis outputs and spectral regularization to preserve high-frequency details, en-
suring alignment in the frequency domain. Xue et al. [86] proposed CG-3DSRGAN
which incorporates a classification module to enhance the accuracy of low-to-high-dose
translation by utilizing a multi-task generator and a secondary network for recovering
spatial details.

However, these methods expand the receptive field through down-sampling, but strug-
gle to capture long-range correlations [68, 97]. To address this challenge, transformer-
based methods have been applied. TriDo-Former [15], TriDoRNet [38], and PK-TriDo
[16] integrate various domain information to enhance the quality of synthesized im-
ages. Transformers [75] benifits for their self-attention mechanisms for capturing long-
range dependencies. In order to capture both global and local features for generating
high-quality SPET images, Luo et al. [45] and Zeng et al. [91] proposed models
that combine Transformer with CNN or GAN methods. However, these spatial-wise
attention in Transformer models is computationally and memory-intensive, limiting
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their application to lower image resolutions and restricting detailed textural repre-
sentation at full resolution. To address this, researchers have introduced channel-wise
self-attention methods [2, 35, 90] to balance efficiency and feature detail, with Jang et
al. [35] further combining spatial- and channel-wise attention. However, transformer
architectures rely heavily on global self-attention mechanisms. These mechanisms
typically require large amounts of data to learn meaningful relationships, making
Transformers less effective at modeling detailed local spatial contexts and subtle tex-
tures present in limited datasets [66], leading to convergence challenges and high
memory consumption, necessitating further optimization to enhance their efficiency
across diverse applications. Moreover, most existing methods are designed for PET
images acquired at a specific dose level; for instance, models trained on DRF20 im-
ages are typically tested only at the same DRF20 level. This approach restricts their
ability to adapt effectively to the diverse dose conditions commonly encountered in
clinical practice. This rigid design restricts their real-world applicability, as mod-
els trained on one dose level may fail to generalize across others. Addressing this
limitation is a key focus of this study.

In existing literature, models for PET image synthesis are typically trained on datasets
acquired at fixed dose levels. However, in clinical practice, patient-specific fac-
tors—such as body weight, metabolic rate, and overall health—necessitate individ-
ualized PET imaging protocols, leading to variable dose administrations [60]. This
variability can result in dose levels that differ from those represented in standard train-
ing datasets, potentially affecting the performance of models trained under fixed-dose
assumptions. For instance, a model trained exclusively on images obtained at a 1%
dose level (DRF100) may not perform optimally when applied to images acquired
at different dose levels, such as 2%, 5%, or 10%. This discrepancy underscores the
importance of developing models capable of adapting to a range of dose conditions,
thereby enhancing their robustness and clinical applicability. So the model must gen-
eralize across different noise levels rather than being overfitted to a specific dose level.
Thus, an algorithm is required that can denoise images across arbitrary noise levels
rather than just one. To tackle cross-tracer and cross-scanner variability, Xue et al.
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[85] proposed an adaptive multistage GAN model, which achieved better performance
on LPET images at different dose levels. However, the model needed to input dif-
ferent dose-level PET images for training, limiting its practicality in scenarios where
such diverse dose-level datasets are unavailable.

In this study, a TCCA-Net is proposed - A Time-Controlled Channel-Spatial At-
tention Enhanced ResUNet, to help with the PET image synthesizing across varying
dose levels by addressing key challenges in biomedical image generation. This chapter
introduce a Time-Controlled Mechanism, a novel approach to enhance PET image
synthesis by explicitly modeling noise variations across different dose levels. Unlike
conventional methods that train on fixed-dose PET images, this approach simulates
PET images at multiple noise levels by introducing controlled noise into target im-
ages, with the noise level regulated by a timestep t. The model then computes
the loss against LPET images, using t as an additional input to dynamically guide
SPET synthesis. Before introducing the time-controlled mechanism, Full-TrSUN, a
full-resolution hierarchical transformer framework, is introduced. This approach inno-
vatively employs hierarchical transformer blocks to distill multi-scale features directly
from the full image resolution. The process integrates XCIT Transformer Blocks [2]
with a CNN encoder-decoder architecture and UNet connections [59], collectively en-
abling the model to capture a comprehensive range of textural nuances. The use of the
CNN structure also captures spatial relationships and enhances efficiency, resulting
in higher performance. Then, building upon the previously introduced Full-TrSUN,
the goal is to enhance feature representation by effectively capturing both local and
global features within an image. So, an Attention-Enhanced ResUNet (AE-ResUNet),
which integrate both channel-wise and spatial-wise attention mechanisms to enhance
feature extraction, was introduces. To enhance gradient flow, feature preservation,
and learning stability, the ResNet block was integrated alongside spatial and channel
attention. Given that low-to-high datasets are typically much smaller than natural
image datasets, this hybrid design also helps improve convergence by balancing local
feature extraction and global context learning.

