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Abstract

Recent advances in deep learning have been pushing im-
age denoising techniques to a new level. In self-supervised
image denoising, blind-spot network (BSN) is one of the
most common methods. However, most of the existing BSN
algorithms use a dot-based central mask, which is recog-
nized as inefficient for images with large-scale spatially
correlated noise. In this paper, we give the definition of
large-noise and propose a multi-mask strategy using mul-
tiple convolutional kernels masked in different shapes to
further break the noise spatial correlation. Furthermore,
we propose a novel self-supervised image denoising method
that combines the multi-mask strategy with BSN (MM-BSN).
We show that different masks can cause significant per-
formance differences, and the proposed MM-BSN can ef-
ficiently fuse the features extracted by multi-masked layers,
while recovering the texture structures destroyed by multi-
masking and information transmission. Our MM-BSN can
be used to address the problem of large-noise denoising,
which cannot be efficiently handled by other BSN meth-
ods. Extensive experiments on public real-world datasets
demonstrate that the proposed MM-BSN achieves state-of-
the-art performance among self-supervised and even un-
paired image denoising methods for sRGB images denois-
ing, without any labelling effort or prior knowledge. Code
can be found in https://github.com/danniel25/MM-BSN.

1. Introduction

Image denoising is a key step in image processing, and
the denoising performance has a significant impact on the
subsequent image processing tasks. Traditional image de-
noising methods [8, 11,27] are time consuming and costly,
but usually have poor robustness in real-world applications.
With the advancement of deep learning, learning-based im-
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(a) DnCNN [43]
(Supervised)

(b) C2N [16]+DIDN [39]
(Unpaired)

(c) AP-BSN [22] (d) MM-BSN
(Self-supervised) (Self-supervised)
Figure 1. Visual comparison of our MM-BSN with other com-

peting methods on the DND benchmark. (a) DnCNN is trained
on real-world noisy-clean pairs from the SIDD Medium dataset
[1]. (b) C2N uses clean SIDD [1] and noisy DND [33] samples
to simulate the real-world noise distribution in an unsupervised
manner. (c) AP-BSN is trained directly on the noisy images in
the SIDD Medium dataset [1]. (d) MM-BSN is trained on images
with real noise from SIDD. We mark the PSNR (dB) and SSIM
with respect to the groundtruth for the quantitative comparison.

age denoising algorithms have made great progress and can
be divided into two classes, supervised methods and self-
supervised methods.

The supervised denoising methods [2,5,7,12,40,41,43]
have relatively better performance than the self-supervised.
However, supervised image denoising requires a large num-
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ber of noisy-clean image pairs, which are difficult to collect
in practical applications, and generating such image pairs
requires massive human effort and cost. One of the most
common ways is to add simulated real-world noises, such as
Additive White Gaussian Noise (AWGN), to clean images
to artificially synthesize noisy images so as to obtain syn-
thetic noisy-clean pairs [12,17,25,32,43,44]. Nevertheless,
there is always an unavoidable gap between the synthetic
noise and the real noise, which severely affects the perfor-
mance of these supervised models trained on synthetic noise
in the real-world image denoising applications. In addition,
in some cases, it is also difficult to obtain clean images.

In this situation, many self-supervised image denoising
methods [3,15,18,19,23,45] that do not require noisy-clean
image pairs have been proposed. Noise2Noise [23] used
noisy-noisy image pairs to train the model, which achieved
comparable performance to supervised algorithms. But it
requires two perfectly aligned noisy images, which are diffi-
cult to obtain in practice. Noisier2Noise [29] and NAC [38]
added the same type of noise as the existing noise to the
original noisy image to form noisier-noisy pairs as the train-
ing set. This requires the model users to know the spe-
cific types of the noise in the image, which is unrealistic
in practice because the causes of noise are diverse and the
type of noise can change constantly in real-world. IDR [45]
adopted an iterative approach, taking the noisy images as in-
puts to the existing denoising model trained by noisier-noisy
pairs, and treating the output as the next round optimization
target to further refine the denoising model. In this way, the
denoising model is optimized by iterations, which can eas-
ily lead to the final denoised image being over-smoothened.
Noise2Void [18] proposed a blind spot network (BSN) de-
noising method based on the assumption that pixel signals
in the image are spatially correlated in the image, and noise
signals are spatially independent with zero-mean. In recent
years, several publications [13, 18,20, 37] have shown that
BSN is effective in synthesizing noise for denoising. How-
ever, real-world noise is usually spatially continuous. In
most existing BSN denoising methods [3,13,18,19,22,37],
the masks used to generate blind spots have a single pixel
blinded in the center, which makes it difficult to denoise
when the noise correlated area is large. Zhang et al. [42]
combined Transformer and CNN to achieve a trade-off be-
tween denoising images with global spatially correlated
noise and preserving local detail. However, Transformer is
computationally intensive, making it difficult to deploy in
practical applications on mobile devices [36].

