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ABSTRACT

Myocardial perfusion imaging (MPI) using single-photon emission computed tomography
(SPECT) is a critical tool for diagnosing coronary artery disease, but it is often affected by signal
degradation due to soft tissue attenuation. In this study, we utilize a publicly available SPECT
MPI dataset to establish a benchmark for the task of attenuation correction (AC) by reconstructing
AC images from non-attenuation corrected (NC) inputs in a 2D slice-to-slice manner. We
implement and compare the performance of several advanced generative models, including
generative adversarial networks (GANs) and diffusion models. These models are trained on both
general-domain and medical-domain data to evaluate their reconstruction capabilities. The results
show that modern deep learning approaches can effectively generate high-quality AC images,
demonstrating promising potential for integration into computer-aided diagnosis (CAD) systems
for SPECT MPI.

Keywords: Single-photon emission computed tomography; Myocardial perfusion imaging; Computer-aided diagnosis;
Generative adversarial network; Diffusion model.

1. INTRODUCTION

The identification of coronary artery disease (CAD) remains a cornerstone of cardiovascular
care, with myocardial perfusion imaging (MPI) via SPECT serving as one of the most commonly
applied non-invasive diagnostic techniques. Nevertheless, the diagnostic reliability of SPECT MPI
is frequently compromised by attenuation artifacts, which arise from heterogeneous soft tissue
absorption. Such effects are particularly pronounced in women (due to breast tissue), men (due to
diaphragmatic interference), and patients with elevated body mass index, ultimately lowering
clinical accuracy. The most established strategy to mitigate this issue involves hybrid SPECT/CT
systems, where CT-derived attenuation maps are employed for attenuation correction (AC).
Although effective, this solution entails increased financial burden, greater infrastructural
demands, longer acquisition times, and additional radiation exposure—factors that hinder
widespread adoption in many healthcare environments.

In recent years, deep learning has emerged as a promising alternative for attenuation correction,
with generative frameworks such as GANs and diffusion models enabling direct generation of AC-
equivalent images from NC inputs, thus reducing reliance on CT. While encouraging results have
been reported, large-scale validations of robustness and clinical applicability remain limited.
Several strategies have been proposed to enhance SPECT myocardial perfusion imaging. Liu et al.
[1] introduced a post-reconstruction correction framework using deep learning—generated
attenuation maps, improving quantitative accuracy for SPECT-only systems; Chen et al. [2]
presented DuDoSS, a dual-domain sinogram synthesis method for reconstructing full-view
projections from sparse data, enabling faster acquisitions with preserved quality; and Liu et al. [3]
employed noise-to-noise training with a coupled U-Net, achieving superior denoising and
improved perfusion defect detection over Gaussian smoothing. Despite these advances, clinical
translation is still constrained by limited dataset diversity, scanner generalizability, and model
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interpretability, underscoring the need for more robust and adaptable approaches. In this work, we
utilize a publicly available, standardized SPECT MPI dataset that has been employed in prior
investigations [4-6] to perform an extensive benchmarking study on slice-wise NC-to-AC
translation. We implement and evaluate several state-of-the-art generative models for image-to-
image translation, encompassing both general-purpose architectures and those tailored to the
medical imaging domain. Our quantitative and qualitative analyses demonstrate the strong
capability of deep learning-based approaches to address attenuation artifacts in SPECT MPI and
provide a solid foundation for future CAD research.

2. RELATED WORK

The reconstruction of attenuation-corrected (AC) images from non-corrected (NC) SPECT data
has strong clinical potential. Advances in generative models for image-to-image translation have
produced two main research directions: (i) models developed on general-domain datasets, forming
the basis of modern architectures, and (ii) specialized approaches in medical imaging. In natural
image translation, Pix2Pix [7] pioneered conditional GANs with paired data, followed by CycleGAN
[8] and UNIT [9] for unpaired settings. More recently, diffusion models such as DDPM [4], Palette
[6], and Latent Diffusion Models (LDM) [5] demonstrated stable training and high-fidelity outputs,
while BBDM [10] introduced bidirectional diffusion for direct domain mapping without paired data.
Despite impressive results, these models are still largely restricted to natural images.

