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Abstract—Due to the inherent radiation exposure of positron 

emission tomography (PET), reconstructing standard-dose PET 
(SPET) from low-dose PET (LPET) is becoming an attractive 
alternative to ensure both imaging quality and patient safety. In 
clinic, the noise levels of LPET images may vary significantly 
owing to the individual differences among patients, making it 
challenging to design a universal model for PET reconstruction 
across multiple low-dose levels. Nevertheless, most existing multi-
dose-level PET image reconstruction methods incorporated 
limited dose-level information and overlooked the potential of 
frequency domain prior. In this paper, we demonstrate that the 
frequency domain possesses the capability to differentiate between 
SPET and LPET. Harnessing this crucial insight, we subtly design 
a high-frequency component classification network to embed dose 
prior into the network. Furthermore, considering the critical 
importance of texture details in clinical applications, we adopt a 
frequency contrastive learning paradigm that utilizes a hard 
negative sample strategy to enforce the reconstructed PET (RPET) 
to preserve more texture details. Meanwhile, we elaborately 
construct texture-sensitive embeddings that can perceive subtle 
differences for contrastive learning, enforcing more realistic and 
robust reconstruction. Extensive experiments conducted on the 
MICCAI 2022 UDPET dataset and the Phantom Brain Dataset 
have demonstrated the effectiveness of our proposed method. 

Keywords—Positron Emission Tomography (PET), Frequency 
Domain, Contrastive learning, Hard Negative Sample, Medical 
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I. INTRODUCTION 
Positron emission tomography (PET) enables the 

visualization of physiological and biochemical processes in a 
non-invasive manner, gaining widespread adoption in clinic [1-
2].  However, the radiation hazard associated with the 
radioactive tracer which is required for PET imaging induces 
potential health risks to patients. Yet, while reducing the tracer 
dose will inevitably involve more noise and artifacts, preventing 
the acquisition of high-quality PET images that meet the clinical 
requirements [3]. Confronted with this clinical dilemma, a 

feasible approach is to reconstruct standard-dose PET (SPET) 
images from low-dose PET (LPET) ones. 

Over the past decade, substantial deep learning-based 
endeavors have been devoted for obtaining diagnostic-quality 
PET images at low dose [4-15]. For example, Xu et al. [6] 
incorporated multi-slice input strategy to provide additional 
structural information to PET reconstruction. Spuhler et al. [7] 
combined dilated convolution with multi-scale framework for 
enlarging the receptive field, thus boosting the quality of 
reconstructed PET (RPET) image. Wang et al. [13] first 
designed a 3D multi-modality transformer model to leverage the 
beneficial knowledge from the magnetic resonance imaging 
(MRI) modality for performance enhancement. Additionally, 
Cui et al. [15] proposed a direct PET reconstruction method to 
exhaust the complementary information in the spatial, projection, 
and frequency domains. Despite achieving remarkable results, 
these methods focus exclusively on processing LPET images at 
a single dose level. However, different levels of noise and 
artifacts can be involved by applying different dose reduction 
factors (DRFs, i.e., the ratio of the original dose to the reduced 
dose). Meanwhile, the noise levels of PET images are also 
susceptible due to patient characteristics, scanning time, and so 
on. Directly applying single-dose-level LPET reconstruction 
methods to the clinical scenarios with LPET images at various 
DRFs are prone to generate undesirable results. In light of this, 
reconstructing SPET from multi-dose-level LPET has garnered 
increasing attention [16-21]. Along this direction, Li et al. [17] 
constructed an adaptive noise level-aware network, using 
predicted dose information as prior knowledge to guide multi-
dose-level PET reconstruction. Fei et al. [19] used a two-stage 
model to progressively realize realistic reconstruction from 
LPET at various DRFs. Moreover, Niu et al. [21] incorporate the 
complementary anatomical constraints derived from CT images 
for more realistic multi-dose-level PET reconstruction results. 

