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Abstract19

Background: Cardiac positron emission tomography (PET) can visualize and20

quantify the molecular and physiological pathways of cardiac function. However,21

cardiac and respiratory motion can introduce blurring that reduces PET image22

quality and quantitative accuracy. Dual cardiac- and respiratory-gated PET23

reconstruction can mitigate motion artifacts but increases noise as only a subset24

of data is used for each time frame of the cardiac cycle.25

Aim: The objective of this study is to create a zero-shot image denoising framework26

using a conditional generative adversarial networks (cGANs) for improving image27

quality and quantitative accuracy in non-gated and dual-gated cardiac PET28

images.29
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Methods: Our study included retrospective list mode data from 40 patients who30

underwent an 18F-fluorodeoxyglucose (18F-FDG) cardiac PET study. We initially31

trained and evaluated a 3D cGAN – known as Pix2Pix – on simulated non-gated32

low-count PET data paired with corresponding full-count target data, and then33

deployed the model on an unseen test set acquired on the same PET/CT system34

including both non-gated and dual-gated PET data.35

Results: Quantitative analysis demonstrated that the 3D Pix2Pix network archi-36

tecture achieved significantly (p-value<0.05) enhanced image quality and accuracy37

in both non-gated and gated cardiac PET images. At 5%, 10%, and 15% preserved38

count statistics, the model increased peak signal to noise ratio (PSNR) by 33.7%,39

21.2%, and 15.5%, structural similarity index (SSIM) by 7.1%, 3.3%, and 2.2%,40

and reduced mean absolute error (MAE) by 61.4%, 54.3%, and 49.7%, respec-41

tively. When tested on dual-gated PET data, the model consistently reduced42

noise, irrespective of cardiac/respiratory motion phases, while maintaining image43

resolution and accuracy. Significant improvements were observed across all gates,44

including a 34.7% increase in PSNR, a 7.8% improvement in SSIM, and a 60.3%45

reduction in MAE.46

Conclusion: The findings of this study indicate that dual-gated cardiac PET47

images, which often have post-reconstruction artifacts potentially affecting diag-48

nostic performance, can be effectively improved using a generative pretrained49

denoising network.50

Keywords: 18F-FDG PET, Cardiac PET, Cardiac Gating, Conditional GAN, Deep51

Learning, Dual-Gated PET, Respiratory Gating52

1 Introduction53

Cardiac positron emission tomography (PET) allows in vivo quantification of myocardial54

blood flow and metabolism [1]. However, the presence of cardiac and respiratory motion55

can degrade PET image quality by causing blurring, loss of detail, reduced contrast,56

and inaccurate quantitative measurements [2, 3]. Major sources of motion artifacts in57

cardiac PET include diaphragmatic displacement, cardiac contraction during elevated58

heart rates like stress tests, and sudden voluntary patient movement during a scan [3].59

Motion compensation techniques like cardiac-gated reconstruction [4] of the diastolic60

phase or respiratory gating [5, 6] have been applied, but can increase image noise61

per frame as less data is available per gate [7]. Dual cardiac-respiratory gating [8]62

can minimize both cardiac and respiratory motion and improve image contrast and63
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resolution synergistically, though at the cost of further amplifying noise due to the64

smaller subset of data per frame.65

Various post-reconstruction image denoising techniques such as Gaussian filtering,66

non-local mean filtering (NLM) [9, 10], anisotropic diffusion [11], and block-matching67

3D (BM3D) [12, 13] have been previously introduced. More recently, deep learning (DL)68

methods have gained popularity in molecular imaging, showing superior performance69

in tasks such as PET image reconstruction, segmentation, and denoising [14–18]. Deep70

learning models, including convolutional neural networks (CNNs) have been applied71

to denoise non-gated low dose PET images effectively [16]. Unsupervised denoising72

methods, such as Deep Image Prior, Noise2Noise (N2N), and Noise2Void (N2V), have73

also been explored for gated PET data [18–24]. However, dual-gated cardiac PET noise74

reduction using DL is compounded by the lack of high-dose and high-resolution targets75

for training the supervised models, while non-gated data inherently suffer from motion76

blurring targets. On the other hand, denoising methods must preserve the motion-77

frozen qualities of dual-gating images, including reduced blurring, improved resolution,78

and enhanced structural contrast. This trade-off between motion suppression and low79

signal-to-noise ratios poses a major challenge for gated cardiac PET imaging [25].80

To address these challenges, we propose the use of generative adversarial networks81

(GAN), specifically conditional GAN (cGAN) models [26], for denoising gated cardiac82