In medical imaging, GAN-based methods like MedGAN [11] and RegGAN [12] have shown
promise in PET-to-CT, CT-to-MRI, and related translation tasks, with RegGAN incorporating
registration for improved realism. Diffusion-based methods are emerging, such as CPDM [15],
which performs CT-to-PET translation guided by attention and attenuation maps. While these
approaches achieve encouraging results, limitations remain in their dependence on paired datasets
and challenges in producing clinically reliable, diagnostically accurate reconstructions.

3. PROBLEM

3.1. Theoretical foundation

Attenuation correction addresses artifacts in medical imaging caused by non-uniform
absorption of radioactive photons in soft tissues, which in SPECT MPI for coronary artery disease
can compromise image quality and diagnostic accuracy, particularly near the diaphragm, breast
tissue, or in certain patients. The task aims to reconstruct attenuation-corrected (AC) images from
non-corrected (NC) inputs, improving clarity and reliability without requiring additional CT
hardware. Existing methods fall into two categories: traditional iterative reconstruction (IR-based)
approaches and deep learning-based methods, the latter dominated by GAN- and diffusion-based
frameworks. In this study, we focus on the deep learning paradigm and introduce a comprehensive
benchmark to evaluate state-of-the-art generative models for attenuation correction.

3.2. GAN-based Models

GAN-based models form a powerful framework for image generation by establishing a min-
max game between two competing networks with opposing objectives. This architecture comprises
two main components: a generator (G) and a discriminator (D). In the context of attenuation
correction, generator G aims to learn the data distribution that maps non-attenuation corrected
images Iy to attenuation-corrected images I4.-. These two networks are trained simultaneously:
the discriminator seeks to maximize its ability to distinguish real images from those generated by
G, while the generator attempts to produce synthetic images that are indistinguishable from real
ones. The standard objective function for GAN-based models is defined in equation 1.

Leay = EllogD(Use)] + E [log (1= D(GUne)))] (1)
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Several representative image-to-image translation models are included in our benchmark. In the
general domain, Pix2Pix [4], CycleGAN [5], and UNIT [8] are selected, representing supervised,
unsupervised, and hybrid translation paradigms. For medical imaging, MedGAN [6] and RegGAN
[9] are considered due to their effectiveness in cross-modality translation (e.g., MRI < CT, PET
> MRI) and image enhancement tasks, where they have demonstrated the ability to generate high-
quality synthetic images that preserve structural fidelity and support diagnostic performance.

3.3. Diffusion-based models

Diffusion-based models simulate a forward noise process and learn to reverse it for data
generation. Foundational methods such as DDPM [4] and score-based models have shown strong
performance in high-fidelity synthesis. Building on this, the Brownian Bridge Diffusion Model
(BBDM) [10] leverages the Brownian Bridge process to achieve effective image-to-image
translation conditioned on input images.

3.3.1. Forward process (Brownian Bridge)

The forward process employed here is modeled as a Brownian Bridge, which interpolates
between the target image x, := I, we perform a diffusion process toward the source image (non-
corrected image) y = Iy over T step. At step t, the intermediate state x, is computed as follows
in equation 2. At each diffusion step t €{1,...,T}, the intermediate latent variable x; is constructed
as a convex combination of x, and y, with added Gaussian noise, shows in equation 2.

xe = (1 —m)xo +myy + /6,6 (2)
where m; = %, T is the total number of diffusion steps, 6; is the variance at step tand €, ~ N(0, 1).
Thus, the forward process is defined as:

qsp (X¢lx0, ) = N(x¢; (1 —me)xo + mey, 6.1) (3)
which corresponds to a Brownian Bridge with fixed endpoints x, and y. This design enables
smooth, controllable interpolation in the latent space, providing a structured forward process that
guides reverse generation or reconstruction. Accordingly, the marginal distribution of x; ,
conditioned on both endpoints, is given by:

1 - mt
1-m;_,
8e-1(1-mp)?