This timestep-aware framework allows the model to learn a continuous representation
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of noise across varying dose conditions, rather than being restricted to discrete train-
ing datasets. By incorporating t, the model can better adapt to unseen dose levels,
effectively bridging the gap between different noise conditions. This strategy not only
enhances robustness but also introduces a more flexible and scalable approach to PET
image denoising—offering a significant advancement over existing fixed-dose training
paradigms.

This chapter conducted a series of experiments to evaluate the effectiveness of this
proposed approach using Ultra-low Dose PET Imaging Challenge [1]. This results
demonstrate significant improvements over existing methods in terms of PSNR, MSE,
NRMSE and SSIM.

4.2 Method

The objective of this study is to generate standard-dose PET images IS from low-
dose PET images IL. Both IL and IS are defined as three-dimensional (3D) volumes
situated within a spatial domain Ω ⊆ R3. The proposed model consists of three key
components.

First, to capture features from full image resolution, Full-Trsun[72] is used - a Full-
Resolution Transformer UNet. This model integrates a transformer encoder alongside
a CNN encoder, followed by a CNN decoder that leverages the hidden state and UNet
connections. The architecture of Full-Trsun is illustrated in Figure 4.1

Second, to enhance feature representation, this study proposed an AE-ResUNet,
which incorporates both channel-wise and spatial-wise attention mechanisms. Fur-
thermore, ResNet blocks are integrated to improve gradient flow, feature preservation,
and learning stability. The overall pipeline is depicted in Figure 4.2.

Finally, to enhance the generalizability of the model, a time-controlled mechanism was
introduced. This mechanism utilizes a timestep to represent image noise levels, allow-
ing the model to be evaluated across different noise conditions, ultimately improving
its robustness. The final model structure of TCCA-Net is shown in Figure 4.4.
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Figure 4.1 – Architecture of the Full-TrSUN model.

Figure 4.2 – Pipeline of AE-ResUNet.
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4.2.1 Full-TrSUN

Initially, the process utilizes Transformer encoder as a foundational hidden block.
Assuming the presence of t distinct stages within this block, each stage produces a
downsampled output. At the ith level i ∈ {1, 2, · · · , t}, the resultant output is denoted
as I i

L which employed as inputs for a CNN-encoder block, denoted as I i
E. The output

is then directed through a CNN decoder block, facilitated by skip connections at
various resolutions to effectively maintain and integrate multi-scale features. Upon
completion of the decoding process through the final layer, an estimated standard-
dose PET image I ′

S is produced.

The architecture of the Full-TrSUN is illustrated in Figure 4.1, which consists of a
transformer encoder stage combined with the CNN encoder process followed by the
CNN decoder using the hidden state and UNet connection.

Transformer Stage

Figure 4.3 – channel-wise attention structure.

Starting with the low-dose PET image IL ∈ RH×W ×D×C as the input, the transformer
stage initially employs a 3×3×3 convolution layer to obtain the low-level feature em-
beddings. Following the patch embedding, the input image retains its full resolution,
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ensuring the extraction of complete textural information at the tissue level. The en-
tire encoder process comprises five Transformer Stages, each with a different number
of transformer blocks arranged as (1,2,2,2,1). A critical precursor in this methodology
is the initial convolutional transformation of an LPET input image IL ∈ RH×W ×D×C

to extract foundational feature representations F0 ∈ RH×W ×D×(dim×C), where H, W ,
and D delineates the spatial dimensions, and dim×C denotes the channel count. This
extraction lays the groundwork for subsequent transformations across five distinct lev-
els, thereby evolving F0 into enriched feature embeddings Fd ∈ RH×W ×D×(d×dim×C).

Two components of the Transformer block are Cross-Covariance Attention (XCA)
and Forward process[2]. The XCA mechanism is articulated as,

X̂ = WAttention(Q, K, V) + X (4.1)

Attention(Q, K, V) = VAttention(Q, K) = V · Softmax(KT Q
α

) (4.2)

where X and X̂ are the input and output features map and Q(query), K(key),
V(value) are obtained after reshaping tensors from the original size. Here Q = XWq,
K = XWk and V = XWv, which Wq, Wk, Wv are the weights. It shifts the computa-
tional emphasis from the spatial domain to the channel domain, thereby achieving a
linear complexity. Depth-wise convolutions complement this shift to underscore local
context before the computation of the global attention. Here α is the scaling factor.

After the XCA block, a Forward block was used to enhance the communication be-
tween each XCA block by two 3 × 3 × 3 convolution layers with Batch Normalization
and GELU non-linearity. Figure 4.3 shows the structure of the XCA block, which
represents the channel-wise attention mechanism.

CNN Encoder and CNN Decoder

This model extracts a sequence of representations Fi (i ∈ {1, 2, . . . , 5}), each with
dimensions H

P
× W

P
× D

P
× C, where P = 2i, C = dim × i. This study choose the fea-
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ture size and the special dim with 24 and 3 for the CNN-Encoder and CNN-Decoder
blocks. For the Encoder block, this study use these representations as the input of
the encoder blocks with two 3 × 3 × 3 convolutional layers, each followed by a nor-
malization layer. For the Decoder block, the spatial resolution of these feature maps
is subsequently amplified by a factor of 2 via a deconvolutional layer. Utilizing these
convolutional layers enables the effective projection of complex, high-dimensional data
into a more interpretable and spatially relevant form, laying the groundwork for en-
hanced feature synthesis and integration within the decoder through skip connections
at corresponding levels. The synthesized features are further processed in another
decoder block, adhering to the previously described configuration and including an
upsampling phase. The final outputs are then generated by applying a 1 × 1 × 1 con-
volutional layer, followed by a sigmoid activation function, thus enabling the effective
synthesis task.