PET data. We explore the use of cGANs, inspired by the Pix2Pix architecture [26], for83

the post-reconstruction denoising of non-gated and dual-gated cardiac PET images.84

Previous work in the realm of cGAN-based cardiac PET/SPECT (single-photon85

emission computed tomography) denoising generally considered non-gated low-dose to86

high-dose image correction. For cardiac PET/SPECT specifically, cGAN models have87

been developed that can effectively reduce noise and improve image quality. Sun et88

al [27] proposed a standard Pix2Pix for myocardial perfusion SPECT denoising with89

low-dose scans ranging from 5-50% of the full dose scans. In a follow-up study, Sun et90
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al [28] examined the capability of the cGAN to reduce noise in myocardial perfusion91

SPECT images, comparing its performance when implemented in both the projection92

domain before reconstruction and the image domain after reconstruction. Guo et al93

[29] trained a temporally and anatomically aware GAN on cardiac rubidium-82 PET94

scans to convert early-to-late image frames in dynamic cardiac PET motion correction.95

While the majority of previous work on cGAN-based denoising has been in neurology96

and cancer [30–34], to our knowledge there have not been any studies using a cGAN97

model to enhance the quality and accuracy of gated cardiac PET data in image or98

projection domains. Therefore, in this study, we adopted a 3D Pix2Pix cGAN model99

on non-gated low dose cardiac PET data and subsequently, we applied the pre-trained100

generative denoising model to dual-gated cardiac PET data to assess its generalizability101

capabilities on gated reconstructions without requiring high-quality and motion-phase102

matched targets. To the best of our knowledge, this is the first study on denoising gated103

PET data using a generative pre-trained model using low-count non-gated data as input.104

The generated images from this model represent synthetically restored standard dose105

PET images, and our results demonstrate effective noise reduction while preserving106

image resolution and anatomical structure. The main new contributions of this work107

are summarized as follows:108

• We formulated a 3D cGAN architecture to process noisy cardiac PET scans to109

synthesize higher-quality PET images with reduced noise while preserving anatomical110

details.111

• We demonstrate the application of generative pre-trained deep learning models in112

cardiac PET image restoration specifically for dual-gated PET reconstructions.113

• We achieved generalizability of the model using non-gated data as input and tested114

the model with gated data without needing additional data or longer acquisitions.115

This enabled high SNR gated cardiac PET imaging data by reducing noise across116

different motion phases in gated reconstructions.117
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• We applied extensive statistical analysis to quantify model performance and118

generalizability.119

2 Materials and Methods120

2.1 Retrospective Data121

We retrospectively included patients who had cardiac PET and computed tomog-122

raphy (CT) for evaluation of 18F-fluorodeoxyglucose (18F-FDG) metabolism in the123

myocardium. A total of 40 patients (36 males, 4 females) were included and used dur-124

ing model training and algorithm development (IRB no: ETMK 44/180/2012 at the125

University of Turku, Finland). Demographic information of the subjects is described126

in Table 1. Each subject gave informed consent.127

2.2 PET/CT System and Data Acquisition128

Subjects were scanned with a GE Discovery 690 PET/CT system at Turku PET129

Centre using a previously described protocol [18] for uptake in the myocardium. The130

performance evaluation of the scanner with technical details is reported in [35]. The131

PET system comprises 24 detector rings, each housing a block of detectors with a132

9×6 array of 4.2× 6.3× 25 mm lutetium-based scintillation (LBS) crystals coupled133

to a single square position-sensitive photomultiplier tube (PMT) with 4 anodes. The134

transaxial and axial fields of view (FOV) are 700 mm and 157 mm, respectively.135

Coincidence timing and energy windows are set at 4.9 ns and 425-650 keV, respectively.136

The D690 is a fully 3D PET system with a 64-slice Lightspeed CT system [35]. During137

contrast-enhanced coronary CT angiography (CTA), the patients received 50-100 ml138

of contrast agent (3.5 ml/s), and 64 parallel slices were acquired simultaneously. In139

addition to the CT scan, a 3D PET scan of the heart was acquired in list-mode with140

electrocardiography (ECG) and respiratory gating 24 minutes after the completion141
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of the CTA. CT-based attenuation correction (CTAC) and cinematic CT (CINE-CT)142

were acquired by using a low-dose CT with a tube voltage of 120 keV.143

2.3 Low-dose None-Gated PET Data144

We originally acquired all PET data in list-mode to allow flexible data rebinning to145

simulate scans with varied acquisition times. By extracting only a fraction of counts146

from the full acquisition, we reconstructed lower-statistic PET images emulating147

realistic low-dose PET scans with dose reduction factors (DRFs) of 20, 10, and 7. That148

