7T B taZ D X BE R AR BT &

W14 % 2 £ % i A Vol. 14 No. 2
2025 4¢3 A JOURNAL OF INTEGRATION TECHNOLOGY Mar. 2025
gI3z#g3K:

PITIEE, SEE2R, WO, S5, THT R 0 B 25 MR A 1 v CRAE T8k (0], SRR, 2025, 14(2): 46-57.
Rui HH, Nie ZD, Zeng G, et al. Efficient sampling method for unsupervised denoising model [J]. Journal of Integration
Technology, 2025, 14(2): 46-57.

HE B ERERN SR TG A
W BEE W O R

V(R E R EYE R AR R R WY 518055)
(hEBEERE RS JEEC 100049)

B B ETREINBIMRE MR IEA MU R T % G026 5 7R B BB 2 A0 2 M 7 AR Y i) R
SR, A7 B 2 ST IR AR I )™ ARG T 1M P P BOnS, PR 1 SRR (2 A . e 2 )
FWRA R AT LR A BB EAT ISR, (BB BT B 5 M VR AT AE I 2580 5 2R ek e M DA e
R i R e AT — R RO MR LR, 3T T BRI ZR R . Bk, ASCTT SR
BT AR AR N RS T A 5 S R e SR SR A R (AR LB GO0 2 TR
A TR T BB B R AR B AN ZE3R, i FLER LT 48R KA & 3 T #r IR AE
B 1R AT B P AR . R, AN ST bR A L 2R A T A AN TR R A A 1 SR B
AN BB SIS IE T A SCONERAT N, SIS a8 KR ARSCHRE ) 1R SR A ROT i 1R
HEMBERE

Xp8iE EEER, TRE: TR
FESES TPIS3; R319  HEAFRERS A doi: 10.12146/.issn.2095-3135.20241224001
CSTR: 32239.14.j.issn.2095-3135.20241224001

Efficient Sampling Method for Unsupervised Denoising Model
RUI Haohui'” NIE Zedong' ZENG Guang' QIN Wenjian'""

'( Shenzhen Institutes of Advanced Technology, Chinese Academy of Sciences, Shenzhen 518055, China )
*( University of Chinese Academy of Sciences, Beijing 100049, China )

*Corresponding Author: wj.qin@siat.ac.cn

Abstract Image denoising methods based on deep learning have effectively solved the problems of
cumbersome parameter tuning and complex noise modeling in traditional denoising methods. However, the
model training of supervised learning relies heavily on pairs of clean and noisy images, which limits the wide
application of such models. Unsupervised learning denoising models only require single noisy images for

training, but the existing unsupervised denoising methods still have the problem that it is difficult to balance
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network training efficiency and denoising performance. This paper proposes an efficient image denoising
method, which improves the efficiency of denoising model training. Specifically, this method proposes a deep
neighbor downsampler, which is used to obtain similar image pairs for training the noise model from the same
noisy image. The research proposed sampler method not only meets the requirements that the pixels of the
image pairs are adjacent and the appearances are similar, but also the deep neighbor downsampling discards
some redundant information and avoids heavy dependence on assumptions about the noise distribution.
Finally, the research verify the effectiveness of the research method through synthetic experiments with
various noise distributions in the standard red green blue space and real image experiments. The experimental
results confirm that the sampling strategy the research proposed effectively overcomes the balance problem

between training efficiency and denoising performance.

Keywords image denoising; unsupervised; downsampling
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Fig.1 Overview of the overall framework
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Table 1 Performance of 4 downsamplers
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Table 2 Efficiencies of 4 downsamplers
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Table 3 Training time of 4 downsamplers
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Fig.2 Schematic diagram of downsampler experiment
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Table 4 Experimental results of deep nearest neighbor downsampler
PSNR/SSIM
g P R Y
KODAK BSD300 SET14

Gaussian_25 31.95/0.873 30.79/0.871 31.00/0.859
Gaussian5_50 31.09/0.842 29.96/0.838 30.12/0.835
Poisson_30 31.23/0.861 30.04/0.857 30.16/0.847
Poisson5_50 30.55/0.844 29.61/0.844 29.74/0.836
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Fig.3 Experimental results
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Table 5 Experimental results of Neighbor2Neighbor downsampler

) PSNR/SSIM
W A
KODAK BSD300 SET14
Gaussian_25 32.08/0.878 30.91/0.876 31.11/0.863
Gaussian5_50 31.96/0.866 30.69/0.858 30.98/0.855
Poisson_30 31.44/0.871 30.22/0.866 30.30/0.852
PoissonS_50 30.70/0.846 29.75/0.849 29.90/0.841
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Fig. 4 Experimental results comparison
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Table 6 Quantitative comparison of different methods for Gaussian noise and Poisson noise under various parameters

PSNR/SSIM
Ik 7 2 Y Jiik
KODAK BSD300 SET14
Gaussian_25 N2C P 32.43/0.884 31.05/0.879 31.40/0.869
N2N M 32.41/0.884 31.04/0.878 31.37/0.868
N2v 30.32/0.821 29.34/0.824 28.84/0.802
DBSN 31.64/0.856 29.80/0.839 30.63/0.846
Neighbor2Neighbor'*” 32.08/0.878 30.91/0.876 31.11/0.863
VR IWIRrS 31.95/0.873 30.79/0.871 31.00/0.859
Gaussian5_50 N2 32.51/0.875 31.07/0.866 31.41/0.863
N2N [ 32.50/0.875 31.07/0.866 31.39/0.863
N2y 30.44/0.806 29.31/0.801 29.01/0.792
DBSN 30.38/0.826 28.34/0.788 29.49/0.814
Neighbor2Neighbor" 31.96/0.866 30.69/0.858 30.98/0.855
E RV IWIRFS 31.09/0.842 29.96/0.838 30.12/0.835
Poisson_30 N2CP 31.78/0.876 30.36/0.868 30.57/0.858
N2N M 31.77/0.876 30.35/0.868 30.56/0.857
N2v ! 28.90/0.788 28.46/0.798 27.73/0.774
DBSN 30.07/0.827 28.19/0.790 29.16/0.814
Neighbor2Neighbor™* 31.44/0.871 30.22/0.866 30.30/0.852
¥R AT 31.23/0.861 30.04/0.857 30.16/0.847
Poisson5_50 N2C P 31.19/0.861 29.79/0.848 30.02/0.842
N2N [ 31.18/0.861 29.78/0.848 30.02/0.842
A 28.78/0.758 27.92/0.766 27.43/0.745
DBSN ¥ 29.60/0.811 27.81/0.771 28.72/0.800
Neighbor2Neighbor™* 30.70/0.846 29.75/0.849 29.90/0.841
AT T 30.55/0.844 29.61/0.844 29.74/0.836
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Fig. 5 Experimental results from FMD
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