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ABSTRACT 

 

Deep learning has been successfully used for PET image enhancement [1-3]. However, 

because there are various target regions, doses, and radiotracers, it is almost impossible to 

train all kinds of deep learning models with sufficient data. Domain adaptation has developed 

to improve the performance of the new task model and to achieve the generalization. In this 

paper, we propose a novel domain adaptation few-shot learning method for PET image 

denoising, where the feature maps from the trained model are directly utilized without source 

data for computing efficiency. The distributions of feature maps of two domains are used in 

the feature loss using the KL divergence. The optimization reduces both the feature loss and 

root mean square error (RMSE) loss. We demonstrate that the proposed method can improve 

the PET image quantitatively and qualitatively in the target domain with small training data, 

which demonstrates the feasibility of the generalization for clinical use.    

 

INTRODUCTION 

 

Domain adaptation (DA) has been increasingly investigated to improve the performance for 

new tasks (target domain, TD) by utilizing the existing data (source domain, SD), where two 

domains all contain a common feature space but different distribution [4]. Usually, the target 

domain does not have sufficient data, which is exactly a few-shot learning problem. In this 

work, we are interested in solving two issues: (1) DA training is computationally inefficient 

due to a large number of source datasets, and (2) transfer learning cannot change the network 

structures when the source data is not used. To address these issues, we propose a novel 

domain adaptation few-shot learning method for PET image denoising. For the computing 

efficiency, we directly utilize the trained SD model without source data, where the feature 

maps of the SD model are extracted to be utilized for the training of the DA model. The SD 

feature map represents the feature map of the trained SD model using target images. 

Distributions of feature maps for SD and DA are compared by feature loss using the 

Kullback–Leibler (KL) divergence, which computes the similarity of one distribution to 

another. Here, the feature loss is designed only for the decoder layers because we want the 

DA model to learn the distribution of denoised features. By using the distributions of feature 

maps, we can build more flexible encoder networks. The optimization minimizes both the 

feature loss and root mean square error (RMSE) loss. 

 

FORMULATION 

 

We firstly train the SD model with sufficient source domain data by minimizing the standard 

RMSE loss given by, 

 ,    (1) 

where  is the SD model.  and  denote input (noisy) and label (ground truth) images in 

source domain, respectively.  is the number of SD samples. 



In our evaluation, we compared RMSE and bias of 

images using SD, TD, and DA models. The TD 

model with sufficient 20 patients was used as the 

lower bound of the performances. The proposed 

method with small training sets of only 3 patients 

achieved similar performances compared to the 

lower bound.  

Now, the DA model minimizes the combined RMSE and feature losses with given  as 

follows: 

 

             (2) 

 

where f is the DA model.  and  denote input and label images in target domain, 

respectively.  is the feature loss using the KL divergence.  and  are the extractor of 

decoder features using f and fs models, respectively.  is the number of TD samples, and  = 

0.1 is the hyper-parameter. 

RESULTS 

 

Table 1. Comparison of RMSE/BIAS 
 RMSE BIAS 

Noisy 0.0077 0.024 

SD 0.025 0.0088 

TD 

20 0.022 0.0078 

6 0.024 0.0086 

3 0.029 0.0108 

DA 
6 0.023 0.0080 

3 0.023 0.0083 

 

Figure 1. Comparison of 

images of (a) quarter dose, 

(b) source domain (SD) 

model, (c) target domain 

(TD) model, (d) domain 

adaptation (DA) model 

and (e) the ground truth. 

 

Figure 1 compared images of quarter dose, SD, TD, and DA models, where the TD and DA 

models are trained with 3 patients. We confirmed that the proposed method showed clear 

structures compared to other images. 

 

CONCLUSION 

 

In conclusion, we proposed the domain adaptation few-shot learning method for PET image 

denoising. The proposed method improved the PET image quantitatively and qualitatively in 

the target domain with small training data and showed the feasibility of the generalization 

with computing efficiency for clinical use.  
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