is, the simulated low-dose PET images contain only 5%, 10%, and 15% of the counts149

in the original full dose scan. With a DRF of 20, the acquisition time for the non-150

gated cardiac PET scan was reduced to 1.2 minutes. For a DRF of 10, the acquisition151

time was 2.4 minutes. And finally, with a DRF of 7, the resulting acquisition time152

for the non-gated low-dose cardiac PET scan was 3.4 minutes. As the low-dose PET153

data originate from the same acquisition, they align precisely with the corresponding154

full-dose images. On average, our training dataset comprised 24 matched low-count155

and full-dose scan pairs per subject from the list-mode data. 3D PET volumes were156

reconstructed including non-gated low-count inputs, and full-count targets.157

2.4 Dual Gated PET Data158

For dual gating, we employed 5 amplitude-based respiratory bins and 5 ECG-gated bins.159

Respiratory gating was performed using the Real-time Position Monitor (RPM) (Varian160

Medical Systems, Palo Alto, CA, USA), which is equipped with an infrared camera161

to track an external marker block positioned on the patient’s chest, quantifying the162

respiratory cycle amplitude. PET and CT respiratory gating equally divided amplitude163

from end-inspiration to end-expiration into 5 bins. The gating thresholds were set164

similarly to our previous studies [18, 36]. In short, the respiratory bins were divided165

equally by amplitude from end-inspiration to end-expiration. The gating thresholds166

were determined by equidistant sampling. The maximum threshold was defined as the167
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mean plus one standard deviation of the amplitude maxima, whereas the minimum168

was determined from mean of the amplitude minima of the respiratory cycles. Only169

the cycles considered as “valid cycles” by the RPM system were used.170

Cardiac gating divided the cardiac cycle into 5 non-equal time bins using the R-171

peak triggers extracted from list-mode data. Specifically, fixed time intervals relative to172

each R-peak were used to retrospectively assign gates spanning from end-systole to end-173

diastole phases across ventricular contraction and relaxation. Following the dual gating,174

we obtained 25 respiratory and cardiac phase-matched PET time-frames – in list mode175

format – per subject. The dual-gating procedure retained 5-15% of the original acquired176

counts per cardiac-respiratory phase bin on average. This level of count statistics aligns177

with the noise levels simulated in our non-gated low-count training data extracted from178

shorter acquisition times. Notably, while matching realistic noise, the actual gated179

PET images were not utilized to train the deep learning models. We aimed to test180

generalizability by only training the network using non-gated data, but testing with181

both non-gated and gated data.182

2.5 Reconstruction of Non-gated PET Data183

Static non-gated PET images were reconstructed using up to 24 minutes of acqui-184

sition time. PET images were reconstructed with three-dimensional ordered subsets185

expectation maximization (3D-OSEM) reconstruction, using 2 iterations and 24 sub-186

sets. The reconstruction matrix size, voxel size, and transaxial and axial FOV were187

256× 256× 47, 2.73× 2.73× 3.27 mm3, 350 mm and 157 mm, respectively. To reduce188

the adverse impact of noise on the PET images, a Gaussian post-filter of 6 mm full189

width half maximum (FWHM) was applied. All necessary corrections for image quan-190

tification such as detector normalization, dead-time, random scatter, and attenuation191

were applied. All image reconstructions were performed with software provided by GE192

Healthcare (Research Gating Tool, RGT).193
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2.6 Reconstruction of Dual-gated PET Data194

Dual respiratory (5 bins) and cardiac (5 bins) gated PET images were reconstructed195

using the 3D-OSEM algorithm with 2 iterations and 24 subsets. In total, 25 sets196

of gated images each corresponding to a certain cardiac and respiratory phase were197

reconstructed. Attenuation correction was performed using a respiratory-averaged198

cinematic CT (CINE CT) over the whole respiratory period [37]. The CINE CT images199

were compared against all PET images to ensure accurate alignment between the CT200

and PET scans.201

2.7 Data sets202

Patient data were split into training (n=32), validation (n=2), and test (n=6) subsets.203

Paired inputs (noisy) and targets (noise-free) images were prepared in 3D format. Of204

the 960 simulated (non-gated) low count volumes (24 volumes per subject), 816 volumes205

were reserved for training (n=768) and validation (n=48). The validation set was206

used for hyperparameter tuning. For the test set, 144 simulated (non-gated) low-count207

data, with 24 volumes per test subject, were used to evaluate the 3D cGAN model.208

