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ABSTRACT

The fusion of Positron Emission Tomography (PET) and Computed Tomography (CT) has
significantly advanced cancer imaging by combining metabolic and anatomical information,
enhancing diagnosis, staging, and treatment monitoring. However, the widespread use of PET/CT
systems is limited by the scarcity of PET scanners and the reliance on radioactive tracers. To
address this, 3D image-to-image translation has emerged as a promising solution for generating
synthetic PET images from CT scans. Existing generative methods based on Generative
Adversarial Networks (GANSs) face challenges such as instability and stochastic outputs that lack
precision for reliable 3D CT-to-PET translation. We propose RegC2P, a novel approach that
integrates a registration module into a GAN-based framework to generate accurately aligned 3D
PET images from CT scans. RegC2P transforms the problem into a slice-by-slice 2D image-to-
image translation task, where individual 2D CT slices are translated into PET slices and then
stacked into a 3D PET volume. Misaligned 2D PET slices are treated as noisy labels, and the
generator is trained with an additional registration network to adaptively correct the
misalignment, optimizing both the translation and registration tasks simultaneously. To ensure
smoothness and consistency across generated PET slices throughout the entire volume, we
introduce a 3D U-Net refinement network. Extensive experiments on large datasets demonstrate
that RegC2P outperforms state-of-the-art methods, achieving a 10.16% reduction in MAE, a
0.96% improvement in SSIM, and a 3.6% increase in PSNR, setting a new benchmark for the
quality of synthesized 3D PET images.
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1. INTRODUCTION

The combination of PET and CT imaging has transformed cancer diagnosis and treatment
strategies. PET scans reveal the metabolic and functional characteristics of tissues, whereas CT
scans deliver detailed anatomical imaging. Together, these techniques provide a synergistic
approach, allowing clinicians to precisely locate tumors, assess cancer stages, and evaluate the
effectiveness of treatments. This synergy enhances diagnostic confidence and enables more
targeted therapeutic strategies, ultimately improving patient outcomes in oncology [1]. Despite
these benefits, widespread adoption of PET/CT systems is constrained by factors such as the need
for radioactive materials, high operational costs, and the limited availability of PET scanners
compared to the more common CT scanners [2]. Consequently, image synthesis techniques offer
a promising solution by generating images for missing modalities, facilitating comprehensive
multimodal image fusion analyses.

The CT-to-PET (CT2PET) translation task is a specific challenge within the broader domain of
Image-to-Image (I21) translation. Generative Adversarial Networks (GANS) [3], have emerged as
the dominant approach for this task. Pix2Pix [4] introduced a generator-discriminator framework
that minimizes reconstruction and adversarial losses, paving the way for models like CycleGAN
[5] and SelectionGAN [6]. Despite their ability to generate synthetic images that closely resemble
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real ones, GANs often need to be more stable and highly sensitive to training hyperparameters,
which limits their reliability. To address these limitations, many studies have been directed toward
adapting 121 translation techniques to medical imaging challenges, as demonstrated by recent
studies [7-10]. Despite significant advancements, several challenges persist: (1) much of the
existing research has concentrated on translating between similar modalities, such as MRI T1-to-
MRI T2 or CBCT-to-CT, while translating between fundamentally different modalities, such as
CT2PET, remains a complex and unresolved problem; (2) while generative model-based
approaches have shown promise in generating images consistent with the target domain’s
distribution, their reliance on source image guidance often falls short due to intrinsic randomness
in outputs, resulting in varying image quality.

In this study, we address the critical yet often underexplored task of CT2PET translation, aimed
at improving diagnostic accuracy in oncology. Through a comprehensive review of the existing
literature, we identify two primary challenges in CT2PET translation: (a) achieving accurate
anatomical alignment between the two modalities, and (b) ensuring consistency across modalities
to effectively capture relevant structural information. To address these challenges, we propose a
novel method, referred to as Registration-enhanced CT-to-PET (RegC2P). The central concept of
RegC2P involves reducing the 3D CT2PET translation problem to a slice-by-slice 2D CT2PET
translation task. The individual 2D PET slices generated are subsequently stacked to form a 3D
volume. In RegC2P, misaligned PET slices are treated as noisy labels, framing the problem as
supervised learning with noisy labels. Additionally, to ensure smoothness and consistency across
the entire volume, we integrate a 3D U-Net refinement network to refine the generated slices. By
integrating these targeted strategies, RegC2P effectively mitigates the limitations highlighted in
prior studies, providing a robust and precise framework for advancing 3D CT2PET translation.