Despite the notable success of current multi-dose-level PET 
reconstruction methods, there are some limitations worth further 
investigation. First, the frequency prior of LPET images at 
various DRFs has been omitted. By visualizing the spectrums in 
Fig. 1(a), it can be seen that the disparities among PET images 
at DRFs (e.g., 20, 50, 100) are mainly manifested in high-
frequency area, and exhibit similar low-frequency information 
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since they correspond to the same anatomical structure. More 
clearly, by swapping the high-frequency components of SPET 
and LPET at three DRFs, we find that the swapped SPET is close 
to LPET, while the swapped LPET exhibit desired SPET-like 
details. Based on the above observations, we argue that 
leveraging the frequency prior can facilitate the exploration of 
the discriminative dose-level related features that are crucial for 
multi-dose-level PET reconstruction [17]. Second, 
reconstructing high-quality PET images with rich texture details 
(e.g., boundaries) constitutes a clinical imperative, as the precise 
boundary delineation between the normal tissue and 
pathological lesions reflect the accurate quantification of 
metabolic heterogeneity which is critical in clinical diagnosis 
[22]. However, most existing methods based on conventional 
up-sampling operations may involve inherent noise, thus leading 
to high-frequency detail distortions. 

In this paper, to take full advantage of the frequency-domain 
prior as well as enhance the reconstruction texture details, we 
design a novel multi-dose-level PET reconstruction framework 
from a frequency perspective. Specifically, we verify that the 
frequency domain possesses superior capability in identifying 
the degradation level of LPET by visualizing the spectrums. 
Based on this and the insight that the reconstruction performance 
can be boosted by incorporating the dose level prior [17], we 
embed a high-frequency components classifier to promote the 
model to extract the dose-level-related discriminative features. 
Moreover, the contrastive learning strategy is used in frequency 
domain for enhancing the high-frequency details. Concretely, 
we adopt the hard negative sample strategy to enforce the RPET 
images far from smooth textures, thus boosting its clinical 
applicability. The high-frequency components classifier is 
reused to attain task-friendly embeddings that could perceive 
subtle differences in high-frequency texture details, thus 
promoting the generation of more realistic reconstruction results. 

The contributions of this paper can be summarized as 
follows: (1) In contrast to previous spatial domain methods, we 
investigate the multi-dose-level PET reconstruction task from a 
frequency perspective. (2) The dose-level prior knowledge 
embraced in the frequency domain is incorporated to guide more 
precise reconstruction. (3) We develop a frequency contrastive 
learning strategy leveraging hard negative samples and task-
friendly embedding network to effectively enhance texture 
details in reconstruction. (4) Experimental results verify the 
superiority and generalization of our model. 

II. METHODOLOGY 
The architecture of our proposed method is illustrated in Fig. 

1(b). Given the inherent modality consistency between LPET 
and SPET images, we follow the philosophy of multi-task 
learning and design a dual-branch decoding architecture that 
respectively realizes LPET self-reconstruction and SPET 
reconstruction, thus enabling the capture of robust PET image 
representations. Acknowledging that the dose-level prior 
embraced in the frequency domain facilitates learning the 
complex mapping relationship between multi-dose-level LPET 
and SPET [17], we design a high-frequency components 
classifier  cascaded after the LPET self-reconstruction branch 
to implicitly promote the encoder to extract dose-level-related 
discriminative features. In addition, to faithfully preserve the 
texture information, we adopt the contrastive learning strategy 
from a frequency perspective to boost RPET image quality and 
design a hard negative sample strategy by adding blur to the 
SPET as negative samples, thus enforcing the RPET far from 
ambiguity. Moreover, the high-frequency components classifier 

 is reused as the embedding network  to construct task-
friendly positive/negative/anchor embeddings. More details will 
be displayed in the following sections. 

 

Fig. 1.  (a) Motivation: frequency domain possesses the capability to differentiate SPET and LPET at various DRFs. (b) Overall architecture of the proposed 
framework. Specifically, we design a dual-branch for capturing robust PET image representations and adopt a high-frequency components classifier to embed 
dose prior into the model. The frequency contrastive learning paradigm utilizing hard negative sample strategy and texture-sensitive embeddings is also devised 
to enforce the RPET to preserve more texture details.  
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A. Prior-embedded framework 
Considering the shared content and structure information 