Additionally, for each test subject, 25 dual-gated cardiac PET volumes corresponding209

to gates 1-25 were used to test with the pre-trained model. Analysis of the learning210

curves during cGAN training showed that the model performance continued to improve211

without any signs of overfitting. This suggests that enough variability in physiological212

uptake distributions was present in the training scan data, enabling robust capture of213

data patterns by the network. Through this ongoing enhancement of image quality,214

assessment of the cGAN loss metrics indicates the training dataset was sufficiently215

large and diverse to justify a 3D model.216
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2.8 Deep Learning Workflow217

2.8.1 Conditional GAN: 3D Pix2Pix218

We adopted a cGAN architecture called Pix2Pix that learns a mapping from input219

images to output images, as described in [26]. The Pix2Pix model is trained through220

a two-player minimax game, where the generator tries to produce samples that are221

erroneously classified by the discriminator as real, while the discriminator tries to222

distinguish the real data samples from the generated ones. During training, the generator223

and the discriminator iteratively improve, allowing the cGAN to learn to generate224

realistic data samples that satisfy the specified condition.225

In this cGAN model, we condition on input low dose images and generate cor-226

responding synthetic full dose cardiac PET images. cGANs allow additional input,227

such as auxiliary data (i.e. high statistics cardiac PET data in this paper) as a label,228

in contrast to conventional GANs, which only use random noise to create samples.229

Because of this conditioning, cGANs are especially helpful for tasks where the gener-230

ated samples must have specified qualities or fall into particular distributions. This231

helps regulate and guide the formation of specific outputs and mitigates the possibility232

of mode collapse [26].233

The generator in 3D Pix2Pix follows a U-Net architecture with 3D convolutional234

layers in both the encoder and decoder pathways and a discriminator network repre-235

sented by a convolutional PatchGAN classifier (see Fig. 1). Each encoder block consists236

of 3DConv → InstanceNorm → LeakyReLU using a filter width of 4 and kernel size237

of 2k+3 where k starts at 3 and increments by 1 in each layer. Every encoder block238

down-samples the images by a factor of 2.239

The decoder blocks use 3DConvTranspose → InstanceNorm → Dropout → ReLU240

with kernel size 2k+3 where k starts at 6 and decrements by 1. Dropout was set with241

a probability of 0.5. A final tanh activation layer provides the output. The networks242

were trained with random initialization of the weights.243
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The discriminator also employs 3D convolutional layers with InstanceNorm and244

LeakyReLU to classify real versus synthetic volumes in a patch-wise manner.245

Compared to 2D operations and batch normalization, this 3D architecture with246

instance normalization better captures inter-slice PET relationships [38]. The model247

learns from full volumetric patterns rather than slice-by-slice. This allows the 3D248

Pix2Pix to effectively process and generate 3D PET data.249

2.8.2 Denoising Loss Functions250

In the context of image denoising, the generator G aims to translate noisy, low-resolution251

PET images into realistic, high-quality (high resolution and SNR) reconstructions, while252

the discriminator D tries to differentiate real versus synthetic images. The training253

data comprises matched pairs (xi, yi), where xi is a low-dose PET image and yi is the254

corresponding high-dose target.255

Conditional GAN models the mapping from noisy to clean images via the minimax256

objective as was proposed in [26]:257

min
G

max
D

LcGAN (G,D) (1)

where LcGAN (G,D) is:258

E(x,y)[logD(x, y)] + E(x,z)[1− logD(x,G(x, z))] (2)

Here, G aims to minimize the loss while D maximizes it. Alongside deceiving D, G259

must also generate realistic outputs via an L1 penalty on deviation from the target y:260

LL1
(G) = E(x,y,z)[||y −G(x, z)||1] (3)

The full objective is:261

G∗ = argmin
G

max
D

LcGAN (G,D) + λLL1
(G) (4)
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where λ weights the L1 term. The optimization of the generator and discriminator262

in a GAN is a min-max framework. The generator tries to "reduce" the discrepancy263

between the images it creates and the real ground truth images. In addition, the264

discriminator attempts to “maximize” the rate of correct identification of real examples265

vs. synthetic ones. This adversarial interplay encourages the generator to produce more266

photo-realistic outputs as the discriminator struggles to identify synthetic creations.267

Through the combination of a minimum-loss-based generator and a maximum-loss-268

based discriminator, the GAN training dynamics are gradually directing the model to269

create synthetic images that are highly similar to the true images.270

2.9 Model training271

The cGAN model underwent a training regimen spanning 50 epochs, employing the272

Adam optimizer [39] with default parameters, specifically β1 = 0.5 and β2 = 0.999.273