The main contributions of this paper include:

» We introduce RegC2P, a GAN-based model that incorporates a registration technique to
address the challenging task of synthesizing misaligned PET images from CT inputs. This task is
particularly difficult due to the inherent differences in anatomical structure and functional
information between the CT and PET modalities. To the best of our knowledge, RegC2P is the
first model to utilize GANSs to tackle these cross-modality challenges in the context of 3D imaging.

*» To enhance the quality and diagnostic relevance of the generated PET images, we introduce
a novel use of a registration regularization component that aligns PET outputs with CT inputs,
reducing spatial misalignment and enhancing structural coherence across modalities. Furthermore,
we incorporate a 3D U-Net refinement network to ensure smooth transitions and consistency
between adjacent PET slices, maintaining anatomical integrity throughout the entire volume. This
combination of registration-based alignment and refinement enhances both the accuracy and the
clinical applicability of the synthesized PET images, making RegC2P a promising tool for
improving diagnostic precision in oncology.

* We introduce the 3D PET/CT dataset, which comprise 1,000 paired 3D CT-PET images. The
dataset is carefully curated to facilitate the development and evaluation of advanced medical image
translation techniques, offering a valuable resource for the research community.

* We conduct comprehensive experiments to evaluate the performance of RegC2P against state-0f-
the-art image translation methods, using the proposed dataset. The results show that RegC2P surpasses
previous methods in PET image quality, achieving a 15.5% lower MAE, 1.2% higher SSIM, and 0.4%
higher PSNR compared to the best-performing benchmark models across both datasets.

2. RELATED WORK

121 translation has been widely studied in medical imaging, particularly for generating synthetic
images between different modalities. GANs have dominated the field, with two primary approaches:
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supervised and unsupervised methods. Supervised methods such as Pix2Pix [4] require paired and
well-aligned datasets, which are often challenging to obtain due to respiratory motion or anatomical
changes between scans. Unsupervised approaches like CycleGAN [5] overcome this limitation by
learning from unpaired data but often fail to achieve optimal performance. RegGAN [10] was
introduced to address the limitations of these approaches by treating misaligned target images as
noisy labels. To achieve this, RegGAN integrates a registration network into the generator, enabling
it to adaptively correct the misalignment during training. By jointly optimizing the translation and
registration tasks, RegGAN achieves robust performance on both aligned and misaligned datasets.
However, RegGAN operates exclusively on 2D images, which limits its ability to ensure spatial
consistency when extended to 3D medical imaging.

More recently, diffusion models have emerged as state-of-the-art generative techniques,
offering superior performance for medical image generation tasks. CPDM [11] is one of the first
works to utilize diffusion models for CT2PET translation. CPDM introduces two conditional
maps-an Attention Map and an Attenuation Map-to guide the diffusion process, focusing on
regions of clinical importance and improving diagnostic accuracy. While CPDM demonstrates
impressive results in generating 2D PET images, its extension to 3D remains computationally
challenging and has not been addressed in their work. To overcome the inherent inconsistencies
between slices in 3D imaging, DDPET-3D [12] introduces a dose-aware diffusion model for 3D
low-dose PET imaging. Unlike earlier methods, DDPET-3D explicitly tackles the issue of inter-
slice inconsistencies by reconstructing 3D image volumes while accounting for multiple noise
levels. However, DDPET-3D primarily focuses on denoising low-dose PET images rather than
addressing the CT-to-PET synthesis problem, leaving a gap in the field of 3D modality translation.
Despite significant progress, existing methods still face challenges when extended to 3D medical
imaging. Directly stacking 2D slices into a 3D volume often results in discontinuities along the z-
axis, reducing the overall spatial consistency and diagnostic value of the generated images. Both
RegGAN and CPDM, while effective in the 2D space, do not address this limitation. On the other
hand, DDPET-3D improves inter-slice consistency but is not designed for CT-to-PET translation.

In this work, we address these limitations by proposing RegC2P, a GAN-based framework that
integrates a registration module to adaptively align PET slices with CT inputs. Unlike prior 2D
methods, RegC2P generates spatially consistent 3D PET volumes by performing slice-by-slice
translation while refining the results using a 3D U-Net-based network. This enables our method to
produce high-quality, diagnostically relevant 3D PET images, overcoming the challenges posed
by inter-slice inconsistencies and misaligned data.