between LPET and SPET images, we design a shared encoder 
fed with LPET and a dual-branch decoder for RPET 
reconstruction and auxiliary LPET self-reconstruction, 
respectively. In this way, the model could faithfully capture the 
image representations that embed rich content and structure 
information. Specifically, the encoder employs three down-
sampling blocks while the decoder takes symmetrical structure 
comprising three up-sampling blocks to gradually restore the 
high-dimensional feature maps to the image size. Aligned with 
[23], the skip connection is adopted in the RPET reconstruction 
branch for mitigating spatial information degradation, but is 
dropped in the self-reconstruction branch to enforce the decoder 
to better learn the mapping relationship between high-
dimensional features and LPET images. To enforce the 
consistency of the generated image and ground truth while 
encouraging less blurry, we adopt L1 loss as below:  = , =
where ,  are the LPET and SPET,  and  are the self-
reconstructed LPET (RLPET) and the RPET, respectively. 

 High-frequency Components Classifier. Considering that 
noise level information is conductive to learning the mapping 
relationship between the input image with various noise levels 
and the target high-quality image [17], we also strive to explore 
the dose-level related discriminative features for effective multi-
dose-level PET reconstruction. Specifically, as illustrated in Fig. 
1(a), LPET images at varying DRFs show consistency in the 
low-frequency components, but exhibit distinctive disparities in 
terms of high-frequency components. With this in mind, we 
construct a classifier from the frequency perspective after the 
auxiliary LPET self-reconstruction branch, thus promoting the 
model to explore the discriminative features related to each DRF 
under the guidance of learned dose prior. Specifically, we 
employ the Haar discrete wavelet transformation (DWT) [24] to 
obtain four orthogonal sub-bands: i.e., LL (low-low), LH (low-
high), HL (high-low), and HH (high-high). The LL sub-band 
capturing the overall structure information represents the low-
frequency components of the image, the last three detail sub-
bands embody high-frequency information and are concatenated 
as discriminative inputs to the classifier . The classifier is 
structured like an CNN encoder, employing four down-sampling 
modules based on strided convolution to gradually extract the 
features. After that, the features are flattened into a one-
dimensional vector which is passed through a fully connected 
layer to estimate the dose level property of the . The cross 
entropy (CE) loss is used to force the model to accurately predict 
the category of , which can be expressed as: =
where  and  are the real DRF labels and the probability 
predicted by the model that  belong to category ,  is the 
total number of DRF categories. 

B. Frequency domain Contrastive Learning 
Acknowledging that multi-dose-level LPET images involve 

various noise levels and exhibit obvious differences from SPET 
images in high-frequency components, the reconstruction 
process is expected to recover the lost high-frequency texture 
details. In light of this, we adopt the contrastive learning strategy 
in frequency domain for enhancing the high-frequency 
components learning while mitigating the spectrum distortion.  

 Sample Construction. The core idea of contrastive learning 
is to minimize the distance between the positive sample pair 
while maximizing the distance between negative sample pair 
[25-26]. Therefore, it is of vital importance to construct effective 
positive and negative pairs. Tailored to the PET reconstruction 
task, we establish the RPET as anchor sample and designate the 
target SPET (GT) as positive sample. Nevertheless, directly 
utilizing LPET images with significant image quality 
degradation as negative samples may leads the model to easily 
distinguish the anchor sample from the negative sample, 
providing very limited knowledge for contrastive learning. To 
tackle this issue, we inject the spirit of hard negative sample 
strategy to the conventional contrastive learning paradigm. To 
faithfully preserve the texture details in reconstruction, it is 
practical to treat some blurred SPET images as negative samples 
and strengthen the sharpness in prediction by enlarging the 
distances between the prediction and blurred SPET images. 
Specifically, we apply Gaussian blur to the target SPET image, 
thus obtaining the slightly blurry PET (BPET) images as hard 
negative samples. For the -th image , the negative sample set 

 can be formulated as: = { | = ( )} ,
where  is the number of negative samples, (·) denotes 
the blurring function. 

