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Abstract

Recently, medical image denoising methods based on deep learning have performed well. Howev-
er, one challenge for most of these methods needs paired synthetic training data, which will affect
clinic diagnosis such as COVID-19. In this paper, we proposed an unsupervised learning method
for Magnetic Resonance Imaging (MRI) denoising. Firstly, we separated the content and noise of
low-quality MRI images affected by noise through the content encoder and random noise encoder.
Secondly, we used Kullback-Leibler (KL) loss to regularize the distribution of noise. Thirdly, we
apply the adversarial loss on the model to make the denoising images look more realistic. Finally,
we added cycle-consistency loss and perception loss to ensure the consistency of the noisy image
and the denoised image. Experimental results showed the method we proposed achieved good
visual results.
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Figure 1. Overview of the denosing framework
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Figure 2. Synthetic MR data (T1w) obtained from the SBD for Experiment. (a), (b), (c), (d) are taken
from (A), (B), (C), (D). (A) and (C) are clean images. (B) and (D) are images with Rician noise
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Figure 3. Experiment on the T1w image with 5% Rician noise
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Figure 4. Experiment on the T1w image with 10% Rician noise
4. 7 10%EEIE AR Tiw EIIR RIS AR

image with 15%
Rician noise

ours denoising
results

CycleGAN

HDF f
i N

ground truth f
A

Figure 5. Experiment on the T1w image with 15% Rician noise
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Figure 6. Experiment on the T1w image with 20% Rician noise
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Figure 7. Experiment on the T1w image with 25% Rician noise
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Figure 8. Experiment on the T1w image with 30% Rician noise
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Table 1. PSNR results for different methods on the T1w image with different Rician noise levels
= 1 Tiw Ef&# PSNR 45

WiRrS 5% 10% 15% 20% 25% 30%
ADF 20.6106 20.3751 19.8617 18.9694 17.9012 16.8302
CycleGAN 20.0163 20.1530 20.2088 20.1578 20.0792 19.7676
Ours 225134 22.4281 22.3678 21.4129 20.4036 19.3042
Table 2. SSIM results for different methods on the T1w image with different Rician noise levels
= 2. Tlw EIf&AY SSIM £5R
T 5% 10% 15% 20% 25% 30%
ADF 0.7497 0.7125 0.6368 0.5044 0.3906 0.3104
CycleGAN 0.7606 0.7339 0.6901 0.6397 0.5897 0.5404
Ours 0.7604 0.7259 0.6768 0.6191 0.5569 0.4986
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Figure 9. Experiment on the PDw image with 5% Rician noise
9. # 5%3EATRARY PDW E{RHISLIRLER

image with 10%
Rician noise
h_-A
ours denoising
results
;—‘
CycleGAN
S
HDF
h-—-‘
ground truth
h.___‘

Figure 10. Experiment on the PDw image with 10% Rician noise
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Figure 11. Experiment on the PDw image with 15% Rician noise
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Figure 12. Experiment on the PDw image with 20% Rician noise
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Figure 13. Experiment on the PDw image with 25% Rician noise
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Figure 14. Experiment on the PDw image with 30% Rician noise
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Table 3. PSNR results for different methods on the PDw image with different Rician noise levels
= 3. PDw Elf& ) PSNR £55R

Method 5% 10% 15% 20% 25% 30%
ADF 15.7612 15.7056 15.5447 15.2093 14.7566 14.2606
CycleGAN 20.1043 20.1353 20.1436 20.1450 20.1828 20.1941
Ours 21.2514 20.9109 20.4918 20.0560 19.6652 19.1893

Table 4. SSIM results for different methods on the PDw image with different Rician noise levels
= 4. PDw [Ef%HY) SSIM £55R

Method 5% 10% 15% 20% 25% 30%
ADF 0.7807 0.7548 0.6819 0.5378 0.4159 0.3358
CycleGAN 0.7249 0.7094 0.6855 0.6581 0.6302 0.6027
Ours 0.6588 0.6457 0.6296 0.6120 0.5940 0.5721
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SSIM fE#flt. 2 J&, Cyclegan 145 it ADF A S T ffitfE.

4, g5ig
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