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Positron Emission Tomography (PET) is a powerful functional imag-
ing modality widely used in clinical diagnostics and biomedical research,
owing to its unique ability to visualize metabolic processes in vivo. How-
ever, due to inherent limitations in the image acquisition process, achiev-
ing high-quality PET images in clinical practices typically requires ad-
ministering higher doses of radioactive tracers, which can introduce po-
tential health risks to patients. Conversely, reducing the injected tracer
dosage can mitigate these risks, but resulting in images that are signif-
icantly noisier and less clear, commonly referred to as low-dose PET
(LPET) images. Given the critical role of PET in modern medicine, there
is a growing research interest in developing advanced reconstruction
techniques that can effectively reconstruct LPET images into high-quality
standard-dose PET (SPET) images. The challenge of accurately and effi-
ciently reconstructing high-quality PET images from low-dose, or even
ultra-low-dose (UDPET), acquisitions is of paramount importance, as it
holds the promise of enhancing diagnostic accuracy while minimizing

patient exposure to radiation.



In this thesis, we begin by presenting an overview of the problem
setting, detailing the inherent challenges and the motivations underpin-
ning our research, thereby establishing a solid foundation for under-
standing the task at hand. Next, we provide a comprehensive litera-
ture review that spans PET imaging, conventional medical image recon-
struction methods, deep learning-based reconstruction techniques, the
theoretical underpinnings of diffusion models, and their application in
medical image reconstruction. Based on the insights drawn from this re-
view, we propose a novel wavelet-informed diffusion WiD-PET method
designed to address critical limitations of existing approaches—namely;,
low computational efficiency, suboptimal detail restoration, and spatial
discontinuity. Building on this foundation, we further propose CWD-
PET. Finally, we discuss potential research directions and outline op-
portunities for future refinement in the domain of low-dose PET (LPET)

reconstruction using diffusion models.

Keywords:  Positron Emission Tomography; Diffusion Model; Image
Reconstruction; Ultra-low Doses PET; Wavelet Transformation; Cross-

dose Reconstruction; Multi-Modal Learning.
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Chapter 1

Introduction

In this chapter, we begin by outlining the critical problem of denois-
ing and reconstructing PET medical images. We then detail the primary
challenges encountered in current PET image denoising and reconstruc-
tion methods, thereby clarifying the motivations behind our research. Fi-
nally, we provide an overview of the thesis structure and summarize our
contributions in addressing these challenges through diffusion-based ap-

proaches.

1.1 Problem Statement

Positron Emission Tomography (PET) is a critical imaging modality that
plays a pivotal role in clinical diagnostics by providing insights into in
vivo metabolic processes. The clinical efficacy of PET imaging is heav-
ily dependent on image quality, as high-quality PET images are essential
for accurate diagnosis and effective treatment planning [5, 16, 45, 48, 60].
However, acquiring such high-quality images typically requires admin-
istering high doses of radioactive tracers, which may cause a potential [6,
36, 42] risk of radiation exposure to patients. In contrast, low-dose PET
(LPET) imaging—though safer—results in images with elevated noise
levels and reduced clarity. Therefore, it becomes a crucial problem for
the acquisition of high-quality SPET images from LPET images.

Consequently, many methods have been proposed to solve the prob-
lem. This reconstruction task is fundamentally a denoising problem,
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Denoise Model

Figure 1.1: An example of the PET reconstruction process. The input
and output correspond to 1/100 (low-dose PET) and 1/1 (standard-dose
PET) dose levels from the dataset, with the blurriness reflecting the in-
trinsic characteristics of PET imaging.

wherein the goal is to recover essential image details from noisy, low-
information inputs. Despite numerous advances, existing approaches
still face significant challenges: they often exhibit suboptimal perfor-
mance, and inadequate handling of ultra-low-dose PET (UDPET) scenar-
ios, where the tracer dose may be as low as 1/20, 1/50, or even 1/100 of
the standard dose. Moreover, many methods are restricted to processing
a single dose level, further limiting their clinical applicability. These lim-
itations can lead to poor image quality in the reconstructed PET images,
thereby potentially compromising the accuracy of subsequent clinical di-
agnoses. Thus, developing an efficient and high-quality reconstruction

method is of paramount importance.

Figure 1.1 illustrates a simplified overview of the PET image recon-
struction process. Typically, an LPET image is obtained alongside its
corresponding SPET image. The objective is to design a reconstruction
model that can transform an LPET image into one that matches the qual-
ity of an SPET image. Conventional reconstruction frameworks gener-
ally incorporate components such as feature extractors and up/down-
sampling modules. The critical challenge, however, lies in extracting
and restoring sufficient information from the inherently noisy LPET im-
ages—especially in cases of ultra-low-dose imaging—where the avail-

able information is extremely limited. Traditional methods have been
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employed to address this problem, yet their performance remains inade-
quate for the most challenging low-dose conditions. Recent advances in
convolutional neural networks (CNNs) and deep learning methods have
introduced more sophisticated approaches, and the advent of diffusion
models, with their inherent denoising capabilities, offers a promising di-
rection for overcoming these challenges.

1.2 Challenges and Motivations

As discussed in the previous section, reconstructing high-quality standard-
dose PET (SPET) images from low-dose PET (LPET) images poses nu-
merous challenges, particularly due to the distinct characteristics inher-

ent in various foundational approaches.

Reconstructing high-quality standard-dose PET (SPET) images from
low-dose PET (LPET) images poses numerous challenges, largely due to
the inherent characteristics of the imaging process and the limitations of
existing reconstruction approaches. Foremost among these challenges is
the task of effectively recovering high-quality SPET images from their
corresponding LPET counterparts. In PET imaging, the administered
dose of radioactive tracers directly influences image quality. Radiotrac-
ers are designed to accumulate preferentially in regions exhibiting high
metabolic activity, enabling the scanner to capture detailed physiological
information. However, when a lower dose is used—especially in ultra-
low-dose scenarios—the resulting LPET images are marred by increased
noise and artifacts [6, 36, 42]. Moreover, key structural details such as
edges and textures become blurred and degraded, further complicating
the reconstruction process. As the dose decreases, the information avail-
able for effective reconstruction diminishes, placing additional strain on
the learning capabilities of reconstruction models. These inherent limi-
tations introduce significant obstacles to achieving high-quality SPET re-
constructions, with the challenges becoming even more pronounced un-
der ultra-low-dose conditions. More details regarding these challenges
will be discussed in Chapter 2.
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Apart from these image quality issues, some methods are driven
from deep learning models, including those employing Generative Ad-
versarial Networks (GANs) and, more notably, diffusion-based mod-
els—face a significant computational cost and inference time cost chal-
lenge. Deep learning architectures typically rely on deeper networks and
more complex structures. When applied to full-resolution LPET recon-
struction tasks, these models incur substantial computational demands,
particularly for high-resolution images. Diffusion-based models, in par-
ticular, require multiple iterative denoising steps to progressively refine
the reconstructed image. This iterative process involves repeated passes
through deep neural networks, leading to extended inference times—a
well-recognized limitation in standard diffusion frameworks, and one
that is even more acute in the context of PET image denoising and re-
construction. Consequently, reducing computational cost and shorten-
ing inference time remain critical challenges to achieving practical and

efficient reconstruction outcomes.

Another significant challenge is the spatial discontinuity problem.
Existing 2D GAN-based and diffusion-based methods do not directly
process 3D LPET images; rather, they operate on individual 2D slices,
which are subsequently reassembled into a complete 3D volume for fur-
ther analysis or clinical application. Since the model reconstructs each
slice independently, inconsistencies can arise between adjacent slices,
leading to spatial discontinuities in the final 3D image. These discon-
tinuities can severely compromise overall reconstruction quality and, by
extension, the reliability of clinical diagnoses. Addressing this issue is

therefore of paramount importance.

To address the above three challenges, we propose a novel frame-
work termed the Wavelet-Informed Diffusion (WiD-PET) framework. The
WiD-PET framework incorporates a 2D-wavelet-Informed diffusion strat-
egy, the goal of this framework is to accelerate inference speed, and it
is coupled with a specially designed High-Frequency Enhancer (HFE)
module that facilitates the reconstruction of high-quality SPET images
with well-preserved details and textures. In addition, to specifically
tackle the spatial discontinuity problem, we introduce a novel Spatial
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Consistency Feature Extractor (SCFE) along with a Spatial Consistency
Attention (SCA) module. The combination of these components effec-
tively mitigates inconsistencies across 2D slices, thereby enhancing the

continuity of the reconstructed 3D volume.

Last but not least, existing approaches primarily focus on optimiz-
ing reconstruction performance for a single-dose level, overlooking the
challenge of cross-multi-dose reconstruction. In clinical practice, the ac-
quisition protocols for LPET images vary considerably, meaning that
a model tailored to a single dose level may not satisfy the diverse re-
quirements encountered in real-world applications. It is therefore im-
perative to develop a framework capable of handling LPET images ac-
quired at different dose levels while maintaining high reconstruction
quality in terms of fidelity, detail preservation, texture accuracy, and
inference speed. To address this fourth challenge, we propose a novel
Cross-dose Refine Wavelet-informed Diffusion (CWD-PET) framework
that builds upon the WID backbone and incorporates the HFE, SCFE,
and SCA modules. The innovative aspect of this framework is the in-
clusion of a Prompt-Embedding Fusing (PEF) module, which integrates
externally provided prompt information with time embeddings. Addi-
tionally, we introduce a novel lightweight Refinement-Net (RFN) that
further enhances the model’s ability to cope with varying dose levels. To-
gether, these design innovations enable robust performance across mul-
tiple dose levels in PET image reconstruction.

In summary, this thesis focuses on developing novel LPET recon-
struction methods based on diffusion models to address four main chal-
lenges: (1) reconstructing high-quality SPET images from inherently noisy
LPET data, (2) reducing the computational cost and inference time, (3)
overcoming spatial discontinuities arising from 2D slice-based recon-
struction approaches, and (4) enabling robust multi-dose level recon-
struction. Through the proposed methodologies and innovations, we
aim to significantly advance the state-of-the-art in PET image denoising
and reconstruction, thereby enhancing clinical diagnostic accuracy and

efficiency.
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1.3 Thesis Outline and Contributions

The remainder of this thesis is organized into five chapters, each address-
ing different aspects of the research:

Chapter 2. Literature Review. This chapter presents a comprehensive
review of the development of PET medical image reconstruction. It cov-
ers foundational knowledge of PET imaging and discusses related works
pertinent to the two methods proposed in this thesis, offering a rich dis-

cussion of existing approaches and their limitations.

Chapter 3. Background Introduction of Low Dose PET Reconstruction
using Diffusion Technology. In this chapter, we delve further into
the problem statement and introduce the current evaluation methodolo-
gies and datasets used in PET medical image reconstruction. This back-
ground provides the necessary context for understanding the challenges

and the performance metrics relevant to our research.

Chapter 4. Standard-Dose PET Reconstruction from Low-Dose PET
by Wavelet-Informed Diffusion Model with Fast Inference. = Here,
we propose a fast wavelet-Informed diffusion model designed to recon-
struct high-quality SPET images from UDPET images while preserving
tine details and textures. We compare our results with state-of-the-art
competitors across three different ultra-low-dose levels, demonstrating

the superior performance of our approach.
- The contributions in this part are included in:

Qingcheng Lyu, Tong Chen, Erjian Guo, Yiran Wang, and
Luping Zhou, “WiD-PET: PET Image Reconstruction from Low-
Dose Data Using a Wavelet-informed Diffusion Model with
Fast Inference”, The Medical Image Computing and Computer
Assisted Intervention (MICCAI) 2025. (Under review)

Chapter 5. Standard-Dose PET Reconstruction from Multi-dose LPET
by Cross-dose Wavelet-informed Refine Diffusion Model This chap-
ter introduces a novel framework capable of reconstructing SPET im-
ages from LPET images of multiple dose levels using a single model.
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By employing a specifically designed prompt-embedding fusing mod-
ule (PEF) along with a Refinement-Net (RFN), this method outperforms
current state-of-the-art competitors at three different ultra-low-dose lev-

els, showcasing remarkable overall performance.
- The contributions in this part are included in:

Qingcheng Lyu, and Luping Zhou, “CWD-PET: Cross-dose
PET image reconstruction by Wavelet-Informed Diffusion model
with Fast Inference”, IEEE Transactions on Medical Imaging.
(To be submitted to TMI)

Chapter 6. Conclusion and Future Work. In the final chapter, we
present our conclusions based on the research findings and contributions
of this thesis. We also discuss potential directions for future research,

highlighting possible refinements and advancements in the field.






Chapter 2

Literature Review

In this chapter, we begin by presenting the background of PET med-
ical imaging, outlining its fundamental principles and clinical signifi-
cance. We then review traditional PET image reconstruction methods,
followed by an examination of deep learning-based reconstruction tech-
niques. Finally, we introduce diffusion denoising probabilistic models
(DDPM) and discuss related works in PET denoising tasks.

2.1 PET Medical Imaging

It is well known that medical imaging constitutes one of the most es-
sential components of modern nuclear medicine procedures and clinical
applications, as it provides a robust tool for obtaining multidimensional
information crucial for diagnosis, prognosis, and therapy response mon-
itoring [19, 27, 61]. Among the various modalities, positron emission
tomography (PET) has emerged as a mature and powerful technique
for visualizing metabolic processes within the human body [5, 16, 48,
60]. PET imaging relies on the detection of positron-emitting radiotrac-
ers—chemical compounds labeled with isotopes such as 18F or 11C [20,
38, 57]. In a typical PET examination, the radiotracer is administered
intravenously. Once injected, the radiotracer distributes throughout the
body according to its biochemical properties and preferentially accumu-
lates in regions exhibiting high metabolic activity. As the isotope decays,
positrons are emitted; these positrons rapidly annihilate with nearby
electrons, producing pairs of gamma photons that travel in nearly oppo-

site directions. The PET scanner, equipped with an array of scintillator



10 Chapter 2. Literature Review

detectors arranged in a ring-shaped configuration around the patient,
captures these photons. The collected data is subsequently used to re-
construct a three-dimensional image of the tracer distribution, providing
critical insights into both physiological and pathological processes. PET
imaging is indispensable for diagnosing internal organs and is widely
applied in the evaluation of brain function, lung pathology, tumor de-

tection, and various cancer diagnoses.

