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Image Denoising Network Model Combined with Multi-head Attention Mechanism

LI Yueyue' , LIU Wanping' and HUANG Dong*

1 College of Computer Science and Engineering,Chongqing University of Technology,Chongqging 400054, China

2 Key Laboratory of Advanced Manufacturing Technology of the Ministry of Education,Guizhou University, Guiyang 550025, China
Abstract Due to the rapid development of GPU computing,deep learning has been applied in image denoising recently. Most of
the deep learning methods require noise-free images as training labels,but they are usually difficult or even impossible to obtain.
Therefore,some scholars begin to study the use of noisy images for noise reduction network training, but the restored image is
faced with the problem of losing details. Inspired by the idea of Noise2Noise(N2N) , this paper uses pairs of noised images to train
the neural network,to learn the distribution relationship between the same type of noise in the same range,and realize a new novel
image denoising network model. The newly-developed model(MA-UNet) is based on the classic UNet architecture and combines
the multi-head attention mechanism and simple residual network. It can capture the key information of the image,master the glo-
bal information of the feature, so as to recover clearer images. Compared with the traditional algorithm CBM3D and other me-
thods,such as DnCNN and B2U, MA-UNet has excellent performance in terms of parameters. Through the comparison of visual
images,our model restores much clearer image details. Compared with the model designed by N2N, under different noise magni-
tude, the mean value of the peak signal-to-noise ratio and the structural similarity index of the proposed model on four classical

data sets improve significantly.
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SRResNet in processing Gaussian noise image
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Fig. 7 Comparison of training process of MA-UNet and SRResNet

in processing random impulse noise image
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Fig. 8 Denoising effect of MA-UNet on Gaussian noise image
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F 1 ORFEME KT T 12 582 6 FH 09 B4 43 311 PSNR/SSIM
Table 1 PSNR/SSIM of 12 widely used images at different noise levels
®EKE o=15 0=25 =50 =22 =70
E % #A PSNR/SSIM PSNR/SSIM PSNR/SSIM PSNR/SSIM PSNR/SSIM
2 UNet 34.66/0.9396 32.77/0.8893 29.92/0.7848 35.27/0.9350 27.94/0.6567
MA-UNet 37.45/0.9507 34.63/0.9035 31.57/0.8092 39.21/0.9785 28.75/0.7485
L UNet 31.76/0.9864 29.05/0.9750 21.79/0. 9430 35.93/0.9737 24.39/0.8937
MA-UNet 33.52/0.9861 32.79/0.9788 33.64/0.9707 38.86/0.9902 28.66/0.9490
L UNet 33.68/0.9733 33.09/0. 9555 28.93/0.9134 34.40/0. 9642 26.71/0.8352
MA-UNet 36.28/0.9740 33.73/0.9606 30.91/0.9244 39.09/0.9900 30.08/0.9128
= UNet 34.82/0.9808 32.30/0.9636 29.16/0.9197 33.32/0.9678 24.32/0.8242
MA-UNet 37.22/0.9649 34.13/0.9682 30.22/0.9331 37.08/0.9884 26.61/0. 8886
e UNet 37.93/0.9768 36.21/0.9681 31.98/0.9345 33.06/0.9518 25.40/0.7812
MA-UNet 38.15/0.9796 35.78/0.9717 32.48/0.9423 37.75/0.9837 26.39/0.8464
F UNet 32.43/0.8471 31.40/0.8367 28.69/0.7354 31.13/0.8215 26.58/0.6971
MA-UNet 32.97/0.9117 31.11/0.8554 28.72/0.7618 33.00/0.8700 27.82/0.7396
A UNet 32.12/0.9462 30.61/0.9322 27.95/0.9091 29.69/0.9541 23.45/0. 8650
MA-UNet 33.26/0.9801 32.30/0.9650 28.86/0.9385 33.16/0.9863 23.93/0.8796
5 % UNet 33.74/0.9830 32.29/0.9658 28.82/0.9397 33.15/0.9866 23.93/0.8801
- MA-UNet 35.06/0.9800 31.87/0.9733 28.04/0.9369 31.63/0.9900 22.79/0.8277
# UNet 35.52/0.9913 31.90/0.9723 28.03/0.9359 31.64/0.9799 22.76/0.8280
’ MA-UNet 33.79/0.9820 31.07/0.9750 27.18/0.9389 27.5/0.9650 23.40/0.8992
KAk UNet 33.71/0.9762 31.04/0.9755 27.14/0.9394 27.59/0.9652 20.45/0.7989

MA-UNet 37.09/0.9797 34.53/0.9795 30.55/0.9397 30.27/0.9760 26.19/0.8810

AR BERBCR AN WG | MA-UNet A HE N2N 1 UNet  JBR T B (& MR AE 3 42000 (1 5 78 7 (0=15,25,50) 1 &
BRI E] T AL A e e MR fE . S5 b MBSO R B IRAICR,
SR SO K FRATT A A5 Bl AU SR bR R LR o it 5 22 2 HpORLE) B 2% R T AN TR o fE I 5 £E FCE
7 (CBM3D, DnCNN, B2U, SRResNet, UNet) #47 T [ #.  PSNR Fl SSIM,

# 2 AAZMBHRSE LT3 PSNR/SSIM
Table 2 Average PSNR/SSIM on four classical data sets

wn PSNR/SSIM
CBM3DMH] DnCNNLES] BzUlszl SRResNet31] UNetl14] MA-UNet
Set5 33.74/0.9458  35.92/0.9610  35.57/0.9564  34.51/0.9500  33.71/0.9402  36.02/0.9613
Setl4 32.51/0.9497  32.44/0.9500  32.43/0.9498  32.50/0.9485  32.55/0.9496  32.61/0.9499
o=15 B100 28.58/0.9425  34.78/0.9630  35.21/0.9652  35.18/0.9625  32.99/0.9570  35.29/0.9673
UrBan100 33.45/0.9787  34.82/0.9763  34.70/0.9793  34.56/0.9788  33.79/0.9773  34.90/0.9812
Set5 31.59/0.9286  33.02/0.9344  32.58/0.9412  33.13/0.9356  32.65/0.9276  33.66/0.9605
s Setl4 31.68/0.9310  30.46/0.9305  31.29/0.9296  31.06/0.9305  31.96/0.9300  33.18/0.9356
B100 31.02/0.9160  29.21/0.9370  33.69/0.9304  33.21/0.9355  30.87/0.9275  34.10/0.9582
UrBan100 30.97/0.9633  32.46/0.9666  32.32/0.9668  32.08/0.9663  31.70/0.9677  34.25/0.9696
Set5 28.48/0.8946  30.01/0.8962  29.92/0.8975  29.83/0.8800  29.40/0.8782  31.52/0.9029
. Setl4 29.64/0.8913  27.18/0.8905  29.25/0.8914  27.10/0.8795  29.29/0.8915  30.52/0.9102
B100 28.83/0.8625  26.83/0.8855  32.37/0.8899  30.25/0.8725  25.80/0.8595  32.20/0.8926

UrBanl00 2

3

.78/0/9323 28.20/0.9333 28.86/0.9311 28.82/0.9323 27.95/0.9250 28.87/0.9463
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Fig. 11  Denoising performance of different methods when

o=15(Gaussian)
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