3. PROBLEM AND METHODOLOGY

3.1. Problem definition

In PET/CT imaging systems, synthesizing PET images from CT images is crucial for effective
diagnosis and treatment planning, as PET images highlight regions with high Standardized Uptake
Values (SUVs), which indicate metabolic activity and are essential for identifying pathologies such
as cancer. The CT2PET translation task addresses this issue and falls under the category of 3D 121
translation. However, modeling and computing the transformation between a 3D CT volume and
a 3D PET volume require significant processing resources and complexity. Therefore, we propose
reducing the 3D CT2PET problem to a slice-by-slice 2D CT2PET task, where the generated 2D
slices are stacked to form a 3D volume. Traditional 2D 121 methods often struggle with maintaining
structural fidelity and accurately capturing high-SUV regions, which can lead to less reliable
diagnostic outcomes. Additionally, misregistration between CT and PET images further
complicates this process, potentially resulting in misleading outputs.

To address these challenges, we aim to develop a mapping function fgen that transforms a CT
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slice SCT into a synthetic PET slice SPET, satisfying the following condition:

fgen(SCT) = SPET, 1

with a focus on preserving anatomical structure and accurately representing high-SUV regions.
This objective can be formulated using the following loss function:

L =|| fgen(SCT)—SPET p, )

where || fgen(SCT)—SPET]| p enforces structural fidelity and accurate representation of SUV
regions by minimizing the Lp-norm of the difference between the synthesized PET slice and the
target PET slice. The parameter p is commonly set to either 1 (L1-norm) or 2 (L2-norm).

Inspired by [10], to further address the challenge of misregistration between CT and PET slices,
we propose incorporating a regularization technique into the training process of a GAN-based
model. This regularization aims to mitigate the impact of spatial misalignments. Our overview
architecture is presented in figure 1.

3D CTvolume

/2D generated PET slice ' 3D generated PET volume 3D refined PET volume

Slice stacking

Generator G G(X Registration R

E Correction loss
[DELLECL M- - - - = Adv loss ,
i

I
Slice-by-slice CT2PET translation e e e o e e o e T e e '

2D CTslice

Figure 1. RegC2P overview architecture.
3.2. Registration regularization

Inthis study, we address the challenge of misaligned PET slices in CT2PET translation by treating
them as noisy labels. Consequently, the CT2PET translation task is formulated as a supervised
learning problem with noisy labels. Specifically, we are given a training dataset {(x,, 7,)}¥=1,
where x,, denotes a CT slice, and i, represents the corresponding misaligned PET slice. We
assume y, is the well-aligned PET slice (correct label) for x,,, which remains unknown in real-
world scenarios.

Our objegtive is to train a generator G using the noisy dataset {(x,, 7,)}5-, such that its
performance approximates that of a generator trained on the clean dataset {(x,,, v,,)}=. To achieve
this, we adopt a loss-correction approach inspired by previous works [10]. The loss function is
formulated as a log-likelihood to account for label noise, defined as:

L(G,R) = — ZTI\II=1 log (0T |yn; R)p(Fnlxn; 6)) = — 211\1,=1 log (p(Fn|xn; R, G)), ()
where R is a registration network that explicitly models the label noise as part of the network
architecture. Here, the correct label y, is treated as a latent random variable, enabling the model to
learn the well-aligned PET distribution while accounting for noise in the training labels. The noise
distribution in this problem can be modeled as a displacement error expressed as y = y o D, where
D is a random deformation field that introduces spatial misalignment. To address this issue, we
employ a registration network R after the generator G, which acts as a label noise model to correct
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the results. The correction loss is defined as:
r(r}lll{l LCorr(G;R) = Ex,y[”y - G(x)o R(G(x);y)“l]v (4)

where R(G(x),y) is the deformation field, and o denotes the resampling operation. The
registration network R is implemented using a U-Net architecture [13]. To ensure smoothness in
the deformation field R, we incorporate a smoothness loss, defined as:

mri{nLSmooth(R) = Ex,?[”VR(G(x)ry)”z]’ (5)
where VR represents the gradient of the deformation field, penalizing abrupt changes and enforcing
smooth deformations. Additionally, we include the adversarial loss L, 4, t0 encourage realistic

PET-like outputs in the GAN-based architecture. The overall objective combines the correction
loss, smoothness loss, and adversarial loss, expressed as:

Héifl{l mgx LSmooth (G, R' D) = LCorr + LAdv + LSmooth’ (6)

This formulation ensures that the generator G produces well-aligned PET slices while
simultaneously addressing the effects of spatial misalignment and label noise through the
registration network R and adversarial training.