(1-my_1)?
to conditioning on the previous state and reflects the structure of the Brownian Bridge, where
variance shrinks as the trajectory is anchored at both endpoints. This conditional variance plays a
key role in defining the forward transition kernel and informs the design of the reverse denoising
process during training and inference.

1-m
t1 mt—l)y' 5t|t—11) 4)

xt_1+<mt_1_m
t—

qpp (X¢lxe—1,y) = N(xt;

where v6i 6¢jp_1 = 6 — . This expression accounts for the decrease in uncertainty due

3.3.2. The reverse process

The reverse process is designed to gradually reconstruct the target image from a noisy latent
representation x; = 7y, starting from the source image. It begins by setting the initial latent variable
at the final timestep equal to the source image, which serves as the starting condition. From this
point, the model iteratively moves backward through the diffusion steps, progressively denoising
the image. At each timestep, the model assumes that the latent variable follows a conditional
Gaussian distribution pg(x,_1|xe, ) = N(x¢_1; o (X, t), 8.1, where the mean pg(x,,t) is
predicted by a neural network that takes the current latent state and the timestep as input. This
predicted mean reflects the model’s estimate of the clean image content at that step. The variance
8, at each step is predefined and controls the level of stochasticity during the denoising process.

3.3.3. Training objective

The training process is carried out by minimizing the Evidence Lower Bound (ELBO), which
provides a variational approximation to the true data likelihood. The ELBO is formulated as:
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ELBO = — Eq(DKL(qBB(lexOJy)l|p(xT|J/))
T

+ Z Di(qp5 (*e-11%e %0, )| |[po Cee—1l %, ¥)) — log Po(xo|x1,y))

t=2

The training objective minimizes the Evidence Lower Bound (ELBO), balancing alignment of
latent representations with a prior, consistency between forward and reverse transitions, and
accurate reconstruction of target images. Through this optimization, the model learns a
probabilistic reverse process that transforms non-attenuation-corrected images into attenuation-
corrected counterparts, guided by both the structural prior and paired supervision.

3.3.4. Sampling process

In this study, the fast sampling strategy of DDIM is employed to accelerate inference by
reducing diffusion steps while preserving consistency with the original distribution. Following the
CPDM design [12] is adopted in the context of image translation from non-attenuation-corrected
images Iy to attenuation-corrected images 4.

4. RESULTS AND DISCUSSION

4.1. Dataset

The dataset was constructed by the research team at the Department of Nuclear Medicine, 108
Military Central Hospital, and comprises 203 myocardial perfusion SPECT cases. The data were
collected from routine clinical practice, reviewed by multiple board-certified nuclear medicine
physicians, and served as the basis for treatment decision-making. The study was conducted with
formal approval from the Department of Nuclear Medicine, ensuring compliance with ethical
standards and patient data confidentiality regulations.

Each case in the dataset includes two phases (rest and stress) and two types of images: non-
attenuation-corrected SPECT (NC) and CT-based attenuation-corrected SPECT (CT-AC). The
data are oriented along three standard cardiac planes: short axis (SA), vertical long axis (VLA),
and horizontal long axis (HLA), each comprising 29 slices to capture detailed myocardial perfusion
distribution and left ventricular motion with clinically consistent resolution. This design supports
both quantitative and qualitative analysis, enabling comparison between NC and AC images, the
development of deep learning—based attenuation correction without CT, and evaluation of
diagnostic performance under real-world conditions. Figures 1 and 2 illustrate representative
reconstructions: CT-AC images (figure 1) allow high-resolution assessment of perfusion defects
and ventricular function, while NC images (figure 2) reflect raw perfusion data affected by
attenuation artifacts, underscoring both the value of correction and the interpretive challenges
posed by uncorrected scans.
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Figure 1. CT-AC SPECT images visualized in three standard cardiac planes.
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4.2. Evaluation criteria