The learning rate was set at 2e-4, and a batch size of 1 was utilized. The fine-tuning274

of hyperparameters, including the number of epochs, count of convolutional layers in275

the encoder-decoder blocks, the dimensions and quantity of convolutional filters, batch276

size, loss functions, and the selection of optimization algorithms for both the Generator277

and Discriminator, adhered to the guidelines established in the seminal work by [26].278

For regularization purposes, a weight of λ = 5 was introduced to the generator loss.279

The parameter λ determines the balance between pixel-level accuracy and photo-realism280

during generator model updates. A higher λ value emphasizes pixel-level similarity,281

potentially resulting in overly smoothed or blurred outputs. Conversely, a lower λ282

value prioritizes sharpness but may sacrifice fine details. The optimal value of λ varies283

based on factors such as image complexity, noise levels, and dataset size, posing a key284

challenge in applying cGANs effectively. All Pix2Pix models underwent training using285

TensorFlow (version 2.6.0) and Python (version 3.9). We utilized a national cluster286

workstation from CSC Finland, featuring multiple NVIDIA TITAN V100 GPUs with287
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32GB memory each and 350GB CPU memory. However, we only utilized a single GPU288

unit and its corresponding CPU memory share for our model training experiments, as289

the full system capacity was unnecessary for our purposes.290

2.10 Evaluation291

To objectively assess model performance, we utilized four common image quality metrics:292

peak signal-to-noise ratio (PSNR) [40] for assessment of image quality, structural293

similarity index measure (SSIM) [41] for assessment of structural patterns, luminance,294

and contrast, and mean absolute error (MAE) for assessment of both image quality295

and bias.296

PSNR is the ratio between maximum signal power and distorting noise power. For297

a reference image f and reconstructed image g of size M ×N pixels,298

PSNR = 20 log10

(
MAXf√

MSE

)
, (5)

where MAXf is the maximum intensity and mean square error (MSE) is299

MSE =
1

MN

M∑
i=1

N∑
j=1

(f(i, j)− g(i, j))
2
. (6)

Although PSNR is widely used, it has limitations in correlating with perceived300

visual quality.301

In contrast, SSIM considers perceptual factors like luminance, contrast, and302

structure. For image patches f and g,303

SSIM(f, g) = l(f, g) · c(f, g) · s(f, g), (7)

where l, c, and s measure luminance, contrast, and structural similarities, respectively.304

SSIM ranges from 0 to 1, with 1 indicating perfect structural similarity.305
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2.10.1 Bootstrapping306

To characterize the statistical properties of the PET images, we utilized bootstrap307

resampling to generate multiple simulated datasets from the acquired and predicted308

patient images [42]. By randomly selecting pixels with replacement, this created P=100309

new bootstrap sample images per patient that capture data variability. Analyzing these310

bootstrap datasets enabled estimating population statistics like the mean and standard311

error from our image sample. Bootstrapping thus allowed quantifying uncertainty and312

distributional properties despite only having a limited sample of patients.313

2.10.2 Statistical Analysis314

Continuous variables are presented as mean±standard error. The Mann-Whitney test315

was used to assess the statistical significance of differences between the performance316

metrics before and after applying the deep learning model. This non-parametric test317

can handle non-normal data and compare two groups. A significance level of 0.05 was318

used. All statistical analyses were done using Python SciPy (v1.11.2).319

3 Results320

3.1 Non-gated PET Denoising321

Figure 2 provides a qualitative comparison of restored PET outputs versus the low-322

dose inputs and high-dose ground truth. The sample axial and coronal slices from323

patients A and B demonstrate the generative model’s ability to learn and generate324

finer anatomical details and reduce noise compared to the low dose inputs.325

Quantitative image quality metrics in Table 2 demonstrate the enhanced perfor-326

mance of the synthetic PET images. Across all non-gated test cases with 5-15% dose327

reduction, the deep learning models effectively reduced noise, improved structural accu-328

racy, and lowered bias compared to the low-dose inputs. Table 2 details the percentage329

improvement in PSNR, SSIM, and MAE relative to the low-dose PET for each model330
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and noise level. These quantitative results validate the improvements in image quality331

and accuracy achieved by the 3D generative model.332

Figure 3 shows image quality and bias metrics in three distinct noise levels, each333

featuring paired low dose and synthetic high-dose data points. The metrics indicate the334

3D Pix2Pix model performs well in enhancing image quality from low to higher dose335

levels. The PSNR, SSIM, and MAE values show statistically significant (P-value<0.001)336

improvements moving from 5% to 15% dose inputs. Overall, both quantitative metrics337

and qualitative examples validate the efficacy of the 3D Pix2Pix model for non-gated338