This study use the hidden state output as the output of the Transformer Block to
connect the Transformer Block and the CNN-encoder block. Then, this study use the
concatenation of the Encoder output as the Decoder input like UNet[59].

Figure 4.4 – Architecture of TCCA-Net.
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4.2.2 Attention-Enhanced ResUNet(AE-ResUNet)

Building upon Full-TrSUN, we propose the AE-ResUNet, features a dual-encoder
architecture. The first encoder follows Full-TrSUN, incorporating channel-wise at-
tention to enhance feature selection across channels. The second encoder is based
on ResUNet, consisting of two ResNet blocks, with the final block integrating spa-
tial attention to refine spatial feature representation. This design improves gradient
flow, enhances learning stability, and strengthens both channel-wise and spatial-wise
feature extraction.

Here a Dual-Encoder Structure was used. Let IL ∈ RH×W ×D be the low-resolution
input, where H, W, D represent spatial dimensions.

The first encoder follows the Full-TrSUN design, incorporating channel-wise attention
to refine feature selection across different channels. For the formula related to the
first decoder, refer to Section 4.2.1. At the ith level i ∈ {1, 2, · · · , n}, the resulting
output is denoted as I i

CAE, which is used as input for the next channel-wise attention
encoder (CAE) block.

The second encoder follows the ResUNet design, integrating spatial attention in the
final block to enhance spatial feature representation. At the ith level, i ∈ {1, 2, · · · , n},
the resulting output is denoted as I i

RAE, which is used as input for the next ResNet-
Attention Encoder (RAE) block.

I i
RAE = I i−1

RAE + f(I i−1
RAE) (4.3)

where:

• f(I i−1
RAE) represents the residual function (convolution, batch normalization,

ReLU),

• I i−1
RAE is the input feature map.
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Figure 4.5 – Spatial-wise Attention structure.

Figure 4.6 – The figure illustrates the structure of the AE-ResUNet block, where only
the last layer includes spatial attention. (a) represents the block without attention,
while (b) represents the block with attention.
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At the final ResNet block, spatial attention is applied. The spatial-wise attention[75]
is articulated as,

Attention(Q, K, V ) = softmax
(

QKT

√
dk

)
V (4.4)

where:

• Q ∈ Rm×dk is the matrix of query vectors.

• K ∈ Rn×dk is the matrix of key vectors.

• V ∈ Rn×dv is the matrix of value vectors.

• dk is the dimensionality of the keys and queries.

The structure of the spatial-attention is shown in Figure 4.5

The final layer outputs from both encoders are concatenated and used as the input
to the middle block. Similarly, the intermediate layer outputs of the encoders are
concatenated with the decoder’s output to serve as the input for the next decoder
stage. The skip connection way is shown in Figure 4.6

4.2.3 Time-controlled mechanism

To improve the generalizability and robustness of this model in synthesizing high-
quality PET images, this study introduces a time-controlled mechanism that dynam-
ically adapts to varying noise levels in the target SPET images. This mechanism
leverages a timestep variable t randomly sampled at each training iteration to control
the noise added to the target image. By incorporating this dynamic noise simulation,
the model learns to reconstruct high-quality PET images that align with the SPET
target.

During training, noise was introduced into the high-quality SPET image IS using a
randomly sampled timestep t, generating a degraded version It that simulates different
noise levels:
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It = IS + ϵt (4.5)

where:

• ϵt ∼ N (0, σ2
t I) is Gaussian noise controlled by t.

• σt is a noise-dependent scaling factor.

• It represents the artificially degraded PET image, used to measure the discrep-
ancy with the LPET image.

The gap between It and IL(LPET images) was estimated through a loss function,
guiding the model in learning the optimal transformation from LPET to high-quality
SPET.

The input to the model consists of:

• The LPET image IL, which the model transforms into a high-quality PET
image.

• The timestep t, which encodes the noise level added to IS and is used within
the model to guide feature extraction.

To effectively incorporate the timestep t into the network, I use a sinusoidal embed-
ding function inspired by Ho et al. [31]. This embedding transforms the discrete
timestep into a continuous representation that the model can use to condition the
feature extraction process dynamically.

The timestep embedding function is defined as:

τ(t) = Embedding(t, dembed) (4.6)

where τ(t) is a dembed-dimensional vector used to encode the timestep information.
The function follows the sinusoidal positional encoding approach:
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γ(t) =
[
cos

(
t

M
2i

dembed

)
, sin

(
t

M
2i

dembed

)]dembed/2

i=0
(4.7)

where:

• M is a scaling factor (default 10, 000) that controls the frequency range.