Given the pivotal role of PET in clinical applications [3, 34], pre-
cise dose administration is fundamental to optimizing imaging perfor-
mance. The dosage is typically measured with the unit in megabec-
querels (MBq) or millicuries (mCi) [52], and must be carefully calibrated
to balance image quality with patient safety. A higher injected dose en-
hances the signal-to-noise ratio (SNR) and improves spatial resolution,
yielding clearer and more detailed images with reduced noise. However,
this advantage comes at the cost of increased radiation exposure, which
can be particularly concerning for repeated scans or vulnerable patient
populations. Conversely, a lower dose minimizes radiation risk but of-
ten results in images with elevated noise levels and diminished diagnos-
tic detail and texture. This critical trade-off between dose level and im-
age quality has spurred extensive research into advanced reconstruction
(or denoising) algorithms capable of effectively mitigating noise and en-
hancing image fidelity under low-dose conditions. Such innovations are
essential to ensure that PET imaging remains both diagnostically power-
ful and safe for clinical use [1, 24, 31, 37, 50, 51, 65].

Over the past few years, numerous researchers have dedicated their
efforts to developing traditional PET image reconstruction methods. With
the advent of deep learning and modern image reconstruction techniques,
even more advanced approaches have emerged. These developments

will be discussed in detail in the following section.
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2.2 Conventional PET Reconstruction Methods

2.2.1 Overview

Traditional methods for PET image reconstruction have been extensively
studied and refined over the past decades, particularly during the period
from 2010 to 2016 [9, 43, 53, 68]. These techniques are primarily based on
mathematical and statistical models designed to solve the inverse prob-
lem inherent in reconstructing high-quality standard-dose PET (SPET)
images from low-dose PET (LPET) data. Early approaches, such as an-
alytical methods and iterative algorithms, laid the foundation by using
well-established principles to manage issues like noise, limited resolu-

tion, and the ill-posed nature of the reconstruction task.

Due to inherent performance limitations—especially when relying
solely on the information provided by LPET images—researchers have
sought to augment these methods by integrating data from additional
imaging modalities, such as MRI or CT [41, 68]. The rationale behind this
multi-modality approach is to supplement the limited and noisy LPET
data with richer, complementary anatomical or functional information,

thereby enhancing the reconstruction quality.

This overview sets the stage for a deeper discussion of specific tra-
ditional reconstruction methods. Subsequent sections will review repre-
sentative approaches, such as patch-based sparse representation meth-
ods, kernel-based reconstruction techniques, and regression forest frame-
works, each of which has contributed uniquely to advancing PET image
reconstruction. These methods, while effective to varying degrees, also
highlight the challenges and trade-offs that continue to motivate the de-
velopment of more advanced techniques, including those based on deep

learning and diffusion models.

2.2.2 Key Techniques in Conventional Reconstruction

In their work, Yan Wang et al. proposed a framework based on patch-
based sparse representation (SR) methods [67], which utilizes complete
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paired datasets consisting of LPET, corresponding SPET, and MRI im-
ages. To overcome the challenge posed by the unavailability of paired
multi-modality data in some cases—a significant drawback of SR-based
methods—they introduced a semi-supervised tripled dictionary learn-
ing (SSTDL) approach. This strategy allows the model to be trained on
incomplete samples while still achieving effective reconstruction.

Similarly, Guobao Wang et al. proposed an LPET reconstruction
method based on kernel methods [66]. In their approach, the intensity of
each pixel in the LPET image is modeled as a function of a set of features
extracted from prior information. This model is then integrated into the
forward model of PET projection data, and the coefficients are estimated
using Maximum Likelihood (ML) or penalized likelihood reconstruction
methods. Compared with traditional reconstruction techniques without
post-reconstruction denoising, their approach offers improved bias char-
acteristics and enhanced contrast recovery.

Additionally, Jiayin Tang et al. developed a reconstruction method
based on regression forests [41], which also incorporates corresponding
MRI images alongside LPET and SPET pairs to provide additional infor-
mation. Their framework extracts features from different patches, cor-
responding to various organs in the MRI images, to build tissue-specific
models. These models are first used to generate an initial prediction of
the SPET image, and an iterative refinement process is subsequently ap-
plied to achieve superior reconstruction results.

2.2.3 Challenges and Limitations of Conventional Meth-

ods

Despite their contributions, traditional reconstruction methods face sev-
eral limitations. First, the reliance on additional modalities such as MRI
or CT to supplement LPET data introduces complexity and dependency
on the availability of multi-modal datasets. Second, methods based on
sparse representation or dictionary learning, while effective in leverag-

ing spatial redundancies, often struggle with incomplete or inconsistent
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data, which can adversely affect reconstruction quality. Third, kernel-
based approaches and regression forest methods may achieve improve-
ments in bias and contrast recovery, but they typically require careful fea-
ture selection and parameter tuning, which limits their robustness and

generalizability across different dose levels and imaging conditions.

Traditional image denoising techniques, including classical filtering
methods, wavelet thresholding, and non-local means, often rely on sim-
plified noise models and local image statistics, which limit their effec-
tiveness in addressing the complex and spatially varying noise charac-
teristics inherent in low-dose PET data [7, 15]. Furthermore, these meth-
ods generally treat denoising as a separate pre-processing step, with-
out fully exploiting the structural and contextual information available
across multiple image slices or modalities. As a result, their denoising
performance on ultra-low-dose PET images—where noise is more severe
and signal degradation is significant—is often suboptimal. Traditional
denoising methods consequently struggle to recover clinically relevant
details, making them inadequate for high-quality PET reconstruction
tasks. Therefore, modern PET reconstruction research has largely moved
beyond these conventional denoising approaches in favor of more inte-
grated and data-driven methods.

These limitations highlight the need for more advanced reconstruc-
tion techniques that can robustly and efficiently handle the challenges
inherent in low-dose PET imaging without heavy reliance on additional
modalities. Subsequent sections will explore the evolution of reconstruc-
tion methods from these traditional approaches to more recent deep learn-

ing and diffusion-based techniques.

2.3 Deep Learning-Based PET Reconstruction

2.3.1 Overview

With the development of deep learning techniques, the field of medical

image reconstruction has been revolutionized. Leveraging large-scale
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datasets, deep learning models are capable of learning complex map-
pings between input and output images, thereby significantly enhancing
image quality compared to traditional methods. Unlike conventional ap-
proaches—which often rely on hand-crafted features and relatively shal-
low models—deep learning methods automatically extract hierarchical
tfeatures through deep network architectures. This allows them to cap-
ture both low-level textures and high-level semantic information, lead-

ing to more accurate and robust reconstructions [12, 55].

Convolutional Neural Networks (CNNSs) serve as the cornerstone
of many deep learning approaches in medical imaging [35, 58], owing
to their strong feature extraction capabilities and ability to capture intri-
cate spatial details [44]. Building upon the basic CNN architecture, spe-
cialized structures such as U-Net have been developed specifically for
image reconstruction tasks. U-Net employs an encoder-decoder archi-
tecture with skip connections that help recover fine-grained details lost
during down-sampling, thereby yielding superior reconstruction perfor-
mance [8, 21].

Moreover, advanced frameworks like Generative Adversarial Net-
works (GANSs) [25] extend the capabilities of CNNSs by incorporating
an adversarial training paradigm. This approach encourages the gen-
eration of images that closely resemble high-quality target images, ef-
fectively pushing the network to produce more realistic reconstructions.
In addition to these, the concept of residual learning—as exemplified
by ResNet [30]—introduces residual blocks that mitigate the vanishing
gradient problem, enabling the training of very deep networks. These
ResNet modules, which can be integrated into various architectures, en-
hance feature learning and overall reconstruction performance. Mean-
while, autoencoders [69] facilitate effective unsupervised learning by
compressing input data into a latent representation and then reconstruct-
ing the image, proving especially valuable for denoising and dimension-

ality reduction tasks.

Collectively, these architectures—CNNSs, U-Net, GANs, ResNet, and

autoencoders—form the foundational building blocks of many advanced
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frameworks in medical image reconstruction. Their complementary de-
sign principles and inherent strengths have made them indispensable

tools, continually driving progress and innovation in the field.

2.3.2 Applications in PET Reconstruction

Several recent studies have demonstrated the potential of deep learning
techniques for PET image reconstruction by leveraging novel network
architectures and innovative training strategies. These methods not only
improve image quality but also address challenges such as noise reduc-
tion and detail preservation in low-dose scenarios, thereby enhancing

diagnostic accuracy in clinical applications.

In one notable work, Kuang et al. [22] combined the strengths of
CNNss with residual connections to propose a deep residual CNN frame-
work designed to extract patient-specific information and enhance the
quality of PET images. In their approach, low-dose PET images are used
as inputs while the corresponding high-dose images serve as labels, en-
abling the model to learn a direct mapping between degraded and high-
quality images. By learning this mapping, their framework effectively
reconstructs higher-quality PET images from the degraded inputs. Ad-
ditionally, they introduced an iterative training strategy aimed at pro-
gressively refining the reconstruction quality, which further improves
the performance and robustness of their model. This iterative refine-
ment allows the network to focus on subtle image details in subsequent
passes, thereby reducing artifacts and enhancing overall image fidelity.

In another study, Tan et al. proposed a standard-dose PET (SPET)
reconstruction framework based on the U-Net architecture [64]. Recog-
nizing the importance of preserving fine-grained details and capturing
long-range dependencies, Tan et al. incorporated a transformer block
into the U-Net backbone. This hybrid design allowed the model to ben-
efit from the robust spatial feature extraction of CNNs in the encoder-
decoder structure, while the transformer block contributed to modeling
global contextual relationships. As a result, the combined architecture

was able to address both local and global aspects of the image, ultimately
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yielding improved reconstruction outcomes. Their work underscores the
importance of integrating attention mechanisms to capture context that

might be missed by conventional convolutional operations alone.

Moreover, Luo et al. introduced a GAN-based framework that sim-
ilarly integrated transformer blocks into its design [46]. Their architec-
ture—dubbed the EncoderCNN-Transformer-DecoderCNN, which capi-
talizes on the complementary strengths of transformers and CNNs. While
the transformer components excel at capturing global features and long-
range semantic information, the CNN modules efficiently extract rich
spatial features with a compact representation. This synergistic com-
bination enables their GAN-based model to produce high-fidelity SPET
reconstructions from low-dose PET (LPET) inputs. The adversarial train-
ing framework further refines the output by encouraging the generator
to produce images that are not only quantitatively accurate but also per-
ceptually realistic, which is critical for clinical acceptance.

In addition to these approaches, Cui et al. proposed an innovative
3D point-based context clusters GAN [13]. Diverging from conventional
GAN architectures, this method generates a predicted image based on a
point-cluster strategy. The process begins with transforming the input
LPET image into point clusters, which serve as a compact representa-
tion of the image’s spatial structure. Subsequently, the network employs
four Context Clusters (CoC) blocks followed by four Transposed Con-
text Clusters (TCoC) blocks to predict the residual points between the
LPET and the desired SPET images. These predicted residuals are then
added back to the original point clusters, effectively generating a refined
SPET image prediction. This novel strategy enables the model to capture
and preserve subtle structural details that are often lost in traditional re-
construction approaches, thereby improving both the visual quality and

clinical utility of the reconstructed images.

Collectively, these studies illustrate the diverse strategies adopted
in deep learning-based PET reconstruction. By integrating CNNs, resid-
ual learning, transformer blocks, and GAN frameworks, these meth-
ods demonstrate significant improvements in image quality and robust-

ness. The innovative use of hybrid architectures and iterative refinement
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strategies offers promising avenues for further research and clinical ap-
plication in PET imaging, paving the way for models that can reliably
reconstruct high-quality images even under challenging low-dose con-
ditions.

2.3.3 Challenges and Limitations of Deep Learning-Based
Methods

Despite their significant advancements, deep learning methods for PET
reconstruction still exhibit several notable limitations. CNN-based ap-
proaches, for instance, rely heavily on convolutional operations to ex-
tract local features, which works well for capturing fine spatial details.
However, these methods may struggle with modeling long-range depen-
dencies inherent in complex PET images. As a result, while CNN-based
networks often yield good local reconstruction performance, their effec-
tiveness can diminish when reconstructing global image consistency, es-
pecially when subtle variations and long-distance contextual informa-

tion are critical [2].

Building on the basic CNN architecture, GAN-based methods have
been widely regarded as a promising solution for PET reconstruction
due to their ability to generate more realistic images through adversar-
ial training. GANs have indeed contributed impressive results in many
studies by pushing the reconstructed images closer to high-quality tar-
gets. Nevertheless, these networks are also prone to well-known issues
such as mode collapse, where the generator may converge to a limited
set of outputs, thereby reducing the diversity and fidelity of the recon-
structions. Furthermore, despite their potential for high-quality image
synthesis, GAN-based methods sometimes produce results that are in-
consistent or fail to capture certain diagnostic details, leading to subop-

timal image restoration performance in some scenarios [71].

In summary, while deep learning methods—including both CNN-
based and GAN-based frameworks—have advanced the state-of-the-art
in PET reconstruction, they still face challenges in balancing local and
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global feature extraction and ensuring stable and consistent image gener-
ation. These limitations highlight the need for further innovation, paving
the way for exploring alternative or hybrid approaches, such as diffu-
sion models, which may offer improved robustness and reconstruction

tidelity in low-dose PET imaging.