3.3. 3D refinement network

After obtaining the generated 2D PET slices from the proposed GAN-based architecture in the
previous section, we stack them to form a 3D PET volume. However, this stacking process
introduces issues related to smoothness and consistency between consecutive slices, leading to
artifacts such as discontinuities along the patient’s body. These artifacts reduce the realism and
diagnostic value of the resulting 3D PET images. To address this, we propose a 3D refinement
network frs based on a 3D U-Net architecture.

The 3D refinement network fer takes as input a sub-volume Veerpred, consisting of s

consecutive predicted PET slices extracted from the set of stacked 2D PET slices. The network
outputs a corresponding refined sub-volume Veerrefined, as described in the following equation:

VPETrefined = fref (VPETpred), @)
where Veetrefined IS the refined version of s consecutive slices.

To balance computational complexity and output quality, we fine-tune the hyperparameter s
and evaluate the performance of the refined PET slices. Finally, to refine the entire 3D PET
volume obtained from the previous phase, we propose an iterative refinement algorithm that
processes sub-volumes of s consecutive slices, where each sub-volume is allowed to overlap
with adjacent ones using a specific offset. The overlapping slices are aggregated by taking their
average to ensure smooth transitions across slices, thereby improving the consistency and quality
of the final 3D PET volume.

4. RESULTS AND DISCUSSION

4.1. Dataset

We introduce the 3D PET/CT dataset, which comprise 1,000 paired 3D CT-PET images. The
dataset is meticulously assembled to support the advancement and assessment of cutting-edge
medical image translation methods, providing a significant resource for researchers in the field.
We then split the dataset into training, validation, and test sets using an 80:10:10 ratio, i.e., the
training set consists of 80% of the studies. Preprocessing steps include standardizing all image
pairs to a resolution of 256 x 256 x 1 and normalizing pixel values to the range of [-1, 1].
4.2. Results

In this section, we present both quantitative and qualitative evaluations of our proposed model
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against state-of-the-art methods for CT2PET translation. The performance is assessed using three
key metrics: Mean Absolute Error (MAE), Structural Similarity Index (SSIM), and Peak
Signal-to-Noise Ratio (PSNR). Table 1 summarizes the quantitative results.

Table 1. Performance comparison of CT2PET models.

Model | MAE | | SSIM 1| PSNR 1
RegGAN 336.66 | 0.9241 | 28.40
DDPET-3D 351.00 | 0.9227 | 28.27
CPDM 402.85 | 0.9046 | 27.16
RegC2P (non-overlap) 306.09 | 0.9317 29.32
RegC2P (overlap) 302.43 | 0.9330 29.42

Lower (|) MAE and higher (1) SSIM/PSNR indicate better performance. The best and second-
based results are highlighted by red and blue, respectively.

4.2.1. Quantitative results

Overall Performance: The proposed model, specifically the RegC2P (over-lap) variant,
exhibits superior performance across all evaluated metrics. It achieves the lowest MAE (302.43),
alongside the highest SSIM (0.9330) and highest PSNR (29.42), underscoring its efficacy in
generating high-quality PET images from CT inputs with remarkable accuracy and fidelity.

Impact of Overlapping Slices: The results highlight the significant benefits of incorporating
overlapping slices during iterative refinement, leading to marked improvements in model
performance across all evaluation metrics. Specifically, the inclusion of overlapping slices reduces
the MAE from 306.09 in the non-overlapping variant (RegC2P non-overlap) to 302.43 in the
overlapping version (RegC2P overlap), demonstrating enhanced accuracy in the generated PET
images. Additionally, the SSIM shows a noticeable increase, improving from 0.9317 to 0.9330,
reflecting better preservation of structural and textural fidelity. Furthermore, the PSNR exhibits a
slight yet meaningful rise, advancing from 29.32 to 29.42, indicating reduced noise and sharper
image quality. These results underscore the effectiveness of overlapping slice refinement in
improving both quantitative metrics and the perceptual quality of generated images.

4.2.2. Qualitative results

DDPET-3D RegGAN RegC2P (non-overlap) RegC2P (overlap) Ground Truth

D a4 o 9 o 9 a 9 & 9

Figure 2. Qualitative comparison of generated PET volumes. From left to right: DDPET-3D,
RegGAN, RegC2P (non-overlap), RegC2P (overlap) and ground truth PET.

To further evaluate the performance of our method, we provide visual comparisons of the
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generated PET volumes with the ground truth and results from baseline methods. Figure 1 shows
qualitative examples of PET slices generated by different models.