Embedding Network. Currently, most methods employ 
pretrained vision encoder network predominantly encoding 
high-level semantic features and generate embeddings which 
may be not sufficient for low-level tasks. As a result, the 
generated embeddings fail to capture the subtle differences of 
PET images with varying levels of degradation, thus limiting the 
performance of contrastive learning. In light of this, we reuse the 
high-frequency components classifier which is texture-sensitive 
to generate the PET embeddings. Specifically, since the 
contrastive learning strategy strives to boost reconstruction 
performance by explicitly modeling inter-sample 
similarities/dissimilarities and thus capturing subtle noise-level 
variations, the discriminative representations derived from the 
high-frequency components classifier inherently encode the 
high-frequency texture features. Thereby, the task-friendly and 
computationally-efficient embedding network  could provide 
critical prior knowledge to the contrastive learning, ensuring the 
reconstruction of RPET images with preserved high-frequency 
fidelity. Specifically, embedding network  compresses the 
prediction , positive GT sample , and negative blurred 
samples  in  into compact prediction representations , GT 
representations , and blurred representations . To make full 
advantage of the samples, the multi-scale hierarchical features 



extracted from the down-sampling pathway are integrated for 
constructing the contrastive loss, which is illustrated as below: 

   = , 
( , ) , ,

where  is the temperature parameter,  is the number of down-
sampling layers, ,  ,   are the -th layer features 
extracted from the high-frequency components of anchor 
sample RPET , positive sample SPET , negative sample 

, respectively. ( ) is the pixel-wise cosine similarity 
function. In this way, the texture details are enforced to be far 
away from smooth and become closer to the SPET images 
through contrastive optimization. Finally, the overall loss 
function  can be derived as: 

 = + + + ,
where ,  and  are hyper-parameters to balance the loss 
terms. 

C. Implementation Details 
Experiments are implemented utilizing the Pytorch 

framework with the NVIDIA GeForce GTX 2070 with 8GB 
memory. Specifically, we employ the Adam optimizer to train 
the model for 100 epochs, with learning rate of 2 10-4 and 
batch size of 8 to enable an efficient convergence. Empirically, 

 and  are separately set to 1 and 0 in the first 20 epochs to 
ensure the quality of RLPET images and enable the high-
frequency components classifier to capture the dose level prior. 
Then, we respectively decreased  to 0.1 and increased  to 
0.001 according to the convergence state, which enforces the 
model to utilize the learned discriminative features to effectively 
generate high-quality RPET images.  in equation (5) is set to 
1, and the number of negative sample set  is set as 4 [32]. In 
this study, we incorporate three categories of LPET images for 
the experiments, i.e., the number of the DRF category  is 3. 

III. EXPERIMENTS AND RESULTS 
We validate our method on the MICCAI 2022l UDPET 

Dataset [27] and the Phantom Brain Dataset, which contains 
PET data from 206 subjects utilizing the Biograph Vision 
Quadra System and 20 subjects which are simulated from the 
BrainWeb database [28-29], respectively. For the MICCAI 2022 

UDPET Dataset, we randomly selected 170 subjects for training 
and utilized the remaining 36 subjects for testing. All data are 
acquired in list mode, allowing for the rebinding of data to 
simulate different acquisition times and obtain equivalent low-
dose subjects. In our work, LPET image data at DRFs of 20, 50, 
and 100 are incorporated for the experiments. Each 3D brain 
image of size 128×128×128 was sliced to 128 2D slices with 
size 128 ×128 along the axial direction to enrich the training 
samples. For the Phantom Brain Dataset, the simulated LPET is 
equivalent to a quarter of the standard count level. Considering 
the relatively small dose difference between LPET and SPET, 
the LPET image is adopted as the hard negative sample in 
contrastive learning. We also adopt image slicing to increase the 
samples and the five-fold cross-validation strategy to ensure the 
generalization of training. We adopt the peak signal-to-noise 
ratio (PSNR), structural similarity index (SSIM), normalized 
root-mean-square error (NRMSE) as the evaluation metric to 
quantitatively measure the performance. 

