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Multi-modular self-supervised image denoising network based on

feed—forward convolutional neural network
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Abstract: In order to solve the problem that pairwise noisy images and clean images are difficult to obtain in
the process of denoising, this paper proposes a multi-modular self-supervised image denoising network
based on feed—forward convolutional neural network (MMS-DNet). The algorithm uses the improved
DnCNN architecture. By adding a multivariate input module that combines original image down-sampling
and global noise level estimation, multiple input sub—images are generated while compensating for the
information loss in the generation process. The introduction of redundant information in the image
reconstruction process is avoided by adding a sub—pixel convolution module. Experimental results show that
the network outperforms existing self-supervised learning algorithms on the BSD68 and Setl2 datasets of
intensity images, and also achieves good results on CBSD68 and Kodak24 datasets of color images.
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Table 1 Model architecture of different images
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Table 2 Different noise level comparison on

BSD68 dataset dB/-
ik =15 0=25 0=50

PSNR/SSIM PSNR/SSIM PSNR/SSIM
BM3D 31.07/0.82 28.57/0.80 25.62/0.69
WNNM 31.37/0.82 28.83/0.81 25.87/0.70
DnCNN 31.72/0.83 29.23/0.83 26.23/0.72
N2N 30.89/0.85 28.86/0.82 25.77/0.70
Blind2Unblind 31.44/0.89 28.99/0.82 26.09/0.72
SwinlA 31.07/0.86 29.17/0.80 26.61/0.71
MMS-DNet 31.66/0.87 29.28/0.82 26.30/0.72
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Fig.5 Image denoising results by different methods

on BSD68 dataset
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Table 3 Different noise level comparison on

Set12 dataset dB/-
Sk =15 0=25 =50

PSNR/SSIM  PSNR/SSIM  PSNR/SSIM
BM3D 32.37/0.87 29.97/0.85 26.72/0.77
WNNM 32.70/0.85 30.26/0.86 27.05/0.78
DnCNN 32.86/0.91 30.43/0.87 27.18/0.78
N2N 32.60/0.90 30.02/0.85 26.83/0.77
Blind2Unblind 32.46/0.90 30.09/0.85 26.01/0.78
SwinlA 30.37/0.86 28.72/0.82 26.03/0.74
MMS-DNet 32.75/0.89 30.47/0.88 27.41/0.79
2.4.2 BOEEGER
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TR G 28 45 A5 R0 [ W 5 () PSNR FTSSIM {E . M
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Fig. 6 Image denoising results by different methods

on Setl2 dataset o=25
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Table 4 Different noise level comparison on

(h)SwinlA (1)Ours

CBSD68 dataset dB/-
S =15 =25 =50

PSNR/SSIM  PSNR/SSIM  PSNR/SSIM
BM3D 33.52/0.93 30.71/0.86 27.38/0.79
WNNM 33.67/0.93 31.02/0.87 27.79/0.79
DnCNN 33.89/0.93 31.23/0.88 27.92/0.79
N2N —/— 30.79/0.87 —/—
Blind2Unblind 33.67/0.92 30.86/0/86 27.88/0.78
SwinlA 33.45/0.91 28.40/0.79 27.34/0.72
MMS-DNet 33.87/0.93 31.21/0.88 27.95/0.79

(h)SwinlA (i)Ours

(2)Blind2Unblind
El7 7 CBSD68#{REE LIRS R o=25 MR
R
Fig. 7 Image denoising results by different methods
on CBSD68 o=25
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Table 5 Different noise level comparison on

Kodak24 dataset dB/-
- o=15 0=25 =50

PSNR/SSIM  PSNR/SSIM  PSNR/SSIM
BM3D 34.28/0.92 31.68/0.87 28.46/0.78
WNNM 34.35/0.92 32.00/0.88 28.74/0.79
DnCNN 34.48/0.92 32.03/0.88 28.85/0.80
N2N —/— 32.08/0.88 —/=
Blind2Unblind 34.12/0.90 32.27/0.88 28.92/0.81
SwinlA 33.50/0.87 30.12/0.82 28.33/0.75
MMS-DNet 34.62/0.92 32.11/0.88 29.00/0.80
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Table 6 Ablation experiment under different conditions
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Fig.9 Image denoising results on MRI image

3 ZERIE

ASCE W T — A 2 B A R R
MMS-DNet. fEBLRIH, 5] A 2 J0 i A B8 2 B
JELUE P A B, PR SRR S B A B L 14
8 A 122 5 e W TR T A LA S ) M
IR A TAERGE B RE B R IMA T 7
BFRE R A BTl e AR bR AR P
TUARTR SR RTE T REIRACR . S as R RN
2 W 265 RE 52 BLBAT T i AR I B0 TR R R AT 55
T W (EL {5 M LU AN S5 R AR L PE B 48 bn Lk 38 1747 i
7 I WA A (ORI T T R IR MR R AT B
Fa S AT ML SEAT 55 1 AT .

SH WK

[1] SulJ, XuB, Yin H. A survey of deep learning ap-
proaches to image restoration[J]. Neurocomputing,
2022, 487: 46-65.

[2] LiuD, Wen B X, Liu X M, et al. When image de-
noising meets high—level vision tasks: A deep learning
approach[C]//Proceedings of the Twenty-Seventh In-
ternational Joint Conference on Artificial Intelligence,
Stockholm, Sweden, 2018: 842-848.