2.4 Diffusion-Based Methods for PET Reconstruc-

tion

24.1 Overview

In recent years, diffusion models have emerged as a powerful class of
generative models, garnering significant attention for their ability to gen-
erate high-quality images and capture complex data distributions. Their
underlying concept is inspired by diffusion phenomena observed in ther-
modynamics [62]. At a high level, diffusion-based models work by grad-
ually corrupting a data sample (usually is the high-quality target image)
with noise over a series of steps. By the end of this forward noising
process, the original data distribution is essentially masked by a noisy
distribution, resulting in the loss of the original information. The key
idea, however, is to learn a reverse process that can progressively re-
move the added noise, ultimately reconstructing the original data from
a pure noise input. This two-phase process—comprising a forward nois-
ing phase and a reverse denoising phase—forms the backbone of a typi-
cal diffusion model.

A seminal work in this area was proposed by Ho et al., who intro-
duced Denoising Diffusion Probabilistic Models (DDPM) [33]. Unlike
traditional CNN or GAN architectures, DDPM leverages a probabilistic
framework to model the diffusion process, which not only leads to more
stable training but also produces images with remarkably high fidelity.
The DDPM framework operates by learning to predict either the added
noise or directly the denoised image at each step, thus gradually revers-
ing the corruption process. The inherent advantages of DDPM include
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its capacity for capturing fine details and preserving global structures,

which are critical for high-quality image reconstruction.

Conditional Denoising Diffusion Probabilistic Models (cDDPM) ex-
tend the original DDPM framework by incorporating additional condi-
tioning information into the diffusion process. This conditioning can
take various forms, such as class labels, segmentation masks, or other
auxiliary data, and is used to guide the generation process toward de-
sired outputs. In the context of image reconstruction, particularly in
medical imaging, cDDPM enables the model to leverage contextual or
prior information (e.g., low-dose PET images, corresponding MRI data,
or anatomical priors) to improve reconstruction accuracy and preserve

critical diagnostic details.

These advantages have contributed to the success of DDPM in a
wide range of applications—from natural image synthesis to medical
image reconstruction. Owing to its robust performance and stability, nu-
merous DDPM-based methods have been developed for medical imag-
ing tasks. Variants have further refined the basic framework to cater to
specific challenges[56, 63, 73] in various fields including reconstructing
medical images. Particularly noteworthy among these advancements
is the Denoising Diffusion Implicit Models (DDIM)[63]. Unlike DDPM,
which employs a strictly Markovian reverse process, DDIM introduces a
non-Markovian formulation that allows for a more deterministic reverse
process. This deterministic approach enables DDIM to generate high-
quality images with significantly fewer sampling steps. By allowing the
model to “skip” intermediate steps, DDIM reduces the number of neces-
sary denoising steps, DDIM addresses one of the primary computational
challenges associated with traditional DDPM, making it an attractive al-

ternative for real-world applications.

In summary, the theoretical soundness and practical advantages of
diffusion models, exemplified by DDPM and its variants like DDIM,
have positioned them as promising tools for image reconstruction. Their
ability to overcome the limitations of conventional CNN and GAN-based
methods has spurred extensive research, leading to the development of

several specialized architectures for medical image reconstruction. These
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advancements provide a solid foundation for the application of diffusion
models in tasks such as PET image reconstruction, where the preserva-

tion of fine anatomical details and overall image fidelity is paramount.

2.4.2 Diffusion Models in PET reconstruction

Gong et al. proposed a framework based on a conditional DDPM (cD-
DPM) model for denoising SPET images from LPET inputs [23]. In their
approach, after the SPET image undergoes the forward diffusion pro-
cess and becomes noisy, the corresponding LPET image is used as the
conditioning signal to guide the reverse denoising process. This strategy
leverages the paired PET data to direct the generation process, ensur-
ing that the restored image adheres closely to the structural and textural
characteristics inherent in the LPET input. By explicitly conditioning on
the LPET image, their method can effectively reduce artifacts and re-
cover finer details, yielding promising reconstruction performance. In
fact, using the LPET image as the condition has become one of the most
common and effective techniques to ensure reliable and accurate denois-

ing results in PET image reconstruction.

In another study, Jiang et al. introduced an unsupervised LPET en-
hancement framework (uPETe) based on a latent diffusion model [39].
Their framework features an encoder-decoder structure where the en-
coder maps the input SPET images into a compact latent space, and
the decoder reconstructs the SPET images from the latent representa-
tion. This approach not only reduces the dimensionality of the input
but also significantly decreases the computational burden during infer-
ence. To tackle the substantial inference time typically associated with
diffusion models, the encoder compresses the scale of the input PET im-
age, enabling faster processing without a major loss in image fidelity.
Moreover, to keep the perturbed sample close to the actual noise distri-
bution, they employed a Poisson diffusion process instead of the conven-
tional Gaussian approach, which better aligns with the statistical nature
of PET data. Additionally, to address the inherent information loss in
LPET images, they integrated corresponding CT images to guide a cross-

attention mechanism, thereby supplementing essential structural details
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required for accurate reconstruction. This multi-modal integration fur-
ther enhances the robustness of the reconstruction, making the approach
particularly appealing in clinical settings where complementary data can

be leveraged.

Cui et al. further extended the concept by exploring the use of ad-
ditional information from modalities other than LPET [14]. Unlike pre-
vious methods that rely on CT or MRI images, they utilized patients’
clinical tabular information to introduce multi-modal cues into the re-
construction process. Their framework incorporates a multi-modal con-
dition encoder (Mc-Encoder) designed to extract salient features from
clinical data and an optimal multi-modal transport co-attention (OMTA)
module to effectively balance the input from different modalities. This
design narrows the heterogeneity gap between image and tabular data,
thereby mitigating semantic distortions that might otherwise occur when
combining disparate data sources. Moreover, they proposed a multi-
modal Masked Text Reconstruction (M3TRec) mechanism to further fuse
cross-modal inputs and enhance the overall representation. By integrat-
ing rich semantic information from non-imaging sources, this approach
highlights the potential of leveraging diverse data types to guide the re-
construction process, ultimately leading to improved performance and

more reliable PET image restoration.

Additionally, Han et al. proposed a hybrid framework that uses a
diffusion model as the generator within a GAN architecture [28]. Their
method adopts a coarse-to-fine reconstruction strategy, consisting of a
coarse prediction module (CPM) followed by an iterative refinement mod-
ule (IRM). In this framework, the LPET image is first processed by the
CPM to produce an initial prediction that roughly captures the under-
lying anatomical structures. This initial output then serves as guidance
for the IRM, which iteratively refines the reconstruction to enhance de-
tails and correct errors, ultimately generating a high-quality SPET pre-
diction. Following the diffusion-based reconstruction, the generated im-

age is further evaluated by a GAN discriminator, similar to conventional
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GAN-based methods, to enforce global realism and consistency. To en-
rich the learning process further, the framework also incorporates aux-
iliary spectral guidance, which helps the model focus on capturing spe-
cific frequency components important for clinical diagnosis. Addition-
ally, the use of negative samples during training ensures that the recon-
structed images are of high quality and closely resemble the conditional
LPET, effectively reducing artifacts and preserving subtle anatomical de-
tails.

In summary, these studies demonstrate a rich variety of approaches
based on diffusion models for PET image reconstruction. They range
from basic cDDPM frameworks that incorporate LPET as a condition-
ing signal to more advanced methods that leverage supplementary im-
age data, multi-modal information, and even hybrid GAN architectures.
Collectively, these methods showcase diverse strategies to overcome the
challenges inherent in low-dose PET imaging. The promising perfor-
mance of these approaches suggests that integrating novel architectures
and additional data sources can further enhance reconstruction quality,
ultimately broadening the clinical applicability of diffusion models in

PET imaging.

2.4.3 Challenges and Limitations in Diffusion-Based Ap-

proaches

Despite their impressive image generation capabilities and stable train-
ing dynamics, diffusion models exhibit several notable weaknesses [4,
17, 26, 40], particularly when applied to high-resolution image recon-
struction tasks.

One of the primary limitations is the inherent computational cost as-
sociated with the iterative denoising process. Diffusion models require
a large number of sequential steps to gradually remove noise from an
initial random input, which directly translates into prolonged inference
times. This issue becomes even more pronounced for high-resolution im-
ages, as the increased data volume demands more iterations and higher

computational resources to achieve a high-quality reconstruction result.
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Consequently, in scenarios where rapid processing is essential—such as
real-time clinical applications—the latency induced by the multiple de-
noising steps can become a significant bottleneck. It is worth noting that
several recent approaches have attempted to address this challenge by
reducing the resolution or compressing the input images to accelerate in-
ference; however, this strategy itself introduces a trade-off and remains

a common challenge when using diffusion models.

Moreover, the high computational demand of diffusion models re-
stricts their deployment in environments with limited hardware capa-
bilities. The need for specialized hardware, such as high-performance
GPUs, to manage the iterative denoising process makes it difficult to
integrate these models into routine clinical workflows or settings with
constrained resources. Additionally, processing 3D images with diffu-
sion models is particularly resource-intensive. As a result, most current
research focuses on handling 2D image inputs. This focus can adversely
affect 3D PET reconstruction, where the continuity between slices is cru-
cial. Without a mechanism to adequately learn and preserve inter-slice
consistency, the reconstructed 3D images may suffer from discontinu-
ities that ultimately degrade the overall reconstruction quality (further
details on this issue are discussed in Chapter 4).

Last but not least, existing diffusion-based methods predominantly
address the reconstruction task for a single dose level. They are typically
designed to learn the mapping from a low-dose PET (LPET) image to a
standard-dose PET (SPET) image. However, in real-world clinical set-
tings, PET imaging protocols vary, and a one-size-fits-all model may not
effectively handle the diversity of dose levels encountered in practice.
Thus, developing models that can robustly generalize across multiple

dose scenarios remains an additional significant challenge.

In summary, while diffusion models offer significant advantages in
terms of image quality and training stability, their practical application,
especially for high-resolution and 3D image reconstruction, remains con-
strained by slow inference speeds, high computational costs, difficulties
in preserving spatial continuity, and limited generalizability across dif-
ferent dose levels. Addressing these weaknesses is critical for enhancing
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the clinical applicability of diffusion-based reconstruction methods.

2.5 Summary

In this chapter, we have provided a comprehensive overview of the key
developments in PET image reconstruction, laying the groundwork for
the subsequent chapters of this thesis. We began by introducing the fun-
damental principles of PET medical imaging, highlighting its pivotal role
in clinical diagnosis and the importance of high-quality image acquisi-
tion. This was followed by an in-depth discussion of traditional recon-
struction methods, which, despite their foundational contributions, suf-
fer from inherent limitations such as noise amplification, limited resolu-
tion, and the dependency on supplementary modalities like MRI or CT

to enhance reconstruction performance.

Subsequently, we explored deep learning approaches that have re-
cently revolutionized PET image reconstruction. In particular, methods
based on CNNs, U-Net, and GANs were discussed in detail. These ap-
proaches demonstrate substantial improvements in capturing complex
image features and enhancing reconstruction quality. However, we also
critically examined their shortcomings—including issues related to data
dependency, training instability, and difficulties in preserving global im-

age consistency—which motivate the search for alternative solutions.

The final section of our review was devoted to diffusion models,
which represent a promising new direction in image reconstruction. We
outlined the fundamental concepts underlying diffusion-based models,
drawing inspiration from thermodynamic diffusion processes. In partic-
ular, we introduced key variants such as DDPM, ¢cDDPM, and DDIM,
and reviewed several representative works that apply these models to
PET image reconstruction. While diffusion models offer advantages in
terms of stable training and high-fidelity generation, they also come with
challenges such as high computational cost, slow inference times, and
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difficulties in handling high-resolution and 3D images. Overall, the lit-
erature reveals a diverse array of strategies—from traditional mathemat-
ical and statistical approaches to deep learning frameworks and innova-
tive diffusion-based techniques—all aimed at enhancing the quality of
PET image reconstruction. Each method brings its own strengths and
limitations, and together they provide valuable insights that inform the
development of our proposed approaches.

In this chapter, we have comprehensively outlined the significance
of PET image reconstruction, emphasizing the challenges imposed by
the inherent properties of PET images. We critically reviewed tradi-
tional and deep learning-based methods, highlighting their respective
shortcomings in handling noise, preserving fine details, and maintain-
ing global consistency. Most importantly, we examined the current re-
search foundation in diffusion-based methods and identified several key
challenges, including slow inference speeds, suboptimal performance,
lack of spatial continuity, struggle to deal with multi-dose LPET, and the
need for additional modality data. These findings set the stage for the re-
mainder of this thesis, where we will first propose the WiD-PET method
to address some of these limitations and subsequently introduce an ex-
tended framework CWD-PET that further tackles the multi-dose LPET

challenge and enhances reconstruction performance.

Specifically, in Chapter 3, we will provide a detailed problem state-
ment and describe the evaluation metrics and experimental protocols

used in PET image reconstruction.

In Chapter 4, we will present our first proposed method, WiD-PET,
along with its theoretical underpinnings and experimental validation.
The WiD-PET is designed to tackle the slow inference time, lacking-of

spatial consistency, and suboptimal performance.

Finally, in Chapter 5, we will introduce our extended approach CWD-
PET designed to tackle additional challenges, thereby establishing a com-
prehensive framework for advanced PET image reconstruction. There-
fore, we can further explore multi-dose reconstruction in a single model

with the information from cross-modal input.
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Chapter 3

Background Introduction of Low
Dose PET Reconstruction using

Diffusion Techniques

In this chapter, we will introduce the background of the LPET recon-
struction task using diffusion techniques, including the problem state-
ment, the current widely accepted evaluation methodologies, and the

dataset information.

3.1 Problem Statement

In this section, we briefly outline the problem statement for LPET re-
construction by defining the task of transforming LPET images to SPET
images, and we also discuss advanced reconstruction scenarios that in-

volve multi-modal and multi-dose factors.