In this study, three evaluation metrics: SSIM, PSNR, and RMSE are calculated for model
evaluation. The Structural Similarity Index Measure (SSIM) quantifies the structural similarity
between reference and reconstructed images, capturing perceptual fidelity in terms of human visual
perception. Peak Signal-to-Noise Ratio (PSNR) evaluates the ratio between the maximum possible
signal and the noise present in the reconstruction, serving as an indicator of sharpness and
distortion level - higher PSNR values indicate closer similarity to the ground truth. Root Mean
Square Error (RMSE) measures the average squared difference between corresponding pixel
values, with lower RMSE values reflecting better reconstruction quality. All images used in the
evaluation were normalized to the pixel range of [-1,1].
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Figure 2. NC SPECT images displayed in three standard cardiac planes.
4.3. Experimental setup
4.3.1. Pix2Pix [7]

Trained with a UNet-256 [14] architecture for the generator and a PatchGAN 70x70
discriminator, implemented using PyTorch 1.4. The batch size was fixed to 1 to reduce variance
across mini-batches. Both networks were optimized using the Adam optimizer with a learning rate
of 0.0002 and B1=0.5 for a total of 70 epochs; the learning rate was kept constant for the first 50
epochs and linearly decayed to 0 over the remaining 20 epochs.

4.3.2. RegGAN [12]

Utilizes a generator based on UNet-256 [14] (8 down—up blocks, no skip connections)
combined with a PatchGAN 70x70 discriminator. The generator was regularized by a spatial
correspondence constraint RRR, which helps enforce consistency between the generated and
reference domains. The components were jointly optimized using the Adam optimizer with a
learning rate = 0.0001, B1=0.5, p2=0.999 weight-decay = 0.0004. The learning rate was kept
constant for the first 20 epochs of 80 total, and linearly decayed afterward.

4.3.3. BBDM [10] and CPDM [15]

VQGAN [13] was trained to encode 256x256 input images into a 32x32 latent space with 2
channels and embedding dimensions of 4. Multiple UNet denoisers were trained to predict the
spatial latent features. The denoisers were trained using Adam (Ir =1 x 107, 1 =0.9, weight decay
= 0) and ReduceLROnPlateau scheduler (factor 0.5, patience 3000 steps, min LR 5 x 1077). EMA
(decay 0.995) was also applied to all parameters, starting after 30,000 training steps.

4.3.4. UNIT [11]

Trained with batch size 1 using Adam optimizer with learning rate 1 x 107 (B1 = 0.5, B2 =
0.999) for 100,000 iterations, with a generator of 2 downsampling layers and 4 residual blocks,
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and an LSGAN-based PatchGAN discriminator. This setup captured both global and local features
while preserving high-frequency details for sharper outputs.

4.4. Results
Table 1. Quantitative results of attenuation-corrected image reconstruction.
Model ssiM 1 PSNR T RMSE |
Pix2Pix [7] 0.8170 29.69 0.1450
RegGAN [12] 0.8242 25.64 0.1278
UNIT [11] 0.8100 33.17 0.1300
CPDM [15] 0.8407 27.60 0.1285
BBDM [10] 0.8529 28.33 0.1177

We use bold and underlined text to denote the best and second-best scores, respectively.
1/| indicates higher/lower is better.

Table 1 summarizes the performance of the five models in reconstructing attenuation-corrected
images, evaluated using SSIM, PSNR, and RMSE with pixel values normalized to the range [-1,
1]. Among these, the diffusion-based models BBDM and CPDM outperform GAN-based models
in terms of SSIM and RMSE. Specifically, BBDM achieves the highest SSIM score (0.8529),
which is 3.5% higher than RegGAN, the best GAN-based model. It also attains the lowest RMSE
(0.1177), outperforming RegGAN by 7.9%.

CPDM, another diffusion-based model, achieves a high SSIM score (0.8407), 2.9% higher than
RegGAN, though with slightly lower PSNR, highlighting the strength of diffusion models in
preserving spatial structures and fine details through iterative denoising. In contrast, GAN-based
approaches such as Pix2Pix and RegGAN, while yielding higher PSNR (e.g., Pix2Pix at 29.69
dB), generally show lower SSIM and higher RMSE, reflecting reduced perceptual quality and
structural consistency. Notably, UNIT obtains the highest PSNR (33.17 dB), but in SSIM (0.8100)
and RMSE (0.1300), it even underperforms RegGAN, underscoring that high PSNR alone does
not guarantee superior image quality. These results illustrate the common over-smoothing
tendency of GANs, where pixel-wise accuracy comes at the cost of fine anatomical details,
whereas diffusion models better balance global and local consistency, ultimately offering superior
perceptual fidelity and stronger potential for clinical SPECT attenuation correction.