[3] Tomasi C, Manduchi R. Bilateral filtering for gray
and color images[()]//Proceedings of Sixth Interna-
tional Conference on Computer Vision, Bombay, In-
dia, 1998: 839-846.

[4] GuSH, Zhang L., Zuo W M, et al. Weighted nucle-
ar norm minimization with application to image denois-

ing[C1//Proceedings of the IEEE Conference on Com-



K5

% 94 SRR E A T A RAY 2 W& S A MR R

2475

(5]

(6]

(7]

[8]

(9]

(10]

[11]

[12]

[13]

[14]

[15]

puter Vision and Pattern Recognition, Columbus,
USA, 2014: 2862-2869.

Buades A, Coll B, Morel ] M. A non-local algo-
rithm for image denoising[C]//2005 IEEE Computer
Society Conference on Computer Vision and Pattern
Recognition, San Diego, USA, 2005: 60-65.

Dabov K, Foi A, Katkovnik V, et al. Image denois-
ing by sparse 3-D transform—domain collaborative fil-
tering[J]. IEEE Transactions on Image Processing,
2007, 16(8): 2080-2095.

Zhang K, Zuo W M, Gu S H, et al. Learning deep
CNN denoiser prior for image restoration[C] /2017
IEEE Conference on Computer Vision and Pattern
Recognition, Honolulu, USA, 2017: 2808-2817.
Valsesia D, Fracastoro G, Magli E. Deep graph—con-
volutional image denoising[J]. IEEE Transactions on
Image Processing, 2020, 29: 8226-8237.

Lehtinen J, Munkberg J, Hasselgren J, et al.
Noise2Noise: learning image restoration without clean
data[C] //Proceedings of International Conference on
Machine Learning, Stockholm, USA, 2018: 2965-
2974.

Goodfellow I, Pougetabadie J, Mirza M, et al. Gen-
erative adversarial networks[J]. Communications of
the ACM, 2020, 63(11): 139-144.

Chen J W, Chen J W, Chao HY, et al. Image blind
denoising with generative adversarial network based
noise modeling[C]//2018 IEEE/CVF Conference on
Computer Vision and Pattern Recognition, Salt Lake
City, USA, 2018: 3155-3164.

Chen H T, Wang Y H, Guo T'Y, et al. Pre-trained
image processing Transformer[C]//2021 IEEE/CVF
Conference on Computer Vision and Pattern Recogni-
tion, Nashville, USA,2021:12294-12305.

Vaswani A, Shazeer N, Parmar N, et al. Attention
is all you need[J]. Advances in Neural Information
Processing Systems, 2017, 30: 5998-6008.

Deng J, Dong W, Socher R, et al. ImageNet: A
large-scale hierarchical image database[C] /2009
IEEE Conferenceon Computer Vision and Pattern
Recognition, Miami, USA,2009: 248-255.

Pang T Y, Zheng H, Quan Y H, et al. Recorrupted—

to—recorrupted: Unsupervised deep learning for image

[19]

[23]

denoising[C]//Proceedings of the IEEE/CVF Confer-
ence on Computer Vision and Pattern Recognition,
Nashville, USA,2021: 2043-2052.

Martin D, Fowlkes C, Tal D, et al. A database of
human segmented natural images and its application
to evaluating segmentation algorithms and measuring
ecological statistics[C]//Proceedings Eighth IEEE In-
ternational Conference on Computer Vision, Vancou-
ver, Canada, 2001: 416-423.

Zhang K, Zuo W M, Chen Y J, et al. Beyond a
gaussian denoiser: residual learning of deep CNN for
image denoising[J]. IEEE Transactions on Image Pro-
cessing, 2017, 26: 3142-3155,

R Franzen .
[EB/OL]. [2026-08-23]. http://rOk. us/graphics/ko-
dak/

Huynh-Thu Q, Ghanbari M. Scope of validity of

Kodak lossless true color image suite

PSNR in image/video quality assessment[J]. Elec-
tronics Letters, 2008, 44(13): 800-801.

Wang Z, Bovik A C, Sheikh H R, et al. Image quali-
ty assessment: from error visibility to structural simi-
larity[J].
2004, 13(4): 600-612.

Zhang K, Zuo W M, Zhang L.. FFDNet: toward a

IEEE Transactions on Image Processing,

fast and flexible solution for CNN-based image de-
noising[J]. TEEE Transactions on Image Processing,
2018, 27(9): 4608-4622.

Gu S H, Zhang L, Zuo W M, et al. Weighted nucle-
ar norm minimization with application to image denois-
ing[C] /IEEE Conference on Computer Vision and
Pattern Recognition, Columbus, USA, 2014: 2862~
2869.

Wang Z J, LiuJ Z, Li G Q, et al. Blind2unblind:
Self-supervised image denoising with visible blind
spots[C]//Proceedings of the IEEE/CVF Conference
on Computer Vision and Pattern Recognition, New
Orleans, USA,2022: 2017-2026.

Mikhail P, Chizhov P, Parts L.. SwinlA: self-super-
vised blind-spot image denoising with zero convolu-
tions[C] /2025 IEEE/CVF Winter Conference on
Applications of Computer Vision, Tucson, Arizona,

USA,2023: 7071-7080.