3.1.1 Reconstruction Task from LPET to SPET

In a typical PET reconstruction task—often also referred to as a denois-
ing or PET reconstruction task—the goal is to transform low-dose PET
(LPET) images into standard-dose PET (SPET) images using a learning-
based framework. In such tasks, paired datasets consisting of LPET im-
ages and their corresponding SPET ground truth images are provided.
The framework is designed to learn the mapping between the LPET and
SPET images so that it can effectively reconstruct a high-quality SPET



) éfhapter 3. Background Introduction of Low Dose PET Reconstruction
using Diffusion Techniques

image from a given LPET input. The closer the reconstructed image is to
the ground truth SPET image, the better the performance of the recon-

struction model.

Formally, let the target SPET image set be defined as X¢ = {x®}¥ |,
and the corresponding LPET image set as X* = {x[} .

Specifically, x® € RF*"W*C represents a SPET image with dimen-

sions H x W x C, while x> € R#*W*C denotes an LPET image of the
same size. For diffusion-based methods that address 2D PET reconstruc-
tion, each index i corresponds to a PET slice; the SPET image x{ is the
standard imaging result that directly corresponds to the LPET image x!
for the same slice.

In diffusion model-based PET reconstruction, the process typically
involves two stages. In the first stage, the target SPET image undergoes
a forward diffusion process in which noise is gradually added over mul-
tiple steps, ultimately transforming the image into a nearly pure noise
distribution. In the subsequent stage, a reverse denoising process is em-
ployed, where the LPET image is used as a conditioning signal. This
conditioning helps to guide the reverse process, fusing the structural
and contextual information from the LPET image with the noisy image
so that the model can gradually reconstruct an image that closely resem-
bles the original SPET image.

Let us denote the diffusion model-based reconstruction process op-
erator as D(- | -). Then, for a given PET slice, the reconstruction process
can be formulated as

§i =D | xf). (3.1)

where §; represents the reconstructed (or predicted) SPET image for the
ith slice, x* serves as the conditioning LPET image, x is the SPET ground
truth, and i denotes the index of the PET slice. The set of all reconstructed

images is denoted as S = {§; fil.

This formulation succinctly encapsulates the essence of the diffusion-

based PET reconstruction task: the objective is to generate a reconstructed
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image $; that approximates the ground truth x¥, guided by the corre-
sponding low-dose information provided by xF, and to produce a high-
quality set S for the entire dataset.

3.1.2 LPET Reconstruction Task with Multi-Modal Data

In addition to the general scenario described in the previous section,
there exist more advanced LPET reconstruction tasks that involve multi-
modal data inputs. Many diffusion-based PET reconstruction works
leverage U-Net architectures as denoising models due to their capabil-
ity to incorporate and learn from various modalities. For instance, ad-
ditional modality input—such as prompt guidance information derived
from textual cues—can be processed through an encoder or other feature
extraction module to yield a representation. Let us denoted the prompt
condition by p; (with the overall set defined as P = {p;} V).

We then extend the reconstruction operator to accept this multi-
modal condition and denote the improved diffusion model as D(- | -, -).
Thus, for a given PET slice, the multi-modal guided reconstruction pro-

cess can be formulated as
8 =D(xE | %k, p)). (3.2)

where 3; represents the reconstructed (or predicted) SPET image for the
ith slice, x> serves as the conditioning LPET image, x{ is the SPET ground
truth, and p; encapsulates the encoded additional modality information
for the ith slice.

In this formulation, the operator D(- | -,-) is designed to leverage
both the low-dose information from x* and the supplementary guidance
from p; to produce a more accurate reconstruction of the SPET image or

for more complex scenarios.

3.1.3 Multi-dose LPET Reconstruction

In addition to the previously described scenario, another advanced task
involves the reconstruction of LPET images acquired at multiple dose
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levels. This task requires the implementation and training of a robust
model that is not limited to reconstructing images from a single dose
level but can efficiently and effectively handle PET reconstructions across
various dose levels. Such a capability is of great practical significance
in clinical applications, where PET imaging protocols can vary widely.
More detailed information on this multi-dose reconstruction task will be
provided in Chapter 5.

3.1.4 Evaluation Metrics

To comprehensively assess the performance of our PET reconstruction
framework, we employ several quantitative evaluation metrics. The pri-

mary metrics used for 3D image quality assessment are:

¢ Peak Signal-to-Noise Ratio (PSNR): PSNR quantifies the overall
similarity between the reconstructed image and the ground truth in
terms of pixel intensity. A higher PSNR generally indicates better

reconstruction quality.

¢ Structural Similarity Index Measure (SSIM): SSIM evaluates the
structural and perceptual similarity between images, reflecting how

well the reconstruction preserves important structural information.

* Normalized Mean Squared Error (NMSE): NMSE provides a nor-
malized measure of the error between the reconstructed and the
ground truth images, facilitating a fair comparison across different

images and conditions.

In addition to these core metrics, we also consider other evaluation
criteria that focus on the preservation of fine image details, such as tex-
ture and edge accuracy. These additional metrics will be discussed in

greater detail in Chapter 4.

3.2 Datasets Introduction

In this section, we briefly introduce the commonly used dataset in LPET
reconstruction—the Ultra Low-Dose PET Challenge (UDPET) dataset [59].
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The UDPET dataset comprises a total of 560 F-FDG PET scans,
along with their corresponding low-dose images acquired at varying
time reductions. The dataset was collected from two major sources: 230
subjects scanned with Siemens equipment and 330 subjects scanned with
United Imaging equipment. This multi-scanner acquisition ensures that
the dataset reflects a broad range of clinical protocols and hardware vari-
ability, thereby enhancing the generalizability of reconstruction models.

Each subject’s whole-body scan is provided at a resolution of 369 x
369 x 644. For the Siemens data, the pixel spacings are [1.65mm, 1.65mm,
1.65mm]|, whereas the United Imaging data features pixel spacings of
[1.667 mm, 1.667 mm, 2.886 mm]|. These differences in spatial resolution
and pixel spacing are important factors that are considered during the re-
construction process, particularly when evaluating performance across

different scanner types and clinical protocols.

For our work—focused on the clinical value of brain PET imag-
ing—a brain dataset was extracted from the whole-body scans. The brain
region was segmented using established methods, yielding brain images
with a resolution of 128 x 128 x 128 while retaining the same pixel spac-
ing as the original data. This brain subset is of particular importance, as
it enables a targeted evaluation of reconstruction performance in regions

where fine anatomical details are critical for clinical diagnosis.

Overall, while the UDPET dataset encompasses whole-body scans,
our study primarily leverages the brain dataset to assess and validate
PET reconstruction methods. This focused approach not only aligns with
the high clinical relevance of brain PET imaging but also provides a ro-
bust foundation for our experiments. Detailed preprocessing, segmen-
tation procedures, and dataset splits will be further discussed in subse-

quent chapters.

Admittedly, other PET datasets exist in the literature. However,
within the scope of this study, we employ the UDPET dataset due to its
status as the most widely used public benchmark for standard-dose PET

reconstruction. Many recent works in the field have also focused on this
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dataset alone, enabling consistent comparison and benchmarking. Fu-
ture work will consider extending the evaluation to additional datasets
to validate the generalizability of the proposed methods further.
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Chapter 4

Standard-Dose PET
Reconstruction from Low-Dose
PET by Wavelet-Informed
Diffusion Model with Fast

Inference

In this chapter, we propose a novel wavelet-informed diffusion model
that significantly enhances the reconstruction quality of SPET images
while preserving fine details and textures. Moreover, our method re-
duces the inference time to only 10% of that required by the original
DDPM framework. We validate the proposed approach through exten-
sive experiments on LPET images at three different dose levels, includ-
ing ultra-low-dose data, from the UDPET challenge dataset. The experi-
mental results clearly demonstrate the effectiveness and efficiency of our
method.

4,1 Motivations and Contributions

As we mentioned in chapter 2 and chapter 3. Positron emission tomogra-
phy (PET) plays a critical role in assessing human metabolism and guid-
ing clinical decisions. However, high-quality PET imaging typically re-

quires the injection of substantial radiotracer doses, which increases the



BEhapter 4. Standard-Dose PET Reconstruction from Low-Dose PET by
Wavelet-Informed Diffusion Model with Fast Inference

risk of radiation exposure. Consequently, low-dose PET (LPET) recon-
struction has become an important research area. Yet, LPET images suf-
fer from a reduced signal-to-noise ratio, leading to potential diagnostic
inaccuracies—especially at ultra-low dose levels (e.g., 1/50 or 1/100 of

standard dose).

Several methods have been developed to address these challenges,
including traditional methods, deep learning methods, and, more re-
cently, diffusion-based methods. With continuous advances in research,
traditional approaches have gradually been outperformed by deep learn-
ing and diffusion-based reconstruction techniques. Today, high-quality
LPET reconstruction tasks are mainly divided into two categories: GAN-
based methods and diffusion-based methods.

GAN-based approaches, for example, leverage adversarial training
and specialized generator-discriminator architectures to generate high-
tidelity images. Studies such as those by Zhao et al. [72] and Zhou et
al. [74] have successfully applied cycle-GAN frameworks for LPET re-
construction. However, the inherent instability of adversarial training
often leads to issues such as mode collapse, resulting in limited discrim-

inability and reduced reliability in clinical contexts.

More recently, diffusion-based models like DDPM [54] have shown
promise by leveraging a forward noise-injection process followed by a
reverse denoising process. Despite their advantages in stable training
and high-fidelity image generation, these models face several signifi-
cant challenges when applied to PET reconstruction. First, their iterative
sampling procedure is computationally expensive and results in slow in-
ference speeds, which is particularly problematic for high-resolution im-
ages. Second, the conventional diffusion process tends to uniformly de-
noise in the image space, often failing to recover fine details—especially
in high-frequency components such as textures and edges in ultra-low-
dose images. Third, because most diffusion models are originally de-
signed for 2D image processing, they handle PET slices independently,
leading to a lack of spatial continuity across 3D reconstructions.

These challenges motivate the need for an improved approach. To
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address the limitations of existing diffusion-based models, we propose a
novel framework—termed the Wavelet-informed Diffusion Model with
Fast Inference (WiD-PET). The key motivations and novelties we con-
tributed behind WiD-PET are threefold:

1. Enhanced Detail Recovery: By incorporating wavelet transforma-
tions and a high-frequency detail enhancer module, our model is
designed to better recover fine image details and textures, thus im-

proving the quality of reconstruction.

2. Accelerated Inference: Processing in the wavelet domain not only
emphasizes critical image features but also reduces the scale of the
input image to the framework, thereby cutting inference time to
approximately 10% of that required by the original DDPM frame-
work.

3. Spatial Consistency: To overcome the challenge of slice-wise pro-
cessing in 2D diffusion models, WiD-PET integrates a Spatial Con-
sistency Feature Extractor (SCFE) and Spatial Consistency Atten-
tion (SCA) mechanism, ensuring seamless continuity across 3D PET
slices, and thus improve the quality of the reconstructed SPET im-

ages.

Extensive experiments conducted on LPET images at various dose
levels (1/20, 1/50, and 1/100) validate the effectiveness of WiD-PET,
demonstrating superior reconstruction quality, enhanced detail preser-
vation, and markedly improved inference efficiency. In the following
chapters, we will further elaborate on the design of WiD-PET and pro-
vide a detailed evaluation of its performance in comparison with existing
methods.

4.2 Methodology

In this section, we introduce WiD-PET, a wavelet-based diffusion frame-
work with efficient inference designed for PET reconstruction. Our pro-
posed approach is structured into several subsections to facilitate a clear

understanding of its components and underlying principles.



thapter 4. Standard-Dose PET Reconstruction from Low-Dose PET by
Wavelet-Informed Diffusion Model with Fast Inference

¢ In Section 4.2.1, we present the detailed preliminaries essential for
this chapter, including new concepts and specific notations that un-
derpin our methodology.

* Section 4.2.2 provides an overview of the proposed framework,
outlining its main components and the overall workflow.

e In Section 4.2.3, we describe the fast wavelet-informed diffusion
model in detail. This section covers the design of a 2D-DWT-IDWT
module and a spatial-consistency-informed denoising model, which
incorporates key building blocks such as the Spatial Consistency
Feature Extractor (SCFE) and Spatial Consistency Attention (SCA)
modules, as well as a High-frequency Component Enhancer (HFE).

¢ Finally, Section 4.2.4 explains the combined loss function that has
been designed to ensure high-quality reconstruction of LPET im-
ages.

This structured approach not only clarifies the individual compo-
nents of WiD-PET but also illustrates how they integrate to achieve effi-
cient and high-quality PET reconstruction.

4.2.1 Preliminaries

In this section, we briefly review the fundamental concepts behind diffu-
sion models and wavelet transforms, both of which play key roles in our
proposed framework. Many of the symbols and definitions introduced
here have been previously presented in the literature review; for brevity,

we restate only the essential components.

Denoising Diffusion Probabilistic Models (DDPM) can provide a ro-
bust framework for generating high-quality reconstructions by learning
to reverse a gradual noise-corruption process [32]. In a standard DDPM,
two stages are involved: the forward diffusion process and the reverse
denoising process.

For our PET reconstruction task, let the target SPET image set be

defined as X¢ = {x®}N,, and the corresponding LPET image set as
2= (.
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Here, each x¢ € R”*WxC represents a SPET image, and x € RF*W*€
denotes the corresponding LPET image for the ith PET slice. In our
framework, the generation of xiG is conditioned not only on xI but also
on additional spatial sequence information, collectively represented as
C = {c;}IY,. We also denote the timestep by ¢, with x© representing the
noisy SPET image at timestep t and x§ the noise-free image.

Forward Diffusion Process: The forward process gradually adds noise
to the SPET images, which can be modeled as

a0 [ Xi21) = N (s Varxy, pil). (4.1)

where ; denotes the noise increment at timestep t and the scaling factor
is defined as &y = 1 — B;.

Reverse Denoising Process: The reverse process iteratively reconstructs

the clean image by removing noise:
po(xy | XE,€) = N (XPy; po(x¢' 1, €), Do (X7 1, €)). (4.2)

where 1y and g are the predicted mean and variance, respectively, con-

ditioned on the auxiliary information c.