PET image enhancement.339

3.2 Dual-gated PET Denoising340

After training the model on non-gated data, we evaluated the model performance on341

the more challenging task of inferring with the trained 3D Pix2Pix. For each dual-342

gated cardiac PET study, we reconstructed image data for 25 gates, with each gate343

containing 1% to 15% of the total counts. These low-count gated images were input to344

the pre-trained model. For this experiment, we considered the model which was trained345

on the non-gated data with as low as 5% count rates. We did not use any non-gated346

low-dose (5% to 15%) instances of the subjects reserved for the testing phase. This347

ensured that our model remained entirely blind when engaged in generating synthetic348

high-dose (denoised) dual-gated PET images, as visually illustrated in Figure 4.349

Figure 4 shows the denoising performance of the 3D Pix2Pix in axial view for six350

different gates, ranging from bins 1 to 25, for patients A and B. As it shows, in all these351

gates, regardless of the state of the motion, the 3D Pix2Pix model remarkably improved352

the signal-to-noise ratio and anatomical characteristics of the heart. Furthermore, the353

3D Pix2Pix denoising model maintained its effectiveness even when the gate being354

considered had a significantly lower data-count fraction than that considered in training.355

In gates 1 through 10, for example, images are reconstructed with significant low count356
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statistics (< 5%), and the model was still able to restore synthetic high-dose images357

with high resolution and quality.358

Figure 5 shows image quality metrics, PSNR, SSIM, and MAE measurements, for359

the input (noisy dual-gated), and restored data (synthetic standard dose PET images360

generated by 3D Pix2Pix model) as compared to the standard dose non-gated PET361

data. In order to objectively assess the performance of the denoising model, we used the362

matching non-gated high-dose image as the target to calculate PSNR, SSIM, and MAE.363

Through gates number 1 to 25, the 3D Pix2Pix model significantly improved signal-364

to-noise ratio and perceptual quality. Notably, the gates with the lowest count-data365

fraction improved the most.366

Table 3 summarizes the model performance on the dual-gated test cases across367

all 25 gates. Testing on dual-gated data is more difficult due to the reduced counts368

per gate image compared to a full-dose non-gated image. Nonetheless, the pre-trained369

model demonstrated robust image enhancement even when applied to new dual-gated370

image data not seen during training. This highlights the versatility of the deep learning371

approach to generalize across varying input types. For a comprehensive evaluation of372

the performance of our trained generative model, encompassing all 25 sets of cardiac373

and respiratory gated images, we have presented a detailed summary in Figure 5.374

The PSNR, SSIM, and MAE values show statistically significant (P-value<0.001)375

improvements moving from Gate 1 to Gate 25.376

3.3 Line Profile Analysis377

Figure 6 and 7 show uptake profiles through the myocardium wall. Compared to noisy378

dual-gated PET data, the 3D Pix2Pix method achieves higher contrast recovery and379

maintains the improved spatial resolution and reduced motion blur of the dual-gated380

images.381
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4 Discussion382

We presented a generative denoising scheme using a 3D cGAN and transferring learned383

generative parameters from non-gated low-dose data to the dual-gated reconstructions384

of the unseen test cases. Low-dose PET scans included ultra count statistics ranging385

from 5-15% of the total full count scans. As demonstrated in Figs. 2 and 3, trained386

models on non-gated data effectively generated high-quality images by improving signal387

to noise ratio without causing any noticeable side effects or artifacts. Figure 4 shows388

cardiac PET images across different gates, comparing original noisy gated PET images389

to those denoised by cGAN. The dual-gated PET images, which suffered from an390

extensive amount of post-reconstruction noise due to the low statistics, were effectively391

denoised while retaining the sharpness and distinct anatomy of the myocardial regions.392

For comparison purposes, we also added non-gated full-dose PET images to show the393

differences between gated and non-gated PET. Non-gated images provide a single394

static visualization of tracer uptake over the entire scan duration. In contrast, gated395

images are temporally aligned with the cardiac and respiratory cycles, capturing uptake396

dynamically across multiple gate frames. Intensity line profiles (Fig. 6 and Fig. 7) also397

demonstrate a noticeable increase in signal intensity for the cGAN-based denoised398

images across different gates compared to the noisy non-gated and dual-gated images.399

The proposed generative denoising model enables a more comprehensive analysis of400

dual-gated cardiac PET images across different cardiac and respiratory phases (see401