The RegC2P (overlap) model demonstrates a superior ability to generate PET slices that closely
align with the ground truth, characterized by smooth transitions and accurately preserved high-
SUV regions. In comparison to RegGAN and DDPET-3D, our model exhibits enhanced structural
coherence, with a significant reduction in artifacts and improved sharpness of fine details. While
the non-overlapping variant, RegC2P (non-overlap), produces images of commendable quality, it
displays minor boundary inconsistencies. These artifacts are effectively resolved through the
overlapping refinement process, highlighting the robustness of the proposed approach.

5. CONCLUSIONS

The experimental results, both quantitative and qualitative, clearly demonstrate the effectiveness
of our proposed method. Our model not only surpasses state-of-the-art baselines in terms of
accuracy and image quality but also produces visually consistent and diagnostically relevant PET
images. The overlapping slice refinement approach plays a crucial role in improving smoothness
and structural consistency in the synthesized 3D PET volumes.

To further elevate the performance of RegC2P, future research will explore the development of
hybrid models that integrate GAN with diffusion techniques. In particular, we aim to adopt the 12I
diffusion model as a baseline for generating 2D slices instead of GAN-based model. This approach
seeks to capitalize on the exceptional sharpness and realism provided by diffusion models, thereby
addressing existing limitations and advancing model capabilities. Furthermore, we substitute the
3D U-NET with a GAN-based refinement model to further elevate the fidelity and quality of the
synthesized 3D PET images. By leveraging the strengths of both approaches, we aim to achieve a
superior balance between the visual realism of synthesized images and their pixel-wise accuracy,
which is crucial for precise medical interpretation. These efforts are aligned with the overarching
goal of refining RegC2P into a highly reliable and clinically applicable tool for PET image
synthesis. Through these initiatives, RegC2P aspires to contribute meaningfully to the field of
medical imaging by providing innovative diagnostic tools that support better clinical decision-
making, improve patient outcomes, and drive advancements in healthcare technology.
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TOM TAT
RegC2P: Mot mé hinh sinh dnh 3D-PET tir 4anh 3D-CT dua trén GAN

S két hop giita phuong phap Chup cat lop phat xa Positron (PET) va Chup cat Iop vi
tinh (CT) la buoc tién quan trong trong linh vurc chén dodn ung thur bang cdch két hop thong
tin chuyén héa va gidi phdu, gitip cdi thién do chinh xdc trong chan dodn, phan giai doan
va theo déi diéu tri bénh. Tuy nhién, viéc irng dung réng rdi hé thong PET/CT van con han
ché do su khan hzem cua may quét PET va phuwong phdp chup PET phu thu¢c vao phong xa.
Pé khdc phuc van dé nay, bai todn dich danh 3D néi lén nhw mét gidai phép tiém ndng nham
tao ra anh PET tong hop tir anh CT. Tuy nhién, cdc phirong phdp sinh anh hién co dya trén
Mang sinh doi nghich (GANs) gap phai nhitng thach thirc nhu sy bat 6n dinh va ngdu nhién
trong két qua sinh, khién qud trinh chuyén doi CT sang PET trong khong gian 3D chwa dat
dirge 6 chinh xdc mong muon. Chiing téi dé xudt RegC2P, mét phirong phép méi tich hop
mO-dun dang ky anh vdo kién triic GAN dé tao ra anh PET 3D diwoc can chinh chinh xdc tir
danh CT. RegC2P tiép cdn bai todn nay theo hiong dich anh 2D theo timg ldt cdt, trong do,
moi lat cat CT 2D dwoc chuyén doi thanh ldt cdt PET 2D twong tng, sau dé xép chong dé
tao thanh anh PET 3D. Cac lat cdt PET 2D bi cin chinh léch duoc xem nhw nhéin nhiéu, va
mang sinh anh ciia RegC2P dwoc hudn luyén két hop véi mang dang ky dé tr dong hiéu
chinh sai léch, t6i vu héa d(;ng thoi cad hai nhiém vu dich anh va can chinh dnh. Mat khac,
dé dam bdo dé muot va tinh nhat quan gitra cac lat PET 2D dwoc sinh ra trong toan bo khoi
anh 3D, chung t6i dé xudt mot mang tinh chinh 3D U-Net. Cdc thi nghiém trén tdp dir liéu
I6m cho thdy RegC2P vuot tréi hon cdc phwong phdp tién tién hién nay, dat giam 10.16%
MAE, tang 0.96% SSIM va tang 3.6% PSNR, tir d6 thiét ldp mét tiéu chudn mdi vé chat
lwong dnh PET 3D tong hop tir mé hinh Hoc sdu.

Tir khéa: Dich anh 3D; Chup xa hinh 3D PET/CT; Chuyén anh CT sang PET; GAN; U-Net.
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