Wavelet Transformation is a powerful tool for decomposing an input
image into multiple frequency bands [70]. In our framework, we define
the 2D wavelet transformation as fgu¢(-). Given an input image x €
RIXWXC “the transformation decomposes the image into a set of four
components:

fawt(x) = {LL,LH, HL, HH}. (4.3)

where LL,LH, HL, HH denote the decomposed components. Specifi-
cally, the component LL < R% > 5 xC represents the low-frequency re-
sult, capturing the global structure of the image. In contrast, the com-
ponents LH, HL, HH < R% > %€ collectively form the high-frequency
results, which capture horizontal, vertical, and diagonal details, respec-
tively.
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By decomposing the image using the 2D wavelet transform, the spa-
tial dimensions are significantly reduced, thereby decreasing computa-
tional cost and reducing computation time. Moreover, this transforma-
tion effectively separates the primary structure (low frequency) from the
fine details (high frequency), which lays a solid foundation for subse-

quent detail reconstruction.

4.2.2 Overview

An overview of the proposed WiD-PET framework is illustrated in Fig-
ure 4.1. First, the SPET images, along with the LPET condition and its ad-
jacent slices (collectively referred to as the spatial sequence), are decom-
posed using the Haar 2D wavelet transform (2D-DWT). This decompo-
sition yields the low-frequency component LL, and the high-frequency
components [LH, HL, HH],, where the subscript x € {g,c, S} indicates
the ground-truth SPET image (g), the LPET condition (c), and the spatial
sequence from LPET (S), respectively.

Next, the low-frequency component LL, is processed through a for-
ward diffusion process. The resultant noisy representation is then com-
bined with the corresponding low-frequency condition LL. and fed into
the denoising model. Concurrently, the low-frequency component LLg
extracted from the LPET-derived spatial sequence is also used as a con-
dition to provide spatial consistency guidance. This guidance is refined
through a Spatial-Consistency Feature Extractor (SCFE) block followed
by a dedicated Spatial Consistency Attention (SCA) module, which ef-

fectively steers the denoising process.

Meanwhile, the high-frequency components are further enhanced
using a High-frequency Enhancer to restore fine details and textures
that are crucial for accurate reconstruction. Finally, the enhanced high-
frequency components and the reconstructed low-frequency components
are fused via the inverse 2D wavelet transform (2D-IDWT) to produce

the final reconstructed images.
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Figure 4.1: Overview of WiD-PET (a): The SPET, LPET, and spatial se-
quence (adjacent slices) are decomposed into low- and high-frequency
components using the wavelet transform in the DWT-IDWT module (b).
The low-frequency components are processed by a diffusion-based de-
noiser (c), while the high-frequency components are enhanced using the
high-frequency enhancer (Fig. 4.3) to restore global contrast and fine de-

tails.

The outputs are then recombined and inversely transformed to
produce the final reconstructed SPET image.
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4.2.3 Fast Wavelet-informed Diffusion Architecture

Based on the existing challenges—particularly the low computational ef-
ticiency in reconstructing full-dose SPET images from LPET images and
the unsatisfactory restoration of fine image details—we propose a fast
wavelet-informed diffusion architecture that leverages 2D wavelet trans-
formation. This novel approach is designed to accelerate the reconstruc-

tion process while enhancing the recovery of critical image features.

DWT-IDWT Module

As aforementioned, our approach employs a DWT-IDWT module (illus-
trated in Fig. 4.1(b)) to decompose the input SPET ground truth, LPET
condition, and the corresponding spatial sequence S into their respec-
tive frequency components. Specifically, these inputs are decomposed
into the low-frequency components LL¢, LL., and LLs and the high-
frequency components [LH, HL, HH] % [LH,HL, HH] , and [LH, HL, HH] .
After decomposition, the spatial dimensions of each component are re-
duced from C x H x W to C x H x 1, effectively reducing the overall

input size by a factor of 4.

The low-frequency component of the SPET image, LL¢, undergoes
a forward diffusion process and is then merged with the low-frequency
component of the LPET image, LL.. This combined representation is
subsequently fed into the denoising model to reconstruct the global con-
trast of the image. In parallel, the high-frequency components of the
LPET input are processed by the High-frequency Component Enhancer
to restore fine details and textures. Finally, the outputs from the de-
noising and enhancement stages are fused using the inverse 2D wavelet
transform (IDWT) to generate the final reconstructed image.

Spatial-consistency Informed Denoising Model

The denoising model learns to reconstruct noise-free images from the
inputs of the low-frequency components. It adopts a self-attention U-

Net architecture with spatial consistency guidance in encoding input
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features, as shown in Figure 4.1 (c). As seen, the model consists of L
encoder layers, the bottleneck layer, and L decoder layers (upsampling).
Compared with the conventional U-Net architecture used in DDPM, our
denoising model introduces two innovative modules into each encoder
layer, i.e., the Spatial Consistency Feature Extractor (SCFE) and the Spa-
tial Consistency Attention (SCA). They are used to effectively leverage
the adjacent slices to address the limitations of existing 2D-based diffu-
sion and GAN models in capturing spatial continuity and consistency
during training and inference. Specifically, each encoder layer consists
of a convolution block, the SCFE module, the SCA module, and the Res-
block. The bottleneck layer and the decoder layer are the same as those
used in DDPM. The SCFE and SCA modules are elaborated as follows.

Spatial Consistency Feature Extractor (SCFE) takes three inputs: first,
the output from the last encoder layer F/~! = CONV(F'~!), second,
the spatial consistency guidance LLg, and third, the time embedding
of the current time step. At the beginning, when | = 1, FI=! = F0 =
CONCAT(LL‘g‘Oise, LL.). Here LLg°ise is the noise-corrupted version of
LLg. The architecture of SCFE, illustrated in Fig. 4.2 (a), employs a resid-
ual convolutional network for processing. To begin, the spatial sequence
LLs is aligned with F'~! using a 1x1 convolution and then concatenated
with F/=1). A specialized extraction block, consisting of multiple convo-
lutional layers, extracts spatial consistency information by performing
feature fusion and iterative noise adjustment. This extraction operation
is applied twice within the SCFE to ensure robust feature refinement. At
the final stage, the extracted spatial consistency features are integrated
with the original input feature F'~! through a residual connection, which
helps preserve the input’s integrity while enhancing it with the extracted
spatial information. The resulting features are then passed to the corre-

sponding attention module for further processing.

Spatial Consistency Attention (SCA) enhances spatial feature extrac-
tion by leveraging multi-scale convolutional kernels and normalized at-
tention weights. The structure of SCA is illustrated in Fig. 4.2 (b). The
input spatial features are first divided into v subgroups along the chan-

nel dimension, where v corresponds to the number of slices in the spatial
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sequence. Each subgroup is then processed by convolutional blocks with
kernels of varying sizes to capture multi-resolution features effectively.
The outputs of these convolutions are passed through a global pool-
ing layer, followed by a weight generator consisting of fully connected
layers, and finally normalized using a SoftMax layer to produce atten-
tion weights. The normalized attention weights are applied to the cor-
responding sub-groups of the convolutional outputs, and the weighted
features are subsequently multiplied and refined. The weighted outputs
from all sub-groups are concatenated to form the final output of the mod-

ule.

High-frequency Enhancer

The high-frequency enhancer (HFE) is a residual convolutional structure
designed to improve the recovery of fine details in LPET images. It pro-
cesses the high-frequency components of LPET, denoted as [LH, HL, HH] ..
At the beginning of HFE, the paired components [LH, HL|_. and [HL, HH] .
are processed through cross-attention blocks to capture the interactions
between these high-frequency features (capturing complementary direc-
tional information). Next, the individual components LH, and HL,, to-
gether with the concatenated outputs from the cross-attention blocks, are
fed into dilated convolution blocks to extract multi-scale contextual in-
formation. The resulting feature maps are then concatenated and passed
through a depthwise convolution layer. Finally, these features are fused
with the original high-frequency inputs [LH,HL, HH]. via a residual
connection. The overall structure of the HFE is illustrated in Fig. 4.3. This
design effectively integrates information across different high-frequency
components, thereby enhancing the model’s ability to reconstruct fine
details in PET images from LPET inputs.

4.2.4 Loss Function

In order to better tackle the task, We design a comprehensive loss func-
tion to optimize our proposed method by incorporating multiple com-
ponents that address various aspects of the reconstruction process. The

noise loss, Lyise, minimizes the discrepancy between the Gaussian noise
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Figure 4.2: (a) Spatial Consistency Feature Extractor (SCFE): This mod-
ule takes the output from the previous layers F'~1, the low frequency
components of the spatial sequence LLg, and the current time embed-
ding as the inputs. The extracted spatial features are sent to the SCA
module. (b) Spatial Consistency Attention (SCA) Module: The in-
put features are divided into v sub-groups along the channels, where
v is equal to the number of slices in the spatial sequence. Each sub-
group is processed through convolutions of multi-scale kernels; the
extracted multi-scale features are weighted by normalized attention
weights within each sub-group; the weighted outputs of subgroups are
concatenated as the output of the module.
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Figure 4.3: The structure of the High-frequency Enhancer. This
module takes the decomposed high-frequency components of LPET
[LH, HL, HH]. from the DWT module as the inputs, using cross-
attention, dilated residual convolution, and depth convolution to en-
hance high-frequency features.

n added during the forward diffusion process and the predicted noise fi
output from the denoising model, and is defined as:

Lnoise = ||n —alf3. (4.4)

To enhance fine details and preserve high-frequency information,
we introduce a high-frequency loss, Ly, which combines an /¢, loss for
the high-frequency components with total variation (TV) regularization.

This loss is defined as:
Lt = My |IXn — Kngl|3 + Aww TV (Rp). (4.5)

where A/, and Ay, are weighting factors balancing the ¢, loss and TV
regularization, respectively. Here, x¢ denotes the concatenation of the
high-frequency components of the SPET image (serving as the ground
truth), and Xy¢ represents the corresponding high-frequency output pro-
duced by our model.

Additionally, we define a reconstruction loss, Limg, using an ¢; loss
to measure the difference between the original SPET image x® and the
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reconstructed image X© obtained after applying the 2D inverse discrete
wavelet transform (IDWT):

ﬁimg = ||XG - AGHl. (46)

Combining these components, the final loss function is formulated
as:
L = Lnoise + Lns + ﬁimg- (4.7)

4.3 Experiments and Results

In this section, we first describe the implementation details of our WiD-
PET model, followed by a comprehensive evaluation of the Ultra-low
Dose PET (UDPET) dataset [59]. We analyze the effectiveness of our
approach by comparing its performance against several state-of-the-art
methods using both qualitative assessments and quantitative metrics.
Additionally, we present ablation studies to demonstrate the contribu-
tion of each module within our framework.

4.3.1 Implementation Details

Our proposed method leverages ultra-low-dose LPET images acquired
at 1/20, 1/50, and 1/100 dose levels, with corresponding normal-dose
SPET images (1/1 dose) serving as the ground truth. Both LPET and
SPET images are resized to 128 x 128 for input. The framework is im-
plemented in PyTorch and run on an NVIDIA RTX 3090 GPU. During
training, data augmentation techniques such as random cropping and
flipping are applied to the input images. The initial learning rate is set to
1 x 10~* and decays by a factor of 0.8 every 5000 iterations. Furthermore,
the 2D-DWT-IDWT module operates with a transformation scale of 2.

4.3.2 Evaluation Metrics

To evaluate the reconstruction quality of our method, we employ PSNR,
SSIM, and NMSE for quantitative comparison with baseline models. The
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details of PSNR, SSIM, and NMSE are described in previous chapters,
here we note that higher PSNR and SSIM values, along with lower NMSE,
indicate better performance. In addition, we assess image detail recov-
ery using Gradient Loss—which emphasizes local structures and edges
through first-order intensity changes—and Brenner Gradient Loss, which
captures intricate textures and sharpness via second-order variations. Fi-
nally, the inference time is measured as the average duration required to

generate a full 3D SPET image from whole-brain LPET slices.

4.3.3 Experimental Results

The quantitative comparison results of our method and the baselines
are presented in Table 4.1. We compare our approach with the general
diffusion-based model 2D-DDPM [32], and 3D-DDPM [18], the GAN-
based model Still-GAN [47], as well as state-of-the-art PET reconstruc-
tion methods including CDM-GAN [29] and PET-Unet [11]. These meth-
ods were selected due to the availability of publicly released code, en-
suring reproducibility. For a fair comparison, we reran the provided
implementations on the same training-test partition and demonstrated
performance across three different LPET dosage levels. Additionally, we
include evaluation metrics for LPET images at varying doses as reference

values.

Table 4.1: Comparison of reconstruction at 1/20, 1/50, and 1/100 dose
levels on the UDPET dataset.