• i is the embedding index.

Figure 4.7 – This figure shows how to inject the embedded timestep into the encoder.
The dashed lines indicate layers where attention is applied in the final encoder
block and the first decoder block.

After obtaining the sinusoidal timestep embedding τ(t), I further transform it using
a multi-layer perceptron (MLP) to project it into a higher-dimensional space. This
transformation ensures that the timestep information is effectively integrated into the
model.

The embedding dimension is defined as:

dembed = 4 × dchannels (4.8)
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where dchannels corresponds to the number of feature channels in the first layer of the
model. The timestep embedding undergoes the following transformations:

τ ′(t) = SiLU(Linear(τ(t), dembed)) (4.9)

τ ′′(t) = Linear(τ ′(t), dembed) (4.10)

where:

• Linear(x, d) represents a fully connected layer projecting x to dimension d.

• SiLU(x) is the Sigmoid-Weighted Linear Unit (SiLU) activation function, which
helps to capture complex non-linear dependencies in the timestep embeddings.

The encoded timestep τ ′′(t) is injected into each ResNet block in the encoder. The
way to inject τ ′′(t) to encoder is shown in Figure 4.7

4.3 Experiment Setup

4.3.1 Dataset

In this study, we use the data from Ultra-low Dose PET Imaging Challenge[1]. 387
patient data were acquired from the Siemens Biograph Vision Quadra scanner. Images
are reconstructed with OSEM to be 440 × 440 × 644 voxels at a voxel spacing of
1.65mm3.For Full-TrSUN, we allocate 75 patients for testing and 30 patients for
validation. For the further time-controlled TCCA-Net, we allocate 50 patients for
testing and 50 patients for validation. All acquired data was in ’list mode’, which can
be used to reconfigure the acquisition duration to simulate various low-dose scenarios.
Each low-dose PET was characterized by a DRF derived from reconstructed counts
over a reduced acquisition time frame centered around the midpoint of the original
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acquisition duration. The generation of low-dose images employed DRFs of 2, 4,
10, 20, 50, and 100, in conjunction with a corresponding full-dose image, to span a
comprehensive range of dose levels. Our research focuses on minimizing radiation
exposure by synthesizing high-quality standard-dose images from the lowest dose
inputs; hence, we exclusively utilize the DRF of 100, representing a dose reduction of
100 percent, for our training input.

4.3.2 Implementation Details

All experiments were conducted using PyTorch with TensorBoard for visual analytics,
using i7-5930K CPU and 24 GB NVIDIA RTX A3090 GPU. The learning rate was
set to 0.0002 and batch size was set to 1. We trained our method for more than
300,000 iterations.

4.3.3 Experimental Settings

The study focused on the ultra-low-dose synthesis and therefore only used DRF100
as the input. For testing, to demonstrate the enhanced generalizability of our model,
we will evaluate it on PET image data across various dose levels. After compar-
ing different model parameters empirically (in Section 4.4), we found that a larger
dimensionality (dim) of the Transformer block leads to improved results. Here, we
set the Full-TrSUN dimension to 16, matching that of TCCA-Net to ensure a fair
comparison. The architecture of the Transformer stage was set to (1, 2, 2, 2, 1), and
the number of attention heads was set to (1, 2, 4, 8, 16). The number of channels for
the Resnet encoder was set to (16, 32, 64, 128). Additionally, for the hidden states
encoder and the UNet skip-connection for the decoding processes, the feature_size

was set to 16, and the spatial_dims parameter was set to 3.

For Full-TrSUN and AE-ResUNet, we use the L1 loss to minimize the pixel-wise
difference between generated and target images:
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LL1 = 1
N

∑
|Xpred − Xtarget| (4.11)

In the time-controlled strategy, two losses are applied:

• SPET Image Loss (L1 Loss): Ensures accurate reconstruction of the high-
quality SPET image:

LSP ET = 1
N

∑
|Xpred

SPET − Xtarget
SPET | (4.12)

• Noisy PET Image Loss (MSE Loss): Measures the discrepancy between the
generated noisy PET image Xt and the LPET image:

LMSE = 1
N

∑
(Xt − XLPET)2 (4.13)

The total loss function is:

L = LSP ET + LMSE (4.14)

This formulation ensures both accurate SPET synthesize and robust noise modeling.

We evaluate the effectiveness of the synthesized results using the commonly used
evaluation metrics, including PSNR, SSIM, NRMSE and MSE.

4.3.4 Comparison Methods

The Full-TrSUN and time-controlled TCCA-Net model was evaluated against several
state-of-the-art synthesis methods. For comparison, we included the traditional 3D-
UNet [11], four GAN-based methods specifically designed for PET synthesis—cGAN
[79], Cycle-GAN [95, 96], AR-GAN [46], and SS-AEGAN [85]—as well as two transformer-
based methods, Restormer [90] and SPACH-Transformer [35]. To ensure a fair com-
parison, all models were implemented using PyTorch. Due to GPU memory limita-
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tions, the dimensional settings for Restormer and SPACH-Transformer were adjusted
to 6 and 10, respectively.