Fig. 5). By generating high-quality dual-gated volumes across all the gates, clinicians402

can obtain a precise and accurate multi-phase cardiac PET assessment with full403

motion characterization. As seen in Fig. 4, the 3D Pix2Pix model’s robustness across404

physiological motion states enables the efficient generation of high-quality gated PET405

images. This highlights cGAN capabilities beyond just denoising that offer additional406

benefits for cardiac PET analysis. For instance, the model could denoise dynamic PET407

imaging over the cardiac cycle, as well as studies using ultra-short half-life radiotracers408
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like Oxygen-15 or Rubidium-82 that produce very low-count PET data. By effectively409

handling varying noise levels and motion, the generative approach expands the utility410

of low-dose and gated cardiac PET acquisitions.411

Generative deep learning models can potentially improve the diagnostic accuracy412

of dual-gated cardiac PET imaging. With these models, high-quality and accurate413

images can be generated from noisy gated data, enabling uncovering of subtle changes414

in the heart and blood flow that aren’t apparent in the non-gated images or in the415

conventional single- or dual-gated dynamic studies. This can lead to a more accurate416

diagnosis, improved patient outcomes, and reduced costs associated with repeat imaging417

procedures. Unlike the other studies in the realm of applying deep learning to enhance418

myocardial PET images that were described in Section 1 [27–29, 34], we trained a419

3D conditional GAN (cGAN) model on non-gated cardiac PET images comprising420

varying count statistics to simulate varying noise conditions. We then tested the model’s421

generalizability by applying it to synthesize noise-reduced versions of independent422

dual-gated cardiac PET datasets suffering from low count statistics and motion-related423

artifacts.424

Additionally, as seen in Fig. 2, generative models can help improve the SNR and425

accuracy of ultra-low dose PET imaging. Automating the image generation workflow426

can reduce the amount of time and manual effort required to acquire PET scans,427

allowing medical professionals to focus on interpreting the results and making faster428

decisions based on the data. This can involve generating PET images with a significantly429

less amount of radiotracer dose injection and improving the resulting image by learning430

parameters from existing images to better understand the dynamics of the heart and431

blood flow. It is particularly useful in dual-gated PET, in which cardiac- and respiratory-432

gated images can be combined to create a more accurate and detailed image of the433

heart.434
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This paper focused on denoising low-dose cardiac PET data – simulated by sub-435

sampling high dose scans using cGANs. While our method showed promising results,436

in practice, it would be challenging to confirm different noise levels with the same437

radioactivity distribution using patient data alone. However, by performing numerical438

simulations, such as Monte Carlo simulations using digital phantoms, it becomes pos-439

sible to validate our findings under different noise levels while maintaining the same440

underlying radioactivity distribution. Monte Carlo simulations, for example, using441

toolkits like GATE [43] or SimSET [44], offer a controlled and reproducible environ-442

ment, allowing for systematic evaluation and fine-tuning of the proposed methods.443

Therefore, numerical simulations will be an interesting direction for future research,444

enabling us to comprehensively assess the robustness and performance of our cGAN-445

based denoising approach across various noise scenarios while ensuring a consistent446

ground truth radioactivity distribution.447

While cGAN models have achieved success in applications like image translation,448

limitations remain. Such generative denoising models can produce highly realistic syn-449

thetic high-dose images through adversarial training. However, they generally struggle450

to accurately encode and decode spatial and texture patterns without incorporating451

anatomically matched prior information, such as CT data or segmentation maps. The452

lack of this additional guidance makes it challenging for cGANs to faithfully reproduce453

intricate anatomical structures and spatial relationships present in the original data454

[45]. In addition, convolutional-based cGAN-generated images may lack fine details455

or introduce artifacts due to limited diversity in training data, instability from mode456

collapse [46], underfitting on small localized features [47], and sensitivity to hyperpa-457

rameters that require careful tuning [48]. By incorporating a label for training, cGANs458

are designed to mitigate mode collapse, but there is a potential trade-off as they may459

encounter challenges in capturing the entire spectrum of variations linked to diverse460

conditions [49]. Ongoing efforts are improving models through advanced architectures461
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such as denoising diffusion probabilistic models [50] and vision transformers [51]. Diffu-462

sion models present a promising future direction for advancing the image denoising463

capabilities demonstrated in this work. As generative models leveraging stochastic464

processes, diffusion frameworks inherently handle complex spatially correlated noise465

patterns within target data distributions. Recent advances in denoising diffusion model466

architectures achieving state-of-the-art results across perceptual image synthesis and467

reconstruction tasks [52, 53] motivate their exploration for PET image enhancement.468

Adapting current techniques including score-based diffusion models [54] may offer469

performance improvements while generalizing robustly across imaging domains. With470

further research into tailoring initialization, score modeling, and sampling procedures,471

diffusion-based approaches could soon complement or build upon the capabilities472

of adversarial methods highlighted in this paper for reliable PET data denoising of473

low-count scans in both non-gated and motion-affected reconstructions.474

One limitation of this study is that it relied on a relatively small dataset of FDG475