1/100 dose 1/50 dose 1/20 dose Inference Time
Methods
PSNR | SSIM | NMSE (x10~%) | PSNR | SSIM | NMSE (x10~%) | PSNR | SSIM [ NMSE (x107%)| (/128 slices)
Low dose[59] 1546 | 0.46 22.02 21.70 | 0.70 22.73 2272 | 0.77 4.02 -
2D-DDPM][32] 22.68 | 0.76 7.27 25.86 | 0.86 5.62 26.11 | 0.92 327 268.00
3D-DDPM(cWDM)[18]| 25.16 | 0.85 14.10 27.40 | 0.90 4.20 28.81 | 093 6.10 108.05
Still-GAN[47] 23.61 | 0.83 9.69 2448 | 0.85 7.04 25.63 | 0.90 3.96 26.12
CDM-GAN][29] 2395 | 0.84 12.62 26.80 | 0.85 3.80 28.84 | 091 3.12 25.24
Pet-Unet[11] 23.30 | 0.81 843 2433 | 0.84 6.29 2793 | 091 2.60 2.02
WiD-PET(Ours) 26.68 | 0.89 3.60 27.82 | 0.91 3.11 29.93 | 0.94 1.85 20.24

Overall Quality Asshown in Table 4.1, all comparison methods signifi-
cantly improve the quality of LPET images. Among them, our proposed
method consistently achieves superior performance across 1/20, 1/50,



4.3. Experiments and Results 47

Gradient Loss Brenner Gradient Loss

400 4500

350 ‘\\ 4000

300 N\ —o—2D-DDPM 3500 a—troUrS
. N\ 3000
g 250 \ 30-DDPM g —e—2D-DDPM
s - S 2500
> 200 e PET-Unet > —e—3D-DDPM
2 \\\ \, 2 2000
S 150 N\, N SHllGAN S 1500 —_— PET-Unet

~_ 5 S
100 NN S 8= CDM-GAN 1000 3 e ——StillGAN
50 ~ —o—low 500 —e—CDM-GAN

0 0TS 0 low
1/100 1/50 1/20 1/100 1/50 1/20

Dose Level Dose Level

(a) Gradient Loss Comparison (b) Brenner Gradient Loss Comparison

Figure 4.4: Comparison of recovery of details by (a) Gradient Loss and
(b) Brenner Gradient Loss across LPET, 2D-DDPM, 3D-DDPM, PET-
Unet, STillGAN, CDM-GAN, and our proposed method at varying dose
levels.

and 1/100 dose levels. Taking the 1/100 dose level as an example, our
WiD-PET significantly enhances the PSNR/SSIM/NMSE values from
15.46/0.46/22.02 of LPET to 26.68/0.89/3.60 in the reconstructed SPET
images. This represents a substantial improvement over the second-best
performer, 3D-DDPM, which achieves 25.16/0.85/14.10. Meanwhile, al-
though the general-purpose diffusion-based model DDPM outperforms
the GAN-based StillGAN, both methods fall short compared to the spe-
cialized PET reconstruction models CDM-GAN and Pet-Unet. In con-
trast, our WiD-PET, tailored for PET reconstruction, demonstrates supe-
rior performance at enhancing high-frequency details while leveraging
spatial consistency across slices to reduce artifacts and improve visual
smoothness.

Detail Recovery To assess high-frequency detail preservation, we eval-
uate gradient loss and Brenner gradient loss, which measure local struc-
ture and edge recovery via first- and second-order differences. As shown
in Fig. 4.4, WiD-PET achieves the lowest losses across all dose levels. At
moderate doses (1/20 and 1/50), diffusion-based models (2D-DDPM,
3D-DDPM, and WiD-PET) outperform GAN-based methods in captur-
ing fine details. However, at the ultra-low dose (1/100), both vanilla 2D-
and 3D-DDPM struggle—especially 2D-DDPM, which shows a signifi-
cantly higher loss. In contrast, WiD-PET’s tailored strategies substan-

tially enhance detail recovery.
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Figure 4.5: Visual comparison of 2D methods’ reconstruction results
across different dose levels. For each dose level, the first row presents
the full-slice view, while the second row provides a zoomed-in view of
the regions highlighted by red boxes in the first row.

Visual Comparison A visualization comparison of the reconstruction
results is given in Figure 5.5. As can be seen, the images reconstructed
by our WiD-PET model are sharper, carrying richer details that resemble
the ground truth. Our advantages become more salient at 1/100 dose
level. This is consistent with the quantitative analysis, verifying the ef-

fectiveness of our proposed strategies.

Inference Speed Beyond its superior reconstruction performance, our
WiD-PET demonstrates remarkable efficiency during inference. As shown
in Table 4.1, the integration of wavelet transform reduces the inference
time by nearly 10-fold, from 268s per 128 slices for 2D-DDPM to just
20.24s per 128 slices (5 times less than 3D-DDPM model with wavelet
decomposition module). This speed surpasses both GAN-based models
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and is second only to Pet-Unet, which, despite its faster inference, deliv-

ers significantly inferior reconstruction quality.

4.3.4 Ablation Study

We conducted ablation studies to evaluate the effectiveness of each com-
ponent in our method, with the results summarized in Table 4.2. Here,
the "Base Model" refers to the vanilla 2D-DDPM model. As shown in
Row 2, when we employ the wavelet transform to decompose the input
images into low- and high-frequency components and enhance the high-
frequency components using our proposed High-frequency Component
Enhancer, the PSNR/SSIM values improve significantly, the quantitative
results increased from 22.68/0.76, 25.86,/0.86, and 26.11/0.82 t0 25.19/0.79,
25.26/0.86, and 28.33/0.71 at dose levels 1/100, 1/50, and 1/20, respec-
tively. These results underscore the importance of treating high-frequency
components specially in diffusion-based models for UDPET reconstruc-

tion.

In Row 3, we introduce spatial-consistency guidance by incorpo-
rating both the SCFE and SCA modules, which must be used in tan-
dem. This further enhances performance to 25.41/0.79, 25.28/0.79, and
28.58/0.84, demonstrating the benefit of capturing spatial consistency
during the denoising process. In the subsequent row, the addition of our
specially designed high-frequency loss term Ly further boosts perfor-
mance to 25.91/0.86, 26.16/0.87, and 28.69/0.92, validating its superior
ability to correct high-frequency details compared to conventional loss

terms in standard diffusion models.

By integrating all of these components, our full method achieves
its best reconstruction performance across all dose levels, thereby con-
firming the contribution of each module to the overall success of our

approach.
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Table 4.2: Results of ablation experiments on both dose levels from the
UDPET dataset. We removed the wavelet transformation components,
SCFE, and high-frequency loss from the base diffusion model to assess
the performance impact.

Components 1/100 dose 1/50 dose 1/20 dose

Wavelet Transform | Spatial |High-frequency
Base Model PSNR | SSIM | NMSE (x10~%) | PSNR | SSIM | NMSE (x10~)| PSNR | SSIM | NMSE (x10~%)
and Enhancer | Guidance Loss

v . . . 22.68 | 0.76 7.27 25.86 | 0.86 5.62 26.11 | 0.82 3.27

v ' . . 25.19 | 0.79 6.50 25.26 | 0.86 5.47 28.33 | 0.71 2.30

v v ' . 2541 | 0.79 5.81 2528 | 0.79 518 28.58 | 0.84 224

v v . ' 2591 | 0.86 4.63 26.16 | 0.87 4.57 28.69 | 0.92 222

v v ' v 26.68 | 0.89 3.60 27.82 | 091 3.11 29.93 | 0.94 1.85

4.3.5 Summary

In this chapter, we presented our novel wavelet-informed diffusion PET
reconstruction method, WiD-PET, which aims to reconstruct standard-
dose PET (SPET) images from low-dose PET (LPET) images. Our ap-
proach has demonstrated robust reconstruction performance across three
different LPET dose levels, including ultra-low-dose scenarios, by achiev-
ing superior image quality with enhanced spatial consistency and finer
details, all while significantly reducing inference time compared to con-
ventional diffusion-based models.

However, it is important to note that WiD-PET primarily focuses
on single-dose reconstruction and does not incorporate additional multi-
modal or multi-dose information to further guide the reconstruction pro-
cess. To address these limitations and further improve reconstruction
quality under varied dose conditions, we introduce a novel extension
in the next chapter. This new approach leverages extra guidance infor-
mation to enhance the robustness and accuracy of PET reconstructions,
thereby paving the way for more comprehensive and clinically applica-
ble solutions.
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Chapter 5

Standard-Dose PET
Reconstruction from Multi-dose
LPET by Cross-dose
Wavelet-informed Refine

Diffusion Model

In this chapter, we propose the Cross-dose Refine Wavelet-informed Dif-
fusion (CWD-PET) framework—an extension of our previously intro-
duced WiD-PET model—designed to address advanced cross-dose PET
reconstruction tasks. CWD-PET integrates multi-modal input informa-
tion with multi-dose LPET images to better capture additional structural
and contextual cues essential for high-quality reconstruction. To fully ex-
ploit this new information and tackle the challenges posed by more com-
plex reconstruction scenarios, we have developed novel modules, and a
specialized network architecture tailored for CWD-PET. Comprehensive
experiments, conducted on a multi-dose LPET dataset derived from the
UDPET dataset (encompassing all low-dose levels), demonstrate the ef-

fectiveness and robustness of our approach.
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@ (b)

Figure 5.1: An illustration of the differences between single-dose and
cross-dose reconstruction models. (a) Cross-dose reconstruction model:
a single model capable of handling LPET images acquired at multiple
dose levels; (b) Single-dose reconstruction models: distinct models that
must be trained separately for each LPET dose level.

5.1 Motivations and Contributions

As discussed in Chapter 4, PET image reconstruction plays a critical role
in clinical diagnosis and treatment planning, underscoring the impor-
tance of achieving high-quality reconstructions. While numerous studies
have proposed GAN-based and diffusion-based methods to optimize re-
construction for a specified LPET dose level [10], these approaches gen-
erally overlook a crucial clinical challenge: the lack of a universally ac-
cepted optimal LPET dose. In clinical practice, LPET images are acquired
at varying dose levels, and methods tailored to a single dose level often
fail to generalize across this range. For instance, the gap in image qual-
ity between LPET images acquired at 1/2 dose and those at 1/100 dose
is significant, with typical PSNR and SSIM values of approximately 28.5
and 0.89 for 1/2 dose, compared to 15.46 and 0.46 for 1/100 dose. This
substantial distribution discrepancy hinders the performance of models
optimized solely for a single-dose reconstruction task when applied to

multi-dose scenarios.

To address this gap, we propose the CWD-PET framework—an ex-
tension of our previously introduced WiD-PET model—that integrates
multi-modal input information with cross-dose LPET images to tackle
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advanced cross-dose PET reconstruction tasks. As illustrated in Fig-
ure 5.1, unlike single-dose reconstruction models which require sepa-
rate training for each LPET dose level, the cross-dose model is designed
to handle multiple dose levels with a single, unified framework. Our
approach introduces prompt guidance that encapsulates pre- and post-
dose level information, which is incorporated as a multi-modal input to
guide the reconstruction process. In order to effectively fuse this addi-
tional modality data, we have developed a dedicated Prompt Embed-
ding Fusing module (PEF). Furthermore, to enhance the overall recon-
struction quality across varying dose levels, we design a lightweight yet
effective Refinement-Net (RFN) that further improves the output after

the inverse DWT operation.
In summary, the key contributions of this work are:

1. Extending the Wavelet-informed Diffusion framework to address
cross-dose PET reconstruction, an area that has been largely over-

looked despite its significant clinical relevance.

2. Introducing a multi-modal input strategy via prompt guidance and
anovel Prompt Embedding Fusing module (PEF) to integrate pre-

and post-dose information into the reconstruction process.

3. Introducing a lightweight Refinement Network (RFN) to further
enhance the final reconstruction quality after the inverse wavelet
transform, ensuring improved detail recovery and smoother image
outputs in the complex cross-dose reconstruction task with mini-

mal additional computational cost.

These contributions collectively advance the state-of-the-art in PET
image reconstruction and hold promise for significantly improving clin-

ical diagnostic accuracy across diverse LPET dose levels.

5.2 Methodology

In this section, we introduce in detail our newly proposed cross-dose
level reconstruction model, CWD-PET. Building upon the work presented
in the previous chapter 4, CWD-PET leverages the fast inference and
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outstanding reconstruction performance of our wavelet-informed diffu-
sion framework and spatial consistency guidance architectures. In addi-
tion, by incorporating novel prompt guidance information, we employ a
prompt encoder to encode this supplementary data and introduce a spe-
cially designed Prompt Embedding Fusing (PEF) module to seamlessly
integrate the new guidance into the denoising model. Furthermore, we
design a Refinement-Net (RFN) to further boost reconstruction perfor-
mance after the inverse discrete wavelet transform (IDWT), thereby en-

hancing the overall quality of the final output.

The remainder of this section is organized as follows. In Section
5.2.1, we present the necessary preliminaries. Section 5.2.2 provides an
overview of the CWD-PET framework. In Section 5.2.3, we detail the
design and implementation of the PEF and RFN modules. Finally, Sec-
tion 5.2.4 describes the combined loss function used to optimize our ap-
proach.

5.2.1 Preliminaries

We extend the conventional diffusion-based reconstruction framework
by incorporating multi-modal guidance, which enables improved per-
formance in cross-dose PET reconstruction tasks. This section introduces
the key components from the CLIP model (the CLIP tokenizer and en-
coder) that are integral to our method and reviews the fundamental con-

cepts of multi-modal diffusion reconstruction.

CLIP for Multimodal Guidance: To effectively incorporate supplemen-
tary multimodal information into our framework, we utilize components
from the CLIP model [49]. Let 7; denote the raw textual prompt for the
ith sample, and define the set of all raw prompts as 7 = {7} . The
CLIP tokenizer is then applied to convert each raw prompt 7; into a se-

quence of tokens:
tok; = ftoken(Ti)- (6.1)

where fioken(+) represents the tokenization process. Subsequently, the

token sequence tok; is fed into the CLIP encoder to generate a semantic
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embedding:
pi = faip(tok;). (5.2)

with fuip(+) denoting the encoding function. The set of all resulting
prompt embeddings is denoted as P = {p;},.

These embeddings capture high-level contextual information from
the textual prompts and are used as additional conditioning inputs in
our diffusion model, thereby enhancing the reconstruction performance
across different dose levels.

Multi-modal Diffusion Reconstruction: Traditional diffusion models
generate images through a two-stage process: a forward diffusion pro-
cess that gradually adds noise to the input data, and a reverse denoising
process that reconstructs the original image. In our multi-modal exten-
sion, additional conditioning information—such as textual prompts or
clinical parameters—is incorporated into the reverse process to guide the
reconstruction. We have defined the traditional diffusion process (along
with the definitions for LPET images, SPET images, and spatial consis-
tency guidance) in Chapter 4, and the diffusion process that integrates
multi-modal conditions in Chapter 3.

Here, we extend the conventional formulation by integrating prompt
embeddings p; into the reconstruction process. The resulting multi-modal

diffusion reconstruction is formulated as:

§; = D(xiG \ xiL, pi)- (5.3)

where §; denotes the reconstructed SPET image for the ith slice, x* is
the corresponding LPET image, and p; represents the encoded prompt
guidance. This formulation demonstrates how the reverse denoising
process leverages both the low-dose image and the supplementary se-
mantic information from the prompt embeddings, ultimately enhancing

reconstruction performance across varying dose levels.

