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Abstract 

The utilization of Positron Emission Tomography (PET) in disease diagnosis has been increasing in recent years. The quality of images 

produced by PET scanners plays a significant role in accurate diagnosis. However, these images often contain substantial noise due to 

photon attenuation and scatter. Therefore, PET images require attenuation correction (AC) and scatter correction (SC) to provide precise 

metabolic information about the patient's organs. CT-based correction methods expose the patient to significant ionizing radiation. This 

study focuses on improving the quality of PET scan images by utilizing Generative Adversarial Networks (GAN), a revolutionary approach 

in modern medical imaging, to reduce errors and patient exposure to radiation. In this study, 92 epilepsy patients with an average weight of 

72.15 kg were scanned. Brain imaging was conducted on the patients following the injection of an average activity of 347.13 MBq of FDG 

radiotracer over a duration of 1200 seconds. These brain images served as the dataset for our designed algorithm, a GAN-based model. 

Image quality metrics such as SSIM, PSNR, MSE, FID, and LPIPS were measured. Our AutoGANcoder algorithm, a unique combination of 

a GAN and an advanced autoencoder, demonstrated that it significantly improved PET imaging quality. When compared to other 

algorithms, the results show that the AutoGANcoder model is a promising choice for improving brain PET image quality. 
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INTRODUCTION 

Positron Emission Tomography (PET) images, due to 

ability to display tissue and organ metabolism, are a vital tool 

in medical imaging and the diagnosis of various diseases, 

including cancer. However, these images are often affected 

by noise and distortions such as photon attenuation and 

scattering, which degrade the image quality. These issues are 

especially prominent in non-attenuation-corrected (NAC) 

images. In contrast, images that have undergone attenuation 

and scatter correction (AC and SC) offer greater accuracy by 

reducing the noise effects caused by attenuation and 

scattering, thus providing better clinical information. [1] 

In this regard, attenuation and scatter correction 

Significantly contributes to refining the quality of PET 

images. A common method to achieve CT data to generate 

attenuation correction maps (AC Maps), which is considered 

a necessary step in producing MAC images. [2] 

Although standard PET/CT scans follow the ALARA 

principle and use low-dose CT, the radiation risk from CT 

remains a concern. It has been reported that even standard 

low-dose CT delivers a dose of 6.4 millisieverts, exposing 

patients to X-rays or gamma radiation. [3] [4] [5] [6] 

Additionally, for patients who need to undergo frequent PET 

scans, as well as for children and pregnant women who are 

sensitive to radiation, it is preferable to minimize the amount 

of time spent on CT imaging. [7] [8] Reducing the duration of 

CT imaging can halve the radiation dose received. [9] [10] 

Reconstructing PET images based on CT is limited due to 

CT artifacts. Over the past few years, various methods Have 

been implemented to enhance PET scan resolution and 

reduce the dose delivered to the patient. One of these methods 

is the use of PET/MR, which can produce an 

attenuation-corrected PET image while delivering a lower 

dose to the patient. [11] [12] [13] [14] 

Nevertheless, this approach faces challenges related to 

classification errors both within and beyond the atlas, as well 

as inherent anatomical variations. The primary limitation 

arises from the fact that MR intensity measures tissue proton 

density instead of electron density, which is a crucial factor 

for accurate PET imaging at an energy level of 511 keV. [15] 

After the emergence of deep learning algorithms, 

numerous Several research efforts have focused on producing 

artificial CT images from MR and PET scans. [16] [17] [18] 

[19] [20] While it is true that this method reduces the 

radiation dose received by the patient, converting NAC 

images to MAC using MRI still requires CT generation. 

Due to the complexity of extracting anatomical details 

from images, several studies have focused on generating 

MAC images directly from NAC images, thereby bypassing 

the requirement for CT-based synthesis. [21] [22] 

In recent years, deep learning (DL) techniques, with an 

emphasis on Convolutional Neural Networks (CNNs) and the 

UNET architecture, have become increasingly vital in the 

field of medical imaging due to their exceptional 
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performance and reliability. [23] [24] Deep learning 

techniques allow for a reduction in patient radiation exposure 

by bypassing the need for CT and directly deriving MAC 

images from NAC scans. 

Building on prior research, this study employs an enhanced 

UNET-based Generative Adversarial Network (GAN) to 

transform uncorrected PET scans (NAC) into refined PET 

images (MAC), thereby minimizing reliance on CT imaging. 

MATERIALS AND METHODS 

This section provides an overview of the dataset utilized 

for this research, the preprocessing steps applied to the 

images, and the architecture of the proposed model. The 

following subsections provide a detailed explanation of the 

dataset, preprocessing procedures, and the AutoGANcoder 

model implemented in the study . 

Datasets 

A dataset consisting of NAC and MAC images from 92 

patients undergoing brain PET scans was utilized for this 

research. Participants in the study included 43 men and 49 

women, with an average height of 1.66 ± 0.12 m and an 

average weight of 72.15 ± 18.28 kg. The injected radiotracer 

was 18F-FDG with an average dose of 347.13 MBq. 

