
Abstract– Attenuation and scatter correction (ASC) must be performed 

for quantitative PET imaging. ASC is a challenging task in PET-only 

and PET/MRI systems. Different single-center or scanner-specific 

studies have been performed by using deep learning (DL) algorithms. 

However, the generalizability of these models is limited. In addition, 

providing large datasets for data-hungry DL models is a bottleneck. 

However, a universal model may not perform very well for each center 

because of high variability across different centers in scanners and 

image acquisition and reconstruction protocols. Therefore, we aimed 

to apply deep transfer learning for site-specific PET ASC utilizing a 

multi-center dataset. Altogether, 1430 68Ga-PSMA/DOTA PET/CT 

images from three countries (Switzerland, Iran, and Canada), 

including eight different centers, were enrolled in this study. In all 

centers, PET images were corrected by using CT images for ASC. In 

addition, we implemented a deep supervised U-Net network 

architecture, U2Net, as the core DL model. Different scenarios were 

investigated in this study, including (i) training and testing models for 

each center separately: center-based (CeBa); (ii) training and testing 

models using the entirety of the dataset: centralized (CeZe); i.e., entire 

data pooled together; and (iii) transfer learning (TrLe) where training 

was performed using pooled data to one server using entire dataset and 

then TrLe were performed for each center separately to build site-

specific models for each center. In terms of absolute relative error 

(ARE%), CeBa, CeZe, and TrLe achieved 36.54 ± 14.66 (CI95%: 33.47 

to 39.6), 31.58 ± 34.09 (CI95%: 24.46 to 38.7), and 25.12 ± 10.85 

(CI95%: 22.85 to 27.38), respectively, while SSIM of 0.71 ± 0.15, 0.75 ± 

0.15 and 0.80 ± 0.1 was achieved for CeBa, CeZe and TrLe. 

Furthermore, using TrLe outperformed the centralized and center-

based models in terms of accurate ASC image generation. 

Index Terms—Attenuation and scatter correction, Deep learning, 

Multi-center studies. 
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I. INTRODUCTION 

natomical images are precious for quantitative PET image 

generation. Attenuation and scatter correction (ASC) are 

required for quantitative PET imaging. ASC is a challenging task in 

PET-only and PET/MRI systems, given the absence of anatomical 

images or lack of direct correlation of MRI images (e.g., of bone 

tissue) vs. true attenuation coefficients [1-5]. Different approaches 

have been proposed, such as emission-based algorithms using time-

of-flight information and pseudo-CT generation. In addition, deep 

learning (DL) algorithms have been applied in conjunction with 

previous methods toward enhanced ASC in PET images. Direct 

ASC from non-attention-scatter corrected images using DL 

algorithms recently gained interest in 18F-FDG [6].  

Different single-center or scanner-based studies have been 

performed by using DLs[7-12]. However, the generalizability of 

these models is limited because of the high variability of acquisition 

and reconstruction across different centers[13-17]. In addition, 

providing large datasets for data-hungry DL models is very limited 

in single centers [18-21]. Therefore, the main aim of the current 

study was to develop and apply deep transfer learning for site-

specific PET ASC in a large multi-national/institutional Dataset. 

II. MATERIALS AND METHODS 

Altogether, 1430 68Ga-PSMA/DOTA PET/CT images from 3 

countries (Switzerland, Iran, and Canada), including eight different 

centers, were enrolled in this study. In all centers, PET images were 

corrected by using CT images for attenuation and scatter. In 

addition, PET images were converted to standard uptake value 

(SUV) both for corrected and not corrected images.  

We implemented a deep supervised U-Net network architecture, 

U2Net. It consisted of encoder and decoder blocks, and each block 

consisted of U-Net architectures. Different blocks consisted of 

convolution operation, batch normalization, and leaky ReLU 

activation; blocks were connected using the residual connection. In 

addition, different blocks were connected with different skip 

connections to connect different levels of resolution. The network 

was trained in a 2D manner with an Adam optimizer, a learning rate 

of 0.001, an L2-norm loss, and a weight decay of 0.0001.  

Different scenarios were investigated in this study, including (i) 

training and testing models for each center separately: center-based 

(CeBa); (ii) training and testing models using the entirety of the 

dataset: centralized (CeZe); i.e., entire data pooled together; and (iii) 

transfer learning (TrLe) where training was performed using pooled 

data to one server using entire dataset and then TrLe were performed 

for each center separately to build site-specific models for each 

center. We built DL-based ASC models on 68Ga-PSMA/DOTA and 

then used TrLe to build center-specific model ASC. In addition, we 
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trained a 2D deep neural network for the direct generation of 

attenuation-correction PET images (CT-ASC as reference truth) 

from non-attenuation-scatter corrected (NAC) images in 68Ga-

PSMA/DOTA patients. 

For model evaluation, voxel-wise, mean absolute error (MAE), 

relative error (RE%), absolute relative error (ARE%), and structural 

similarity index (SSIM) were calculated between ground truth CT-

based attenuation/scatter corrected and predicted PET images by DL 

algorithm. All evaluations were performed in 20% of the test set 

from each center. 

III. RESULTS 

Fig 1 depicts NAC, CT-ASC (reference), CeZe, CeBa, and TrLe-

based reconstructed images. TrLe-based images provided high-

quality images compared to the other 2 DL approaches. 

Quantitatively in terms of ARE%, CeBa, CeZe, and TrLe achieved 

36.54 ± 14.66 (CI95%: 33.47 to 39.6), 31.58 ± 34.09 (CI95%: 24.46 

to 38.7), and 25.12 ± 10.85 (CI95%: 22.85 to 27.38), respectively. 

SSIM of 0.71 ± 0.15, 0.75 ± 0.15, and 0.80 ± 0.1 were achieved for 

CeBa, CeZe, and TrLe algorithms. Statistical analysis using the 

Wilcoxon test showed significant differences between the three 

approaches, showing that TrLe outperformed CeBa and CeZe.  

 

 

 
Fig 1. From left to right: NAC, CT-ASC, CeZe, CeBa, and TrLe-based 

reconstructed images for three different patients. 

 

Fig 2 represents the MAE (in SUV) for different centers using CeBa 

and TrLe algorithms; this figure shows that TrLe significantly 

decreases error for each center. 

 

Fig 2. Voxel-wise means absolute error (MAE) (in SUV) for different 

centers using CeBa and TrLe algorithms.  

IV. DISCUSSION AND CONCLUSION 

Building generalizable and robust DL networks for different tasks 

in medical imaging requires large datasets. However, a universal 

model may not perform very well for each center because of high 

variability across different centers in scanners and image acquisition 

and reconstruction protocols. Therefore, gathering a sizeable 

homogenous dataset and building DL models is a significant 

bottleneck. Therefore, we must build center-specific models from 

large heterogeneous datasets to build robust and generalizable 

algorithms.  

Transfer learning enables updating and adopting the model for each 

center separately to perform at the highest level in each center. In 

the current study, we build a centralized model using data from n-1 

centers and then use TrLe for adaptive DL for each center 

separately. Using TrLe outperformed centralized and center-based 

models for accurate ASC image generation. As such, we developed 

an effective and generalizable CT/MR-less ASC algorithm using 

deep TrLe adapted for each center (considering scanner, image 

acquisition, and reconstruction algorithm) with a specific, 

successful application to 68Ga-PSMA/DOTA PET images. 
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