Together, these components form the basis of our multimodal diffu-
sion reconstruction process, providing the necessary background for the
detailed description of the CWD-PET framework in subsequent sections.
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5.2.2 Overview

An overview of the proposed CWD-PET framework is illustrated in Fig-
ure 5.2. Building upon our previous WiD-PET model, CWD-PET ex-
tends its capabilities by incorporating multi-modal input information
and enabling cross-dose level reconstruction. This enhancement allows
our framework to robustly handle LPET images acquired at various dose

levels while integrating additional guidance from prompt information.

l

Refine-Net

Time
Embedding
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Embedding
Fusing Module
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Prompt Input Low-Dose Input High-Dose Input

Figure 5.2: Overview of WCD-PET framework, the structure of PEF and
Denoising model is in fig 5.4 and fig 5.3.
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Specifically, the framework accepts inputs that contain the SPET im-
ages, the LPET condition, dose-specific prompt guidance, and spatial se-
quence guidance derived from adjacent slices. Like mentioned in Chap-
ter 4 Initially, these inputs are decomposed via a Haar 2D Wavelet Trans-
form (2D-DWT) module. This decomposition splits each input into 2
components, one is the low-frequency component, LL,, and the other is
high-frequency components, [LH, HL, HH] .. After that, the low-frequency
component LL, will undergo a forward diffusion process before being
merged with the condition component LL. and fed into the denoising
model. Additionally, LLs from the spatial sequence is employed to pro-
vide rich spatial consistency guidance via the SCFE and SCA modules.

A key novelty in CWD-PET is the incorporation of dose prompt
guidance. The raw prompt information is first processed by the CLIP
tokenizer and then encoded by the CLIP encoder to produce a set of se-

mantic embeddings, denoted as

P = {Pi}il\ir

These embeddings are subsequently fused with the time embeddings in
a dedicated Prompt Embedding Fusion (PEF) module. This integration
effectively injects dose-level context into the reverse diffusion process,
enhancing the model’s ability to generalize across different LPET dose

levels.

Subsequently, the high-frequency components [LH, HL, HH] are re-
fined using a High-Frequency Enhancer (HFE) to restore fine details and
textures. The refined high-frequency features, together with the recon-
structed low-frequency components, are then fused through an inverse
2D Haar Wavelet Transform (2D-IDWT) to generate an intermediate re-
construction. This intermediate result is further processed by a lightweight
Refinement-Net (RFN) specifically designed to enhance overall image

quality, yielding the final reconstructed image.

This framework, by integrating multi-modal prompt guidance and



58Chapter 5. Standard-Dose PET Reconstruction from Multi-dose LPET
by Cross-dose Wavelet-informed Refine Diffusion Model

novel fusion mechanisms, effectively addresses the challenges associ-
ated with cross-dose PET reconstruction, marking a significant advance-

ment over our previous work.

5.2.3 Cross-dose Refine Fast Wavelet-informed Diffusion

Architecture

To address the more advanced cross-dose LPET reconstruction task, we
extend the fast wavelet-informed diffusion architecture to meet the de-
mands of multi-dose reconstruction—where additional guidance infor-
mation is required and overall reconstruction quality must be further
enhanced. Specifically, we propose an improved spatial-consistency and
prompt embedding informed denoising model that incorporates a Prompt
Embedding Fusion (PEF) mechanism, as well as a Refinement-Net (RFN)
that further boosts reconstruction quality after the IDWT operation.

It is important to note that our overall framework continues to lever-
age the advantages of the fast wavelet-informed diffusion architecture,
including the DWT-IDWT module, the High-Frequency Enhancer (HFE),
and the spatial guidance mechanisms—namely, the Spatial-Consistency
Feature Extractor (SCFE) and Spatial-Consistency Attention (SCA) mod-
ules—used within the denoising model. The specific implementations of
these modules have already been detailed in Chapter 4; therefore, in this
chapter, we focus solely on introducing the newly added modules and

mechanisms.

Spatial-consistency and Prompt embedding Informed Denoising Model

The denoising model is designed to reconstruct noise-free images from
the inputs of the low-frequency components (illustrated in Figure 5.3).
It adopts a self-attention U-Net architecture enhanced with spatial con-
sistency guidance and cross-modality guidance (fused embedding guid-
ance provided by the PEF module) for more effective feature encoding.
The overall architecture comprises L encoder layers, a bottleneck layer,
and L decoder layers for upsampling. In contrast to the denoising model
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used in Chapter 4, our denoising model incorporates a novel Prompt
Embedding Fusing module (PEF).

Spatlal Consistency Guidance

N0|se and
Condition .
_ Fused
Embeddlng
Denoising Model

Figure 5.3: Spatial-Consistency and Prompt Embedding Informed De-
noising Model

Prompt Embedding Fusing Module (PEF) accepts two inputs: the tem-

poral embedding generated from the diffusion time step, denoted as e;,
and the prompt embedding p; extracted from the CLIP encoder. Notably,
the prompt embedding p; encodes LPET dose information as a cross-
modality prompt, setting it apart from the predominantly image-based
inputs in our framework. The structure of PEF is illustrated in Figure 5.4

Activation
Function

Element-

wise Add Embedding

Projection
Layer

Figure 5.4: The structure of Prompt Embedding Fusing (PEF) module.

Within the PEF, the temporal embedding e; is first processed through
a fully connected layer followed by a nonlinear activation function, and
thereby capturing the dynamic characteristics inherent to the diffusion
process. Concurrently, the prompt embedding p;, which encapsulates
high-level semantic information, is aggregated via mean pooling across



60Chapter 5. Standard-Dose PET Reconstruction from Multi-dose LPET
by Cross-dose Wavelet-informed Refine Diffusion Model

its tokens, which can effectively condensing multiple token representa-
tions into a single vector. To ensure compatibility, the aggregated prompt
embedding is then transformed via a projection layer, aligning its dimen-

sionality with that of ¢;.

Finally, the transformed prompt embedding and e; are fused through
element-wise addition to yield a unified conditional embedding. This
fused embedding leverages the advantages of multimodal integration
by providing enhanced semantic guidance and improved robustness in
capturing cross-modality features, ultimately contributing to superior

image reconstruction quality.

In our enhanced denoising model, the fused conditional embedding pro-
duced by the Prompt Embedding Fusing (PEF) module is directly inte-
grated into the network’s intermediate layers. This fused embedding
provides rich, cross-modal guidance that informs the reverse diffusion
process by incorporating LPET dose information alongside the tempo-
ral dynamics captured by e;. In parallel, the spatial consistency modules
(SCFE and SCA), as introduced in Chapter 4, continue to supply robust
spatial guidance, ensuring that the reconstructed images maintain coher-
ent structure and continuity across slices. Together, these components
enable our model to effectively address the challenges associated with
cross-dose LPET reconstruction.

Refinement-Net (RFN)

Due to the increased complexity of cross-dose reconstruction—where the
differences between input data are more pronounced—a further refine-
ment step is essential to achieve robust and high-quality reconstruction.
To this end, and to ensure that the overall reconstruction quality is max-
imized without incurring significant additional computational costs, we
introduce a lightweight Refinement-Net (RFN) that operates after the in-
verse 2D Haar Wavelet Transform (2D-IDWT).

Built on a U-Net style architecture, the RFN comprises a series of
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encoding and decoding layers that include downsampling and upsam-
pling operations, enabling the capture of both global contextual infor-
mation and fine local details. Skip connections are employed through-
out the network to preserve spatial information and facilitate effective

multi-scale feature fusion.

Despite its efficacy in enhancing reconstruction quality—smoothing
residual artifacts and recovering subtle structures—the RFN is designed
to be computationally efficient. Its lightweight structure ensures that
it adds minimal overhead to the overall model, thereby preserving the
high efficiency of our framework. This balance between improved qual-
ity and low computational cost is critical for handling the complexities
associated with cross-dose LPET reconstruction, where maintaining fast

inference is essential.

5.2.4 Loss Function

We adopt a comprehensive loss function similar to that used in our previ-
ous work, with the only modification being that, due to the introduction
of the Refinement-Net, the loss is computed on the refined reconstruc-
tion output. For brevity, we present the same formulations below.

The noise loss, Loise, minimizes the discrepancy between the Gaus-
sian noise n added during the forward diffusion process and the pre-
dicted noise fi output by the denoising model:

Lnoise = ||1‘l - ﬁ”% (5.4)

To enhance fine details and preserve high-frequency information,
we introduce a high-frequency loss, Ly, which combines an ¢; loss for

the high-frequency components with total variation (TV) regularization:
Lng = Aty |Xns = Knfll3 + Ay TV (Rne)- (5.5)

where Ay, and Aty are weighting factors balancing the /; loss and TV reg-
ularization. Here, x¢ denotes the concatenation of the high-frequency
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components of the SPET image (serving as ground truth), and Xy repre-

sents the corresponding high-frequency output produced by our model.

Additionally, we define a reconstruction loss, Ling, using an /1 loss
to measure the difference between the original SPET image x© and the
reconstructed image X© (i.e., the output from the Refinement-Net after
the IDWT operation):

Limg = [x* =% (5.6)

Combining these components, the final loss function is formulated
as:
L = Lnoise + Lnt + Eimg- (5.7)

5.3 Experiments and Results

In this section, we first detail the implementation of our proposed CWD-
PET method, and then, we evaluate the performance of our method on
the UDPET dataset [59], which includes LPET images acquired at mul-
tiple low dose levels. Comprehensive experiments are conducted to as-
sess the effectiveness of our novel framework, including detailed abla-
tion studies. Both qualitative and quantitative results are presented to

validate the performance of our approach.

5.3.1 Implementation Details

Our proposed method leverages cross-dose LPET images acquired at
1/2,1/4,1/20,1/50,and 1/100 dose levels, with corresponding normal-
dose SPET images (i.e., 1/1 dose) serving as the ground truth. Both LPET
and SPET images are resized to 128 x 128 for input. The framework is
implemented in PyTorch and executed on an NVIDIA RTX 3090 GPU.
During training, data augmentation techniques—such as random crop-
ping and flipping—are applied to the input images. The initial learning
rate is set to 1 x 10~% and decays by a factor of 0.8 every 5000 iterations.
Furthermore, the 2D-DWT-IDWT module is configured with a transfor-

mation scale of 2.
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5.3.2 Evaluation Metrics

In this section, we briefly summarize the evaluation metrics used to as-
sess the reconstruction quality of our method. As detailed in previous
chapters, we still employ PSNR, SSIM, and NMSE for quantitative eval-
uation, where higher PSNR and SSIM values and lower NMSE indicate
better performance. Inference time is measured as the average duration
required to generate a full 3D SPET image from whole-brain LPET slices.
For brevity, we refer readers to Chapter 3 for a comprehensive descrip-

tion of these metrics.

5.3.3 Experimental Results

The quantitative performance of our proposed method, alongside vari-
ous baseline models, is summarized in Table 5.1 and Table 5.2. In our
evaluation, we compare our approach with the general diffusion-based
model DDPM [32], the GAN-based model Still-GAN [47], as well as
state-of-the-art PET reconstruction methods including CDM-GAN [29]
and PET-Unet [11]. These baselines were chosen primarily because their
publicly available code facilitates reproducibility.

It is important to note that these baseline models are optimized for
single-dose reconstruction. Since the cross-dose reconstruction problem
has not been extensively explored in prior work, we have selected SOTA
single-dose models as the comparison benchmark. If our cross-dose re-
construction results, particularly in the ultra-low-dose regime, consis-
tently outperform these models, it demonstrates the overall superiority
of our approach in handling diverse dose levels.

Table 5.1 presents the comparison results on ultra-low-dose data
(with our method trained and tested in a cross-dose setting), while Ta-
ble 5.2 reports the complete performance of our cross-dose reconstruc-
tion model.

Overall Quality  As shown in Table 5.1, the quantitative evaluation
reveals that although all baseline methods significantly enhance LPET
image quality, our proposed CWD-PET consistently outperforms them
across 1/20, 1/50, and 1/100 dose levels. It is noteworthy that while
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Table 5.1: Comparison of reconstruction at 1/20, 1/50, and 1/100 dose
levels (ultra-low dose regime) on the UDPET dataset. PSNR and SSIM
are reported in the table, and NMSE is scaled by x10~%.

1/100 dose 1/50 dose 1/20 dose Inference Time
Methods
PSNR SSIM NMSE |PSNR SSIM NMSE PSNR SSIM NMSE| (s/128 slices)
Low dose[59] 1546 046 2202 |21.70 0.70 2273 | 2272 077 4.02 -
2D-DDPM[32] 2268 076 727 |2586 0.86 562 |2611 092 327 268.00
3D-DDPM(cWDM)[18] | 25.16 0.85 14.10 | 2740 090 420 | 2881 093 6.10 108.05
Still-GAN[47] 2361 083 9.69 |2448 085 7.04 | 2563 090 3.96 26.12
CDM-GAN][29] 2395 084 1262 [2680 0.83 3.80 |28.84 091 3.12 25.24
Pet-Unet[11] 2330 081 843 [2433 084 629 |2793 091 2.60 2.02
CWD-PET(Ours) 26.98 0.89 3.60 |27.49 091 3.10 | 29.95 0.92 1.70 21.25

Table 5.2: Full quantitative results of CWD-PET on the UDPET dataset.
PSNR and SSIM are reported in the table, and NMSE is scaled by x10~4.