4.4 Results and Discussion

4.4.1 Full-TrSUN Results on DRF100

Comparison with the State-of-the-Art (SOTA) models

The results of the proposed Full-TrSUN model and various comparative methods are
summarized in Table 4.1. The visualisation results in Figure 4.8 further demonstrate
that the Full-TrSUN model performs the best among the comparison methods.

Figure 4.8 – Visualization of different models.

The boundaries in Full-TrSUN are clearer then the other methods. The Full-TrSUN
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method consistently surpassed other methods across all evaluation metrics, suggesting
that it is the most effective technique for synthesizing SPET images from LPET
images. The Full-TrSUN model achieved highest PSNR of 52.7788 dB, indicating
that the synthesized images exhibit higher fidelity and closer resemblance to the
ground truth compared to those produced by comparison models. Additionally, with
an SSIM of 0.9927, the Full-TrSUN model resulted in superior structural similarity
to the original SPET images, reflecting its capability to accurately preserve image
textures and structures. Furthermore, the model recorded the lowest MSE of 0.0296,
suggesting minimal errors in image reconstruction and high precision in replicating
the original images. The lowest NRMSE of 0.2733% by Full-TrSUN model further
underscores its effectiveness in minimizing the discrepancy between the synthesized
and original images.

Table 4.1 – Comparison with the State of the Art models for Full-TrSUN. In this table,
bold indicates the best result, and underline indicates the second-best result.

PSNR(dB)(↑) SSIM(↑) MSE(↓) NRMSE(%)(↓) Memory(GB)
raw 42.6927 0.9141 0.3235 0.8992 -
unet 49.8706 0.9887 0.0665 0.3770 4.0
argan 47.4489 0.9782 0.1046 0.4809 5.1
cgan 49.1875 0.9876 0.0636 0.4265 4.3
cyclegan 50.6001 0.9907 0.0471 0.3509 10.5
SS-AEGAN 52.0535 0.9918 0.0340 0.2943 4.5
Restormer 52.0575 0.9874 0.0346 0.2958 19.7
SPACH-Transformer 52.1662 0.9857 0.0339 0.2926 20.2
Full Tr-SUN 52.7788 0.9927 0.0296 0.2733 21.7

Comparison of model parameters

This section further evaluated the impact of varying the number of blocks and the
parameter dim on the model’s performance.

Table 4.2 presents the results for different block configurations with dim set to 12. The
configuration [1, 2, 2, 2, 1] demonstrated the best performance, achieving a PSNR of
51.9578 dB, an SSIM of 0.9915, an NRMSE of 0.2980%, and an MSE of 0.0381. These
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Table 4.2 – Comparison of parameter num_block with ten epochs training using
dim=12. In this table, bold indicates the best result, and underline indicates
the second-best result.

num_blocks PSNR(dB)(↑) SSIM(↑) NRMSE(%)(↓) MSE(↓)
[4, 6, 6, 6, 4] 51.6793 0.9916 0.3058 0.0489
[2, 3, 3, 3, 2] 51.8052 0.9909 0.3024 0.0423
[2, 2, 2, 2, 2] 51.6094 0.9910 0.3082 0.0437
[1, 2, 2, 2, 1] 51.9578 0.9915 0.2980 0.0381
[1, 1, 1, 1, 1] 51.8097 0.9908 0.3027 0.0424

Table 4.3 – Comparison of parameter dim with ten epochs training using num_block
= (1,2,2,2,1). In this table, bold indicates the best result, and underline indicates
the second-best result.

dim PSNR(dB)(↑) SSIM(↑) NRMSE(%)(↓) MSE(↓)
6 51.2461 0.9882 0.3191 0.0520
12 51.9578 0.9915 0.2980 0.0381
24 52.0575 0.9874 0.2958 0.0346

metrics suggest that this configuration effectively balances computational efficiency
and model performance.

The effect of varying dim values was assessed, starting with the optimal block config-
uration [1, 2, 2, 2, 1]. Table 4.3 shows that under limited GPU memory constraints, a
dim value of 24 yielded the best results, achieving a PSNR of 52.0575 dB, an SSIM
of 0.9874, an NRMSE of 0.2958%, and an MSE of 0.0346. This larger dim value
enhances the model’s capacity to capture more complex spatial relationships, thus
improving image quality and reconstruction accuracy. In the context of channel-wise
transformer methods, the parameter dim is particularly critical. Under the same
GPU constraints, this Full-TrSUN model can utilize a larger dim value. Using a
CNN encoder-decoder structure to replace the transformer decoder process can help
save memory, enabling the use of better parameter settings to achieve higher results.
This approach leverages the spatial relationship capabilities of CNNs, enhancing com-
putational efficiency and performance.
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4.4.2 Performance Comparison Across DRFs

To evaluate the effectiveness of Full-TrSUN and time-controlled TCCA-Net, com-
parison of the performance across different DRFs are condcuted using the evaluation
metrics of PSNR, SSIM, MSE, and NRMSE. The results show in Table 4.4, where dif-
ferent models perform optimally at different noise levels, highlight the importance of
adaptive reconstruction strategies. The visualization of example patient is shown in
Figure 4.9 and Figure 4.10. These two figures provide visual comparisons of PET
image synthesis across different dose levels using various state-of-the-art (SOTA)
methods, including Full-TrSUN and Time-Controlled TCCA-Net. Figure 4.9 presents
the visualization of an example patient synthesized by different models at DRF100,
DRF50, and DRF20. Figure 4.10 presents the visualization of an example patient
synthesized by different models at DRF10, DRF4, and DRF2.