A. Comparison with Existing State-of-the-art Methods 
To demonstrate the advancement of our method, seven 

SOTA methods are implemented for comparison, including 
Auto-Context [5], StackGAN [11], Ea-GAN [22], AR-GAN 
[10], M-cGAN [27], CGSRGAN [18], RefineNet [19] and 
AdaIR [30]. Note that, the U-Net [31] models were trained 
individually on LPET images at each DRF to verify the 
generalization of our model. The quantitative results are shown 
in Table II. As observed, our model significantly outperforms 
the first four classical medical image reconstruction methods, 
suggesting our capability to account for the disparities among 
input multi-dose-level LPET images. On the contrary, our 
method acquires the optimal performance with the PSNR 
metric achieving 30.544dB, 32.270dB and 34.652dB, for DRF 
= 100, 50 and 20, respectively. Besides, the following general 
reconstruction methods and the separate trained U-Net attain 
superior results compared to classical medical image 
reconstruction methods, but our method still ranks first among 
all general approaches. In addition, the t-test results show that 
the p-values in most cases are smaller than 0.05, indicating that 
the improvements gained by our model are statistically 
significant. We also provide the visual comparison results in 
Fig. 3. It can be seen that the classical methods obtain relatively 
poor reconstruction results with blurred structure, while the 
general reconstruction methods effectively enhance the RPET 
image quality at all three DRFs. Among all multi-dose-level 

TABLE I 
QUANTITATIVE COMPARISON OF THE PROPOSED METHOD WITH STATE-OF-THE-ART APPROACHES IN TERMS OF PSNR , SSIM  AND NRMSE , 

RESPECTIVELY. (*: T-TEST IS CONDUCTED ON PROPOSED METHOD AND THE COMPARISON METHODS.) 

Model 
MICCAI 2022 UDPET Dataset Phantom Brain Dataset 

DRF=100 DRF=50 DRF=20 \ 
PSNR SSIM NRMSE PSNR SSIM NRMSE PSNR SSIM NRMSE PSNR SSIM NRMSE 

U-Net 29.608 0.954 0.242* 31.589 0.971 0.176* 33.856 0.982 0.130* \ \ \ 
Auto-Context 27.354* 0.958 0.216* 28.158* 0.966* 0.197* 28.685* 0.972* 0.185* 29.733* 0.965* 0.112* 

StackGAN 28.778* 0.958 0.197* 29.913* 0.968 0.171* 30.801* 0.977* 0.153* 30.823* 0.966* 0.099* 
Ea-GAN 29.278* 0.961 0.192* 30.511* 0.969 0.168* 31.596* 0.977* 0.148* 30.991* 0.968* 0.101* 
AR-GAN 29.448* 0.959 0.193* 30.770* 0.970 0.162* 32.067* 0.978* 0.139* 31.693 0.969 0.092 
M-cGAN 29.747 0.961 0.199* 31.111* 0.972 0.166* 32.841* 0.981 0.134* 31.126* 0.968* 0.099* 

CGSRGAN 29.336* 0.850* 0.206* 31.320 0.864* 0.153* 33.867 0.952* 0.111 31.515 0.977 0.093 
RefineNet 30.187 0.960 0.173 31.962 0.973 0.144 34.192 0.982 0.108 31.336* 0.977 0.095 

AdaIR 30.270 0.959 0.164 31.368  0.971 0.144 32.604 0.983  0.125 31.812 0.969 0.092 
Ours 30.544 0.962 0.165 32.270 0.974 0.135 34.652 0.984 0.104 31.768 0.977 0.092 



reconstruction methods, the RPET images reconstructed by our 
method are most analogous to the ground truth, presenting 
sharper textures and richer details. Both the quantitative and 
visual results demonstrate the effectiveness of our method. 

Moreover, to further verify the generalizability of our 
method, we also conduct the comparison experiments on the 
Phantom Brain Dataset. The quantitative and visual results are 
respectively displayed in Table II, and Fig. 4. Considering that 
the Phantom Brain Dataset includes the LPET images at only a 
single DRF, the dose classification task embedded in the multi-
dose-level PET reconstruction comparation methods are 
removed in this experimental setting. At the same time, since our 
model reuses the dose classifier to generate contrast learning 
embeddings, we construct classification tasks for distinguishing 
the self-reconstruction LPET and SPET to enable the dose 
classifier to learn the discriminative representations. In addition, 
as mentioned above, the LPET image whose DRF is equivalent 
to 4 in Phantom Brain Dataset is adopted as the hard negative 
sample. As shown in Table II, our model obtains the 
comprehensive optimal reconstruction performance. From the 
visual results, we can also find that the RPET images 
reconstructed by our model are most analogous to the ground 
truth. These comparison results demonstrate not only the 
superiority of our method, but also the capability of our method 
to generalize to the single-dose-level reconstruction task. 