1/100 dose 1/50 dose 1/20 dose 1/10 dose 1/4 dose 1/2 dose

Methods
PSNR SSIM NMSE |[PSNR SSIM NMSE |PSNR SSIM NMSE | PSNR SSIM NMSE |PSNR SSIM NMSE|PSNR SSIM NMSE

Low dose[59] 1546 046 22,02 |21.70 070 2273 | 2272 077 402 |2432 082 260 |2636 085 089 |2850 0.89 1.80

CWD-PET (Ours) | 26.98 0.89 3.60 |2749 091 310 |29.95 092 170 |3035 0.93 0.90 |31.57 093 0.70 |32.80 0.95 0.50

the baseline models—such as CDM-GAN, PET-Unet, DDPM, and Still-
GAN—are individually optimized for single-dose reconstruction, our
cross-dose model is designed to generalize effectively across a range of
dose levels. For instance, at the 1/100 dose level, the LPET images ex-
hibit PSNR, SSIM, and NMSE values of 15.46, 0.46, and 22.02, respec-
tively; in contrast, CWD-PET improves these metrics to 26.98, 0.89, and
3.60. This represents a substantial enhancement over the second-best
performer, 3D-DDPM(cWDM), which achieves 25.16, 0.85, and 14.10.

Furthermore, while the general diffusion-based model 2D- and 3D-
DDPM outperforms the GAN-based StillGAN, both fall short compared
to the specialized single-dose reconstruction models. In contrast, our
CWD-PET framework, with its cross-dose design, not only delivers su-
perior performance in terms of high-frequency detail restoration and
spatial consistency but also demonstrates robust generalizability across
varying dose levels. These results underscore the efficacy of our ap-
proach in tackling the complexities of cross-dose LPET reconstruction,
setting a new benchmark even against methods optimized solely for
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single-dose scenarios.

Visual Comparison A visualization comparison of the 2D methods’
reconstruction results is given in Figure 5.5. As can be seen, the com-
parison results in the ultra-low dose regime clearly demonstrate that the
images reconstructed by our CWD-PET model are sharper and exhibit
richer details that closely resemble the ground truth. Our method’s ad-
vantages become even more pronounced at ultra-low dose levels. More-
over, the results presented in (b) further confirm that our cross-dose
reconstruction approach delivers effective and high-quality reconstruc-
tions across various dose levels. This qualitative evidence is consistent
with our quantitative analysis, thereby verifying the effectiveness of our

proposed strategies.

Inference Speed Beyond its superior reconstruction performance, our
CWD-PET model demonstrates remarkable efficiency during inference.
As shown in Table 5.1, the integration of the wavelet transform reduces
the inference time by nearly 10-fold—from 268 seconds per 128 slices
for 2D-DDPM to just 21.25 seconds per 128 slices (also 5 times less than
3D-DDPM with wavelet decompose transformation module). This infer-
ence speed outperforms that of GAN-based models and is second only
to Pet-Unet, which, despite its faster inference, produces significantly in-
ferior reconstruction quality. Moreover, with the addition of the Prompt
Embedding Fusion (PEF) module and our lightweight Refinement-Net
(RFN), our framework not only enhances reconstruction quality but also
maintains its fast inference speed. These results underscore the efficiency
and effectiveness of our proposed approach for cross-dose PET recon-

struction.

5.3.4 Ablation Study

We conducted ablation studies to evaluate the effectiveness of each com-
ponent in our proposed method, and the results are summarized in Ta-
ble 4.2. As shown in Row 2, when employing the base model with the
DWT-IDWT module and prompt embedding guidance (PEF) but with-
out the high-frequency loss term Ly for cross-dose reconstruction, the
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Figure 5.5: Qualitative Reconstruction Results of 2D methods. (a) Vi-
sual comparison of reconstructions across different dose levels: the top
row shows the full-slice view for each dose level, while the bottom row
provides a zoomed-in view of regions highlighted by red boxes in the
top row. (b) Reconstruction results of our cross-dose method across var-
ious dose levels: in each column, the top row displays the correspond-
ing low-dose PET image (with the last column representing the ground
truth), and the bottom row presents the reconstructed image, with dose
levels indicated above each column. These views clearly illustrate the
enhanced detail recovery and spatial consistency achieved by our ap-
proach.
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PSNR/SSIM values at dose levels of 1/100, 1/50, 1/20, 1/10, 1/4, and
1/2 are 26.26/0.86, 27.08/0.88, 27.99/0.89, 28.81/0.90, 29.66/0.92, and
30.43/0.93, respectively. When the high-frequency loss term is added
(Row 3), the performance improves to 26.55/0.87,27.42/0.90, 28.51/0.91,
29.53/0.92, 30.78/0.93, and 32.17/0.94. Furthermore, the incorporation
of the Spatial-Consistency Feature Extractor (SCFE) in Row 4 yields re-
sults of 26.63/0.87, 27.45/0.90, 28.59/0.91, 29.89/0.93, 30.89/0.93, and
32.25/0.94. When the Spatial-Consistency Attention (SCA) module is
further combined with SCFE (Row 6), the metrics improve further to
26.91/0.88,27.95/0.90, 28.89/0.92, 30.09/0.92, 31.07/0.93, and 32.35/0.93.
Notably, when using spatial consistency guidance (SCFE and SCA) with-
out the high-frequency loss term (Row 5), the performance is 26.50/0.87,
27.33/0.91, 28.56/0.92, 29.62/0.94, 31.09/0.95, and 32.34/0.94. Finally,
with the incorporation of the Refinement-Net (RFN), our full method
achieves its best results, with PSNR /SSIM values of 26.98/0.89,27.49/0.91,
29.95/0.92, 30.35/0.93, 31.57/0.93, and 32.80/0.95 at the corresponding
dose levels.

These results demonstrate that integrating all the components yields
the highest reconstruction performance in the cross-dose PET reconstruc-
tion task, thereby confirming that each module—ranging from the high-
frequency loss term to the spatial consistency and refinement mecha-
nisms—significantly contributes to the overall effectiveness of our ap-
proach.

54 Summary

In this chapter, we extend our previously proposed fast wavelet-informed
diffusion model for PET reconstruction (WiD-PET) to address the more
advanced and clinically valuable task of cross-dose PET reconstruction.
Building upon the wavelet-informed diffusion architecture, we intro-
duce multi-modal guidance in the form of prompt information. By lever-
aging the CLIP tokenizer and encoder, we obtain prompt embeddings
that are effectively fused through a dedicated Prompt Embedding Fus-
ing (PEF) module, thereby enabling the prompt information to robustly
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Table 5.3: Results of ablation experiments on cross-dose levels from
the UDPET dataset. Columns C1-C7 denote the following compo-
nents:DDPM Base Model, Wavelet Transformation and HFE, SCFE,
SCA, HF loss, PEF, and RFN. PSNR and SSIM are reported in the ta-
ble, and NMSE is scaled by x10~%.

Components 1/100 dose 1/50 dose 1/20 dose 1/10 dose 1/4 dose 1/2 dose
C1|C2|C3|C4|C5|C6|C7|PSNR SSIM NMSE|PSNR SSIM NMSE|PSNR SSIM NMSE|PSNR SSIM NMSE | PSNR SSIM NMSE|PSNR SSIM NMSE
VAV |||V || 2626 086 440| 2708 088 370| 2799 089 290| 2881 090 250| 29.66 092  220| 3043 093 190
VIV ||V || 2655 087 410 2742 090 330 2851 091 270| 2953 092 230| 3078 093 1.90| 3217 094 160
VIV |V |v|-| 2663 087 410| 2745 090 330| 2859 091 240| 29.89 093 2.00| 3089 093 170| 3225 094 140
VIV V||| 265 08 432| 2733 091 3.71| 2856 092 211| 2962 094 173| 31.09 095 1.51| 3234 094 117
VIVIVI|VI|VI|Vv|-| 2691 08 360| 2795 090 340| 2889 092 200| 3009 092 120| 31.07 093 090| 3235 094 050
VIVIVIV|VIV|V] 2698 0.89 3.60| 2749 091 3.10| 29.95 0.92 1.72| 3035 0.93 0.90| 31.57 0.93 0.70| 328 0.95 0.50

guide the reconstruction process. In addition, we propose a Refinement-
Network (RFN) to further enhance the reconstruction quality after the in-
verse Wavelet Transform (IDWT), specifically improving the cross-dose

reconstruction results.

We conducted extensive experiments on the UDPET dataset, eval-
uating our method on LPET images acquired at various dose levels.
The experimental results demonstrate that our cross-dose reconstruction
model not only exhibits high efficiency but also achieves superior recon-
struction quality. In particular, our method outperforms state-of-the-art
single-dose optimized models in the ultra-low dose regime, and consis-
tently delivers excellent results across all dose levels. These findings ver-

ify the effectiveness and clinical potential of our proposed approach.
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Conclusion and Future Work

6.1 Conclusion

PET imaging plays a crucial role in clinical diagnostics and treatment
planning, offering invaluable insights into human metabolism. While
leveraging lower doses of radiotracers helps to mitigate potential risks,
ensuring high-quality PET reconstruction remains of paramount impor-
tance. Over the years, numerous reconstruction approaches have been
proposed, beginning with traditional methods and evolving through the
deep learning (DL) era—where U-Net, GAN, and related models have
markedly improved reconstruction quality. More recently, approaches
based on diffusion models have emerged as a promising alternative in
image reconstruction, particularly in the medical imaging domain, due
to their inherent advantages such as stable training and high-fidelity out-
put.

Despite the advances achieved by traditional, Deep Learning-based,
and diffusion-based methods, several challenges persist. These include
the lack of spatial consistency in 2D reconstructions, insufficient recov-
ery of fine details, slow inference speeds, and the neglect of cross-dose
reconstruction scenarios. In response, this thesis has focused on address-

ing these critical issues.
Our contributions can be summarized as follows:

¢ We proposed a novel fast wavelet-informed diffusion model, termed
WiD-PET, which leverages 2D-DWT to decompose PET images
into low- and high-frequency components. The low-frequency parts
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are reconstructed via a diffusion-based denoising model guided by
spatial consistency modules (SCFE and SCA), while a specially de-
signed High-Frequency Enhancer (HFE) refines the high-frequency
components. These components are then reassembled using 2D-
IDWT to produce high-quality reconstructions with significantly

reduced inference time.

Building upon WiD-PET, we further introduced the cross-dose PET
reconstruction model, the CWD-PET framework, to tackle the ad-
vanced task of cross-dose PET reconstruction. This extension in-
corporates multi-modal guidance by integrating prompt informa-
tion—extracted using CLIP’s tokenizer and encoder—and fusing it
through a novel Prompt Embedding Fusion (PEF) module within
the denoising model. Moreover, a lightweight Refinement Net-
work (REN) is applied post-IDWT to further enhance reconstruc-
tion quality, ensuring robust performance across a wide range of
LPET dose levels.

Extensive experiments on a low-dose PET dataset validate the ef-
fectiveness and efficiency of our approach. Our results demon-
strate that, even when compared to state-of-the-art models opti-
mized for single-dose reconstruction, our cross-dose model achieves
superior reconstruction quality, particularly in the regimes of ultra-

low dose, while maintaining a high level of efficiency.

Overall, this thesis establishes a new benchmark for PET image re-

construction by effectively addressing key challenges and paving the

way for further advancements in cross-dose and multimodal reconstruc-

tion techniques.

6.2 Future Work

There are two promising research directions for future work.

The first is to incrementally improve cross-dose reconstruction. In

this thesis, we have explored the cross-dose PET reconstruction scenario

by incorporating prompt guidance to provide additional information. In
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practice, different LPET dose levels exhibit inherent correlations; there-
fore, establishing a reconstruction process that begins with the lowest
dose level and progressively transitions to higher or multiple dose lev-
els—eventually recovering the SPET image—could better exploit these
inter-dose relationships. Moreover, integrating the intrinsic properties
of diffusion models with dose-level information (e.g., using dose levels
as guidance in the iterative denoising process) may further enhance re-
construction performance. This progressive or staged enhancement of
cross-dose reconstruction remains an underexplored yet clinically valu-

able area.

The second direction focuses on achieving high-efficiency full 3D
diffusion-based PET reconstruction. Current diffusion networks require
many denoising steps, and when applied to high-resolution 3D data,
they incur substantial computational costs and significantly prolong in-
ference times. Addressing this efficiency challenge is critical; future work
may involve designing architectures that reduce the dimensionality of
3D inputs, developing robust low-dimensional representations for high-
dimensional image features, or inventing novel diffusion strategies that
accelerate the denoising process. Such advancements could make 3D
diffusion-based PET reconstruction not only feasible but also highly effi-

cient for clinical applications.

In conclusion, given the crucial role of high-quality SPET images in
clinical practice and the imperative to reduce patients” exposure to radio-
tracers, the task of reconstructing high-quality SPET images from LPET
inputs will remain a focal research area. We believe that, with the con-
tinued evolution of new algorithms, models, and techniques, this field
will continue to progress robustly, leading to the development of even
more effective reconstruction methods and inspiring further research di-

rections.
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6.3 Broader Potential of Image Denoising Tech-

niques

Image denoising techniques, including classical methods as well as ad-
vanced deep learning approaches such as diffusion models, aim to en-
hance image quality by mitigating noise introduced through environ-
mental or technical factors. While this thesis primarily focuses on PET
image reconstruction, these denoising methodologies have broad appli-
cability across various domains, including other medical imaging modal-
ities, specialized industrial imaging, general natural image processing,

and diverse media formats.

Looking ahead, there is significant potential to extend and adapt
denoising algorithms beyond medical imaging. For example, in natural
image processing, denoising techniques have been successfully applied
to enhance visual quality in photography, videography, and broadcast-
ing media. Algorithm-driven denoising devices, particularly those lever-
aging deep learning, offer promising directions for portable and cost-
effective image enhancement solutions. Furthermore, there is a growing
demand for refined denoising methods that align with human percep-
tual needs in entertainment and multimedia industries, where improv-

ing image quality in a visually coherent manner is critical.

Overall, the continuous advancement of denoising techniques, espe-
cially diffusion-based methods capable of not only suppressing noise but
also generating realistic image details through a learned denoising pro-
cess, holds great promise for improving both clinical imaging outcomes
and a wide array of visual media applications. These developments are
expected to drive further research and innovation in image restoration

and synthesis.
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