At the lower dose level DRF100 and DRF50, Full-TrSUN achieved the best perfor-
mance. The model preserved structural details more effectively than the comparison
methods, resulting in the highest PSNR and SSIM while maintaining the lowest MSE
and NRMSE. It primarily due to its hierarchical transformer architecture, which ef-
fectively extracts detailed multi-scale features directly from full-resolution images.
This design allows Full-TrSUN to better capture subtle textural nuances and spatial
details, which are particularly critical at very low-dose levels characterized by higher
noise and fewer distinguishable features. In contrast, the time-controlled method
primarily focuses on noise-level modeling, offering adaptability across various dose
conditions but potentially sacrificing fine-grained feature representation at extremely
low doses.

As the dose level increases, resulting in clearer images (e.g., DRF20 and DRF10),
the time-controlled TCCA-Net method outperformed Full-TrSUN. This expected im-
provement is due to the TCCA-Net’s explicit modeling of noise variations through its
time-controlled mechanism, which provides continuous, adaptive guidance during im-
age synthesis. Additionally, the attention-enhanced ResUNet architecture integrates
spatial and channel-wise attention mechanisms, effectively highlighting relevant im-
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Figure 4.9 – Comparison of PET image reconstruction across different dose levels.
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Figure 4.10 – Comparison of PET image reconstruction across different dose levels.
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age features and suppressing redundant information. Together, these components
significantly enhance feature clarity and detail at higher dose levels, where precise
feature representation becomes more critical than noise modeling alone.

At DRF4 and DRF2, where input images have minimal noise, the SPACH-Transformer
achieved superior overall performance. This is likely attributed to its pure transformer-
based architecture, integrating both spatial and channel-wise attention, and thus ex-
celling at modeling long-range dependencies and capturing global contextual features.
In scenarios with minimal noise interference, the primary challenge shifts toward effec-
tively capturing subtle global context and intricate details rather than noise reduction.
Under these conditions, the SPACH-Transformer’s ability to leverage comprehensive
spatial-channel attention without convolutional constraints becomes particularly ad-
vantageous, enabling it to deliver the best synthesis quality. At these dose levels
(DRF4 and DRF2), although TCCA-Net did not achieve the highest performance, it
still achieved second-best results. This indicates that the TCCA-Net, leveraging its
time-controlled mechanism and attention-enhanced ResUNet structure, maintained
robust and consistent performance across varying dose conditions. Its adaptability
and continuous noise-level modeling ensured it remained competitive even when the
primary focus shifts from noise reduction to fine-grained global feature extraction.

Overall, the presented results suggest that Full-TrSUN is optimal for highly noisy PET
images (DRF100 and DRF50), as its hierarchical transformer was able to effectively
enhance the synthesizes accuracy under challenging conditions. As noise decreases
(DRF20 and DRF10), TCCA-Net surpasses Full-TrSUN due to its adaptive encoding
of noise variations, improving performance across varying dose levels. At the low-
est noise scenarios (DRF4 and DRF2), SPACH-Transformer achieves the best overall
results; however, TCCA-Net remains a strong second-best, with only marginal differ-
ences in performance (approximately ), highlighting TCCA-Net’s consistent intensity
preservation and robust PET image synthesis capabilities. At DRF4, SPACH slightly
outperforms TCCA-Net, achieving approximately 0.06 higher PSNR, 0.0008 higher
SSIM, and 0.0002 lower MSE. However, TCCA-Net demonstrates a marginally bet-
ter NRMSE, lower by 0.0008%, indicating enhanced intensity consistency. Similarly,
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at DRF2, SPACH maintains a slight advantage over TCCA-Net, with PSNR higher
by about 0.04, SSIM improved by 0.0009, and MSE reduced by 0.0007. In terms of
NRMSE, SPACH remains marginally better, lower by 0.0035%.

4.4.3 Ablation Study

To evaluate the influence of key model components, an ablation study is conducted
across four configurations: (1) Full-TrSUN (channel-wise attention only); (2) Full-
TrSUN combined with ResUNet, featuring two encoders—one with channel-wise at-
tention and one standard ResUNet encoder without attention; (3) TCCA-Net without
time-controlled encoding, comprising two encoders—one with channel-wise attention
and another ResUNet encoder integrating spatial-wise attention at the final encoder
block and the first decoder layer; and (4) the complete time-controlled TCCA-Net
model, which includes the dual-encoder structure (channel-wise and ResUNet with
spatial-wise attention) and incorporates the time-controlled mechanism. The study
specifically investigates how the addition of attention mechanisms and time-controlled
encoding impacts reconstruction quality across various dose reduction factors (DRFs).