Image Preprocessing 

To prepare the input data for the model, the images were 

first normalized to values between 0 and 1 by scaling the 

image with respect to its peak activity value. Then, the 

images were fed into the model in a 2D format with a size of 

256×256. 

AutoGANcoder 

The designed AutoGANcoder framework includes two 

primary elements: the Generator and the Discriminator, 

which are used for training the model, as illustrated in  

Figure 1 . 

 

 
Figure 1. Architecture of the Generator and Discriminator in 

the AutoGANcoder model. 

In the first stage, NAC images are fed into the Generator, 

which reconstructs the generated MAC image with the help 

of Residual Blocks and Attention Blocks. The Generator 

consists of four encoding stages (Encoder) and three 

decoding stages (Decoder). Each decoding stage accesses 

information from the corresponding encoding stage using the 

Attention Mechanism, allowing for more effective decoding 

of the information. 

In the Generator, an improved UNet Autoencoder network 

is used, which, unlike previous studies that employed 

standard UNet or ResNet, utilizes a combination of Residual 

Blocks and Attention Blocks to improve accuracy and 

convergence speed. This combination enables the model to 

improve the resolution of generated images by focusing on 

important regions. 

In the Discriminator section, a Conv2D network is used, 

which learns to differentiate actual MAC images from those 

produced by the Generator . 

Loss Functions 

For training the GAN model, three types of loss functions 

are used: 

Mean Squared Error (MSE) Loss Function 

MSE loss evaluates the squared deviation between the 

generated image and the reference image. 

𝑀𝑆𝐸 =
1

𝑁
∑ (𝑥𝑖 − 𝑥̂𝑖)2𝑁

𝑖=1  (1) 

Where  𝑥𝑖 is the real MAC image, 𝑥̂𝑖 is the output image 

produced by the Generator, and 𝑁  is the number of samples. 

Wasserstein GAN (WGAN) Loss Function 

The WGAN function analyzes the distribution of actual 

and synthetic images, pushing the Generator to create images 

that more closely resemble the real ones. This function is 

defined for the Discriminator using the following formula: 

𝐿𝐷 = 𝐸[𝐷(𝑥)] − 𝐸[𝐷(𝐺(𝑥))]      (2) 

In this case, 𝐷(𝑥) refers to the Discriminator’s output for 

real samples, while 𝐷(𝐺(𝑥)) corresponds to its output for 

generated ones . 

The WGAN loss function for the Generator is defined by 

the following formula: 

𝐿𝐺 = −𝐸[𝐷(𝐺(𝑥))]                        (3) 

Through this loss function, the Generator seeks to optimize 

the Discriminator’s response to the generated images. 

Combination of Loss Functions for the Generator: 

In our algorithm, By integrating MSE and WGAN Loss 

functions, the Generator ensures improved output quality. 

This combination helps the Generator ensure that the 

generated images not only resemble real images but also 

match them in terms of structure and details. The combined 

loss function for the Generator is expressed as follows: 

𝐿𝐺 = 𝑀𝑆𝐸 + 𝜆 ∗ 𝑊𝐺𝐴𝑁                    (4) 
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Where  𝜆 = 10−3 is the weighting factor for the WGAN 

Loss to reduce its impact relative to the MSE Loss. 

In this study, PSNR, SSIM and MSE metrics are applied to 

quantitatively analyze both the generated and original 

MAC-PET slices. For further validation, perceptual 

indicators such as FID and LPIPS have been incorporated 

into the analysis. FID calculates the disparity in feature 

distributions between real and generated images through the 

Inception network. Lower FID scores suggest improved 

similarity and higher-quality synthetic images. Utilizing 

features from pre-trained models, LPIPS measures perceptual 

discrepancies across images. While conventional methods 

such as MSE focus on pixel-based differences, LPIPS 

examines perceptual dissimilarities between images by 

employing features obtained from pre-trained neural 

networks. A reduced LPIPS score denotes greater perceptual 

similarity between the compared images. The computation 

procedures for FID and LPIPS are detailed below: 

 (5) 

In this context, 𝜇𝑟  and  ∑𝑟  correspond to the mean and 

covariance values of real image features, while  𝜇𝑔 and  ∑𝑔  

signify the mean and covariance for generated images. The 

Euclidean distance  ‖𝜇𝑟 − 𝜇𝑔‖
2

2
 quantifies how far apart the 

mean values of the two distributions are, with 𝑇𝑟  indicating 

the trace, or the aggregate of diagonal elements. 

𝐿𝑃𝐼𝑃𝑆(𝑥1, 𝑥2) = ∑
1

𝐻𝑙𝑊𝑙

∑‖𝜙𝑙(𝑥1)ℎ,𝜔 − 𝜙𝑙(𝑥2)ℎ,𝜔‖
2

2

ℎ,𝜔𝑙

 

 (6) 

The function 𝜙𝑙  represents the extracted features at layer 𝑙 
within the neural network;  𝑥1, 𝑥2 act as the input images, and  

𝐻𝑙   and  𝑊𝑙 indicate their respective height and width. 