4.5. Discussion about potential improvement

Diffusion-based approaches outperform GANs in reconstruction quality and preservation of
structural details, while their stochastic denoising process enables uncertainty quantification via
confidence maps. When combined with interpretability techniques such as attention visualization
or saliency attribution, these models enhance transparency, reveal anatomical features guiding
correction, and strengthen clinical trust. To ensure robustness, however, broader validation is
required across multiple scanners, acquisition protocols, noise levels, and radiotracer doses. Future
work should integrate uncertainty estimation with interpretability into a unified framework,
complementing strong reconstruction performance with clinically actionable insights to support
safe and effective adoption of deep learning—based attenuation correction in CAD workflows.

5. CONCLUSIONS

This study introduced a comprehensive benchmark comparing GAN-based and diffusion-based
generative models for reconstructing attenuation-corrected myocardial perfusion SPECT images
from non-corrected inputs, with evaluations across SSIM, PSNR, and RMSE consistently
demonstrating the superior performance of diffusion models in preserving anatomical fidelity and
achieving higher perceptual and quantitative accuracy. These findings highlight the advantages of
iterative denoising mechanisms in medical image reconstruction and provide a reproducible
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foundation for future NC-to-AC methodologies. Moving forward, expanding the dataset to include
more diverse patient cohorts and acquisition conditions will be essential to strengthen robustness
and generalizability, while the exploration of more efficient diffusion-based architectures could
address current limitations in inference time without sacrificing reconstruction quality. In parallel,
incorporating uncertainty quantification and explainability frameworks will be critical to foster
clinical trust, and prospective validation under real-world conditions will ultimately determine the
feasibility of integrating NC-to-AC reconstruction directly into SPECT imaging workflows,
thereby reducing or eliminating reliance on CT-based attenuation correction.
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TOM TAT

Tai tao anh SPECT tim chuin héa suy giam bing mé hinh sinh hoc siu:
Hudng tiép cin hién dai va danh gia thuc nghiém

Chup xa hinh twéi mdu co tim (myocardial perfusion imaging - MPI) bang mdy chup
cat 16p phat xa don photon (single-photon emission computed tomography - SPECT) la cong
cu quan trong trong chdn dodn bénh déng mach vanh nhung thwong bi anh hieong béi suy
gidm tin hiéu do hdp thu mé mém. Trong nghién cieu nay, ching t6i sir dung bo dir liéu
SPECT MPI céng bé rong rdi dé xdy dwng bo benchmark danh gid bai todn tdi tao anh hiéu
chinh suy giam (attenuation correction - AC) tir dnh goc chwa hiéu chinh (non-attenuation
correction - NC) theo hudng 2D ldt cdt (slice-to-slice). Chiing téi trién khai va so sanh hiéu
qua nhiéu mé hinh sinh anh tién tién, bao gom mang sinh doi nghich (generative adversarial
network - GAN) va mé hinh khuéch tan (diffusion model). Cac mé hinh sinh dwoc thiét ké
dé hudn luyén trén mién dit liéu tong quat (general domain) lan mién y hoc (medical
domain). Két qua cho thdy cdc phwong phdp hoc sau hi¢n dai c6 thé tdi tao danh AC véi chdt
leong cao, mé ra tiém ndng vng dung thuec tién cho hé théng hé tro chan dodn bang mdy
tinh (computer-aided diagnosis - CAD) trén dit lieu SPECT MPI.

Tir khoa: Chup cit 16p phat xa don photon (SPECT); Xa hinh tu6i méu co tim (MPI); H3 tro chén doan bing may tinh
(CAD); Mang sinh d6i nghich (GAN); M6 hinh khuéch tan (Diffusion model).
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