B. Ablation Studies 
To verify whether each component can yield performance 

improvement, we design the ablation groups as: (A) the U-Net 
baseline, (B) the dual-branch decoding model, (C) incorporating 

the high-frequency component classifier, and our proposed 
method (Ours). Quantitative results are presented in Table I. By 
comparing (A) and (B), we observe that variant (B) adopting 
dual-branch decoding path achieves higher PSNR and lower 
NRMSE across all DRFs. As for the decreased SSIM metric, this 
may be explained as that the LPET images at ultra-low dose 
levels exhibit substantial noise and the shared encoder may 
misidentify high-intensity noise as fine structural information 
and thus be interfered with, which is consistent with the 
minimum metric degradation observed at DRF = 20. In the third 
row, we can observe that the variant (C) incorporating the dose 
classifier further promotes the exploration of the dose-level-
related discriminative features and boosts all metrics to varying 
degrees. By applying frequency contrastive learning, our 
method rises PSNR remarkably by 0.427dB, 0.576dB and 
0.461dB for DRF =100, 50, 20, respectively. In addition, we 
further construct variant models by (I) leveraging hard negative 
samples in image domain, and (II) adopting LPET images as 
negative samples. Compared with (I), we can clearly see that 
pulling RPET and SPET closer from a frequency perspective 
contribute to boosting RPET image quality, proving the 
effectiveness of our design. Moreover, it can be observed that 
variant (II) provides limited knowledge for contrastive learning, 
while our model achieves better reconstruction performance by 
constructing Gaussian-blurred SPET as hard negatives. 

IV. CONCLUSION 
In this work, we verify that frequency domain enables 

degradation-level characterization of LPET and design the 
multi-dose-level PET reconstruction network from a frequency 

 
Fig. 3. Visual comparison of the proposed method with state-of-the-art approaches on MICCAI 2022 UDPET Dataset. 

 

 
Fig. 4. Visual comparison of the proposed method with state-of-the-art approaches on Phantom Brain Dataset. 

 
TABLE II 

QUANTITATIVE COMPARISON OF THE PROPOSED METHOD WITH THREE VARIANT MODELS IN TERMS OF PSNR , SSIM  AND NRMSE , RESPECTIVELY. 

Model DRF=100 DRF=50 DRF=20 
PSNR SSIM NRMSE PSNR SSIM NRMSE PSNR SSIM NRMSE 

(A) 29.232 0.953 0.191 30.258 0.963 0.163 30.314 0.968 0.158 
(B) 29.852 0.864 0.178 31.465 0.881 0.145 33.829 0.962 0.111 
(C) 30.117 0.943 0.173 31.694 0.960 0.143 34.191 0.981 0.107 
(I) 30.413 0.957 0.175 32.184 0.968 0.140 34.122 0.981 0.108 
(II) 30.157 0.962 0.170 32.018 0.974 0.140 34.241 0.984 0.109 

Ours 30.544 0.962 0.165 32.270 0.974 0.135 34.652 0.984 0.104 

LPET Auto-Context StackGAN EaGANU-Net ARGAN M-cGAN

DRF=100

DRF=50

DRF=20

Ground Truth CGSRGAN RefineNet ProposedAdaIR

Input LPET StackGAN GDL-GAN Ea-GANGround Truth AR-GANAuto-Context McGAN ProposedCGSRGAN RefineNet AdaIR



perspective. Considering the inherent modality consistency 
between LPET and SPET images, we design a dual-branch 
decoding architecture to learn more robust features. Meanwhile, 
in view of the fact that the disparities among PET images at 
different DRFs are mainly manifested in high-frequency 
components, we explore the inherent dose prior thorough a high-
frequency component classification task to guide more precise 
reconstruction. Moreover, to alleviate the high-frequency detail-
distorted reconstruction, we apply the frequency contrastive 
learning, utilizing task-friendly embeddings to reduce subtle 
high-frequency texture discrepancies between RPET and SPET 
images. In contrast to the common paradigms that directly apply 
LPET images as negative samples, we incorporate blur to the 
SPET images drawing inspiration from the hard negative sample 
strategy. The experimental results validate the superiority and 
practicality of our model. Limitations include ignoring some 3D 
partial information when using 2D slices and the inclusion of 
limited degrees of degradation; future work will leverage 3D 
spatial information and extend the model to diverse degradation 
scenarios and multiple scanners. 
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