At the highest noise level, DRF100, Full-TrSUN achieves the best performance,
demonstrating its ability to reconstruct PET images under extreme noise conditions.
The transformer-based attention mechanisms in Full-TrSUN effectively enhance fea-
ture selection and structural preservation, leading to the highest PSNR and SSIM
while minimizing MSE and NRMSE. Full-TrSUN also performs best at DRF50, main-
taining its advantage when the input images still contain significant noise.

As the noise level decreases (DRF20 and lower), TCCA-Net surpasses Full-TrSUN,
indicating that its architecture is more effective in handling moderately noisy PET
images. While Full-TrSUN benefits from attention mechanisms at high noise levels, its
performance declines as the input quality improves. In contrast, TCCA-Net provides
better reconstruction results, likely due to its enhanced feature representation tailored
for moderate-dose conditions.

Across all DRFs, the addition of time-controlled encoding consistently improves per-
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Table 4.5 – Albation study of TCCA-Net. In this table, bold indicates the best result,
and underline indicates the second-best result.

RAW Full-TrSUN Full-TrSUN
+ResUNet AE-ResUNet TCCA-Net

PSNR 42.6002 52.7905 52.2557 52.5043 52.5963
SSIM 0.9092 0.9931 0.9904 0.9917 0.9910
MSE 0.3245 0.0284 0.0316 0.0297 0.0291DRF100

NRMSE 0.9024% 0.2683% 0.2845% 0.2782% 0.2755%
PSNR 46.3044 54.1589 53.7488 53.9965 54.1354
SSIM 0.9396 0.9947 0.9933 0.9939 0.9934
MSE 0.1240 0.0203 0.0220 0.0205 0.0199DRF50

NRMSE 0.5788% 0.2275% 0.2376% 0.2324% 0.2290%
PSNR 50.5299 55.0245 55.0240 55.2670 55.5471
SSIM 0.9783 0.9952 0.9954 0.9954 0.9951
MSE 0.0450 0.0165 0.0152 0.0152 0.0144DRF20

NRMSE 0.3523% 0.2054% 0.1987% 0.1987% 0.1926%
PSNR 53.4283 55.5303 55.6583 55.9074 56.2705
SSIM 0.9925 0.9954 0.9954 0.9958 0.9956
MSE 0.0231 0.0146 0.0142 0.0131 0.0121DRF10

NRMSE 0.2504% 0.1931% 0.1874% 0.1831% 0.1755%
PSNR 57.4371 56.1468 56.3297 56.6192 57.0682
SSIM 0.9978 0.9955 0.9957 0.9960 0.9959
MSE 0.0092 0.0126 0.0121 0.0109 0.0099DRF4

NRMSE 0.1741% 0.1798% 0.1719% 0.1673% 0.1586%
PSNR 61.7018 56.6748 56.8440 57.1700 57.6942
SSIM 0.9992 0.9954 0.9958 0.9962 0.9961
MSE 0.0035 0.0111 0.0108 0.0096 0.0085DRF2

NRMSE 0.0947% 0.1695% 0.1565% 0.1565% 0.1469%
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formance over the standard TCCA-Net model. Time-controlled TCCA-Net achieves
superior PSNR and SSIM while reducing MSE and NRMSE at every dose level. The
improvement is most significant at DRF20 and DRF10, where time-controlled encod-
ing enhances generalization and allows the model to adapt to different noise conditions
effectively.

These findings confirm that Full-TrSUN is optimal for extremely noisy PET images
(DRF100 and DRF50), where attention mechanisms improve reconstruction qual-
ity. However, as noise levels decrease, TCCA-Net becomes more effective than Full-
TrSUN, and with time-controlled encoding, time-controlled TCCA-Net consistently
achieves the best results across all DRFs. The ability of time-controlled TCCA-Net
to maintain lower NRMSE at DRF4 highlights its robustness in preserving structural
details and intensity consistency, making it particularly effective for low-dose PET
image synthesis across varying noise conditions.

4.5 Summary

This chapter introduced Time-Controlled TCCA-Net, an improved model based on
Full-TrSUN, designed for PET image synthesize across varying dose levels. The time-
controlled mechanism enhances noise adaptation, enabling dynamic adjustment to
different input conditions.

The performance comparison highlights that model selection should be tailored to the
noise level of PET images for optimal results. Full-TrSUN performs best under high-
noise conditions (e.g., DRF100 and DRF50), where its transformer-based attention
mechanisms enhance feature selection and structural preservation, resulting in supe-
rior PSNR and SSIM and reduced MSE and NRMSE. As noise levels decrease (e.g.,
DRF20 and below), Full-TrSUN’s performance declines, while TCCA-Net with time-
controlled encoding begins to outperform it, demonstrating strong generalization and
achieving the lowest NRMSE at DRF4.