EXPERIMENTS AND RESULTS 

We compared the proposed AutoGANcoder with the 

advanced UNet model [24], whose architecture is illustrated 

in Figure 2. This UNet model is specifically designed to 

improve PET image quality or generate medical imaging 

data. The advanced UNet model is composed of encoder and 

decoder layers, incorporating an addition operation at the 

final stage that merges the source image with the generated 

one. To assess the influence of various components within 

the UNet model, the addition operation was omitted, and the 

model was trained based on the structure outlined in Figure 3. 

This enables a comparative analysis of the obtained 

performance, as detailed in the 'UNet without addition' 

section of Table 1 . 

Additionally, for a more thorough evaluation of the 

AutoGANcoder model and to demonstrate the effectiveness 

of the GAN architecture, we removed the Discriminator 

component and obtained the results. These results are 

presented in the " AutoGANcoder without Discriminator " 

column of Table 1. 

In the UNet framework, the L1Loss function served as the 

objective function for model training, while the Adam 

optimizer, with a learning rate of 0.0002, was utilized to 

enhance optimization efficiency 

 
Figure 2. The architecture of the implemented UNet model 

[24]. 

To evaluate the impact of different parts of the UNet 

model, we removed the Addition section and trained the 

model as shown in Figure 3, in order to compare the resulting 

outcomes. 

 
Figure 3. Architecture of the UNet model without Addition. 

To prevent overfitting, the dataset was partitioned into 

70% for training, 20% for validation, and 10% for testing 

purposes. 

 
Figure 4. A comparative analysis of pseudo-color difference maps illustrating the variations between real and generated 

F-PET images using various methods, including our proposed approach. The magnitude of absolute differences ranges from 

minor to significant, visually represented by a color gradient transitioning from blue to red. 
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Table 1. Comparative analysis of AutoGANcoder and alternative methods for enhancing the quality of PET images 

METHOD 

METRICS 

UNet without 

addition 
UNet[24] 

Autoencoder 

)AutoGANcoder without 

discriminator  (  

AutoGANcoder 

SSIM↑ 0.9960 0.9965 0.9974 0.9982 

PSNR↑ 45.80 46.45 47.75 49.43 

MSE↓ 2.7 × 10−5 2.3 × 10−5 1.7 × 10−5 𝟏. 𝟐 × 𝟏𝟎−𝟓 

FID↓ 0.4592 0.4982 0.5154 0.4620 

LPIPS↓ 0.0062 0.0061 0.0024 0.0016 

 

DISCUSSION 

The results presented in Table 1 demonstrate that 

AutoGANcoder significantly outperforms other models in 

terms of PSNR (49.4374), SSIM (0.9982), and MSE 

(0.0000123089), indicating a higher resemblance of the 

generated PET images to MAC. Additionally, the low FID 

(0.4620) and LPIPS (0.0016) values further highlight the 

effectiveness of the proposed approach in generating 

high-quality images. These findings align with previous 

research emphasizing the advantages of generative models in 

medical image reconstruction . [25] [26] [27] 

A key factor contributing to AutoGANcoder’s superior 

performance is its advanced architecture, which incorporates 

Residual Blocks and Attention Blocks within both the 

encoder and decoder. These components enhance the feature 

extraction and image reconstruction processes, leading to 

improved image fidelity. Previous studies have also 

demonstrated the effectiveness of attention mechanisms in 

enhancing deep learning-based medical image synthesis 

[Add relevant reference]. 

Ablation studies, as shown in Table 1, provide further 

insights into the contribution of different architectural 

components. When the Discriminator is removed from 

AutoGANcoder, the generated image quality decreases 

significantly, underscoring the vital role of adversarial 

training in improving realism. This finding corroborates 

previous works demonstrating the necessity of the 

Discriminator in GAN-based architectures for medical 

imaging. [28] [29] [30] [31] [32] [33] [34] 

Furthermore, the comparison between the standard UNet 

and the "UNet without addition" variant indicates that the 

residual connections within UNet contribute significantly to 

enhancing image quality. The removal of these connections 

leads to inferior MAC reconstructions, suggesting that the 

residual structure preserves critical spatial and contextual 

information during the encoding and decoding process. 

Similar observations have been reported in recent studies on 

deep learning-based medical image enhancement. [24] 

Figure 4 illustrates pseudo-color difference maps 

comparing real F-PET images with generated ones, where 

AutoGANcoder demonstrates the lowest discrepancy. This 

outcome further supports the robustness of the model in 

preserving fine-grained details and reducing reconstruction 

errors. 

CONCLUSION 

In this study, we introduce AutoGANcoder as an effective 

approach to enhance PET image quality and generate MAC 

images from NAC images. Our proposed architecture 

achieves remarkable results across the mentioned metrics, 

demonstrating that combining UNET with Residual and 

Attention blocks within a GAN framework is highly 

effective. 

To improve the AutoGANcoder model, it is suggested to 

incorporate the addition operation into its architecture. 

Additionally, increasing the number of layers and 

introducing multiple loss functions can further reduce the 

model's error rate . 
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