PET scans for training the generative model. In the future, we plan to explore the use476

of different radiotracers, particularly those with significantly shorter half-lives, and477

extend the size of training data. Another limitation of this study is the absence of prior478

information integration, such as CT data, during the model training process. Moving479

forward, we will explore the incorporation of early fusion techniques to include priors480

in the network.481

PET image correction via generative modeling remains an interesting field warrant-482

ing further research. New directions include exploring vision transformers to achieve483

fine-grained synthetic standard dose PET data, incorporating anatomical priors, e.g.484

4D-CT or CINE-CT, to preserve the structure, fusing gating data to provide additional485

signal, optimizing execution time for real-time use, and investigating pre-trained mod-486

els for gate-to-gate translation. As generative techniques mature, they will likely play487

an increasing role in PET imaging and other medical applications.488
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5 Conclusion489

We designed and evaluated a 3D Pix2Pix architecture for zero-shot denoising of dual-490

gated and non-gated cardiac PET images using real-world clinical data. Quantitative491

and qualitative results demonstrated effective noise suppression by the generative492

denoising model while maintaining perceptual quality, sharpness, resolution, and493

anatomical fidelity in PET images. Further statistical evaluations on both gated and494

non-gated PET data validated the denoising capabilities. Our findings indicate that495

deep generative denoising model can substantially enhance cardiac PET imaging by496

reducing noise and artifacts while maintaining high resolution and contrast recovery.497

This may improve diagnostic accuracy, especially for dual gated studies where normally498

conventionally shorter gate intervals better minimize motion at the cost of increased499

noise. As generative models continue to advance, ultra-low dose PET acquisitions500

could also be effectively denoised to boost image quality and diagnostic potential while501

lowering radiation exposure.502
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Fig. 1: 3D Pix2Pix model. (A) Generator networks with a U-net architecture and
Discriminator (B) with a patchGAN classifier.
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Fig. 2: Reconstructed original high dose target, low dose inputs of 5%,10%,15%, and
3D Pix2Pix generated synthetic high dose for patients (A) and (B) in axial and coronal
views. A zoomed-in view of the Coronal view is shown for better visualization.
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** ** **

**
** **

** ** ns

Fig. 3: Image quality assessment including the PSNR, SSIM and MAE measurements
when comparing non-gated low-dose (5%,10%, and 15%) inputs (gray) and correspond-
ing 3G Pix2Pix restored (synthetic high-dose) images (pink) against the non-gated
high dose target (∗ = P-value<0.05, ∗∗ = P-value<0.001, ns = non-significant).
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Fig. 4: Dual gated cardiac (input) and generative deep learning enhanced (output)
PET images in five different cardiac and respiratory phases for patients (A) and (B) in
axial view.
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Fig. 5: Image quality assessment including the PSNR, SSIM and MAE measurements
obtained from all 25 gates when comparing noisy dual gated (gray) input and 3D
Pix2Pix restored (synthetic high-dose) images (purple) against the non-gated high
dose. When comparing cGAN-denoised data and noisy dual-gated inputs against
original standard high statistics targets, the images from cGAN showed significantly
(P-value<0.05) higher PSNR and SSIM, along with lower MAE.
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Gate 15 Gate20 Gate25
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Fig. 6: Normalized uptake profile analysis across the myocardium wall in patient A.
The peak activity is higher in GAN-enhanced PET images than the input dual-gated
in all motion phases.
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Gate 1 Gate 5 Gate 10

Gate 15 Gate20 Gate25

Fig. 7: Normalized uptake profile analysis across the myocardium wall in patient B.
The peak activity is higher in GAN-enhanced PET images than the input dual-gated
in all motion phases.

Table 1: Subject characteristics with mean, standard deviations, and ranges.

Demographics Mean±SD Range
Age (years) 64± 9 44− 84
Weight (kg) 86± 15 47− 116
Height (m) 1.75± 0.09 1.53− 2.00
Dose (MBq) 309± 26 277− 400

MBq: Megabecquerel
SD: standard deviation
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Table 3: Summary of denoising performance (bootstrapped) over all 25 gates. Values
are in Mean±Standard Error and % format.

Model 3D Pix2Pix
Metric Dual Gated Input Synthetic Enhanced
PSNR 21.4 ± 1.45 28.8 ± 1.36 34.7%
SSIM 0.77 ± 0.034 0.84 ± 0.025 7.8%
MAE 0.11 ± 0.02 0.04 ± 0.008 60.3%
NRMSE 0.02 ± 0.006 0.004 ± 0.001 82.0%
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