At extremely low-noise levels such as DRF4 and DRF2, SPACH slightly outperforms
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TCCA-Net, suggesting its architecture is better suited for near-clean inputs where
fine detail preservation is crucial. However, SPACH performs poorly under high-noise
conditions, showing a significant drop in synthesize quality. In contrast, models like
TrSUN exhibit inconsistent performance across noise levels. These results underscore
the importance of noise-adaptive model design and dose-aware training strategies to
ensure robust synthesis across varying PET imaging conditions.

For future work, a more generalizable model will be developed that can adapt to all
the dose levels without requiring separate training. Enhancing time-controlled en-
coding, incorporating adaptive learning strategies, and combining Transformer-based
global attention with CNN-based local feature extraction are potential directions.
Optimizing computational efficiency will further enable real-world deployment.
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Chapter 5

Conclusions and Future Work

5.1 Conclusion

The work in this thesis presents a data augmentation strategy and a time-controlled
framework for high-quality PET image synthesis, addressing the challenge of generat-
ing accurate reconstructions from LPET images. A reverse method for data augmen-
tation was proposed, leveraging routine SPET images to generate synthetic LPET
counterparts, increasing training data diversity and improving PET image synthesis
performance. Additionally, a novel deep learning architecture was introduced, inte-
grating channel-wise attention, ResNet blocks, and spatial attention, along with a
time-controlled mechanism to improve adaptability across different noise conditions.

The reverse data augmentation strategy played a crucial role in mitigating the chal-
lenge of limited training data for PET synthesis models. By generating synthetic
LPET images from SPET images, this method expanded the training dataset, im-
proving model robustness and generalization across varying dose levels. The reverse
method was particularly effective in enhancing the model’s ability to synthesize high-
quality PET images with improved PSNR, SSIM, and lower MSE. These results con-
firm that integrating time-controlled encoding and reverse augmentation techniques
significantly improves PET image reconstruction, making deep learning models more
adaptable to real-world clinical scenarios.
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Furthermore, the experimental results demonstrated that Full-TrSUN achieves the
best performance at high noise levels (DRF100, DRF50), while TCCA-Net outper-
forms Full-TrSUN at lower noise levels (DRF20 and below), demonstrating its supe-
rior adaptability. At DRF4, TCCA-Net achieves the lowest NRMSE, confirming its
effectiveness in maintaining intensity consistency. The ablation study validated the
impact of attention mechanisms in Full-TrSUN for feature selection in noisy condi-
tions and the time-controlled encoding in TCCA-Net, which consistently improved
reconstruction quality across all dose levels.

5.2 Future Work

While the proposed methods achieved state-of-the-art performance, several areas for
improvement remain. A key direction for future research is to explore the integration
of our data augmentation strategy with the time-controlled framework, aiming to
further enhance its adaptability across varying dose levels. While the time-controlled
model already demonstrates strong generalization, combining it with tailored augmen-
tation techniques could further improve its robustness, potentially enabling a single
model to effectively handle all noise conditions without requiring separate training
for each dose level. This could be achieved by enhancing the time-controlled encoding
mechanism, allowing the model to better capture noise distribution patterns. Addi-
tionally, self-supervised learning techniques could be integrated to reduce dependence
on annotated datasets, improving scalability for clinical applications.

Further refinement of the reverse data augmentation method can be explored to
improve the augmented image quality. Currently, LPET images generated from SPET
images provide effective data augmentation, but improving the accuracy of these
synthetic LPET images is essential. Future work could explore advanced generative
models such as diffusion models or domain adaptation techniques to enhance the
realism of synthetic LPET images. Moreover, uncertainty estimation techniques could
be incorporated to assess the confidence of generated LPET images, ensuring more
reliable training data.
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Beyond architectural improvements, computational efficiency remains a crucial fac-
tor for real-world deployment. Optimizing inference speed is essential for real-time
or near real-time PET image synthesis, ensuring seamless integration into clinical
workflows. Furthermore, large-scale clinical validation using diverse PET datasets is
necessary to evaluate the model’s reliability and effectiveness. Collaborations with
medical professionals can help define clinically relevant evaluation metrics, ensur-
ing that improvements in image quality align with diagnostic accuracy and clinical
usability.

Furthermore, aligning with recent advancements in medical AI, future research could
explore multimodal learning frameworks that integrate PET with complementary
modalities such as CT or MRI. Such multimodal enhancement has the potential to
leverage structural information from CT/MRI to further improve the quality and
clinical value of synthesized PET images. The use of large-scale pretrained models
or foundation models could also be investigated to improve transferability and rep-
resentation learning, especially in low-data scenarios. These models may offer bet-
ter generalization across imaging domains and reduce the need for modality-specific
training from scratch.

In summary, future research should focus on developing a fully dose-adaptive PET
reconstruction framework that generalizes across all dose levels, enhances computa-
tional efficiency, and undergoes clinical validation for real-world applicability. By ad-
dressing these challenges, deep learning-based PET imaging can be further advanced,
improving the accuracy and accessibility of medical imaging for broader clinical use.
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