Motivated by the fact that different shapes of convolution
kernels can extract different features, we propose a variety
of masks with different shapes to generate blind spots, such
as ’+’-shaped mask, ’[1’-shaped mask, ’x’-shaped mask,
and so on. The multi-masks with different blind spots are
used to mask the surrounding pixels at different positions,

so as to destroy the spatial correlations of the noise in multi-
direcion. And we systematically demonstrate the effective-
ness of using different masks or different mask combina-
tions for image denoising. In addition, we propose an en-
hanced BSN that combines with the multi-mask strategy,
namely MM-BSN, to more efficiently integrate multi-mask
paths, recover the destroyed textures, and control the model
size. Extensive experiments demonstrate the effectiveness
and superiority of the proposed method.

The main contributions of our work are as follows:

1.To the best of our knowledge, we are the first to ex-
plore the combination of different convolution kernels with
multi-mask to extract features, and to perform denoising on
images with large-scale spatially correlated noise in self-
supervised. Furthermore, our multi-mask strategy can be
integrated with other methods.

2. We propose a novel self-supervised MM-BSN that can
integrate the features extracted by multi-masked convolu-
tion kernels, control the model size growth, and preserve
the image detail when denoising.

3. Our approach achieves the state-of-the-art perfor-
mance among published self-supervised SRGB image de-
noising methods, which is significant for practical applica-
tions.

2. Related Work

Supervised image denoising. Zhang et al. [43] first pro-
posed a deep learning based image denoising method called
DnCNN, which trained the model with generating noisy-
clean pairs by manually adding AWGN to clean images.
Subsequently, many researchers proposed other image de-
noising methods [2, 5,9, 10, 17, 21, 25, 32] based on deep
learning by adding AWGN to clean sSRGB images. How-
ever, the denoising performance of these models in the real
world was unsatisfactory due to the large gap between artifi-
cial and real-world noise. Scholars [4,28] proposed to con-
vert SRGB images to rawRGB first, and then added Pois-
son noise corresponding to shot noise and Gaussian noise
corresponding to read noise to rawRGB. After denoising in
rawRGB space, the final denoised result image was con-
verted back to SRGB space using ISP tools. For this denois-
ing method, accurate noise estimation and modelling was
essential for success. Although the noise obtained by statis-
tical modelling reduced the gap between the synthetic noise
and the real noise, the injected noise was not real and exter-
nal factors could alter the accuracy of the noise modelling.
To this end, it was recognized that the most effective way
to denoise was to use the noisy-clean pairs [7, 14, 34,41]
directly from the real-world when available. However, such
a noisy-clean pair dataset requires a huge amount of human
labour to collect and a huge amount of time to construct
in the real world, and was even more impractical given the
diverse application scenarios.

4190





















References

(1]

(2]

(3]

(4]

(3]

(6]

(7]

(8]

(9]

[10]

(1]

[12]

[13]

Abdelrahman Abdelhamed, Stephen Lin, and Michael S
Brown. A high-quality denoising dataset for smartphone
cameras. In Proceedings of the IEEE Conference on Com-
puter Vision and Pattern Recognition, pages 1692-1700,
2018.

Saeed Anwar and Nick Barnes. Real image denoising with
feature attention. In Proceedings of the IEEE/CVF inter-
national conference on computer vision, pages 3155-3164,
2019.

Joshua Batson and Loic Royer. Noise2self: Blind denoising
by self-supervision. In International Conference on Machine
Learning, pages 524-533. PMLR, 2019.

Tim Brooks, Ben Mildenhall, Tianfan Xue, Jiawen Chen,
Dillon Sharlet, and Jonathan T Barron. Unprocessing images
for learned raw denoising. In Proceedings of the IEEE/CVF
Conference on Computer Vision and Pattern Recognition,
pages 11036-11045, 2019.

Meng Chang, Qi Li, Huajun Feng, and Zhihai Xu. Spatial-
adaptive network for single image denoising. In European
Conference on Computer Vision, pages 171-187. Springer,
2020.

Jingwen Chen, Jiawei Chen, Hongyang Chao, and Ming
Yang. Image blind denoising with generative adversarial net-
work based noise modeling. In Proceedings of the IEEE con-
ference on computer vision and pattern recognition, pages
3155-3164, 2018.

Liangyu Chen, Xiaojie Chu, Xiangyu Zhang, and Jian Sun.
Simple baselines for image restoration. arXiv preprint
arXiv:2204.04676, 2022.

Kostadin Dabov, Alessandro Foi, Vladimir Katkovnik, and
Karen Egiazarian. Image denoising by sparse 3-d transform-
domain collaborative filtering. IEEE Transactions on image
processing, 16(8):2080-2095, 2007.

Faming Fang, Juncheng Li, Yiting Yuan, Tieyong Zeng, and
Guixu Zhang. Multilevel edge features guided network for
image denoising. [EEE Transactions on Neural Networks
and Learning Systems, 32(9):3956-3970, 2020.

Shuhang Gu, Yawei Li, Luc Van Gool, and Radu Timofte.
Self-guided network for fast image denoising. In Proceed-
ings of the IEEE/CVF International Conference on Com-
puter Vision, pages 2511-2520, 2019.

Shuhang Gu, Lei Zhang, Wangmeng Zuo, and Xiangchu
Feng. Weighted nuclear norm minimization with applica-
tion to image denoising. In Proceedings of the IEEE con-
ference on computer vision and pattern recognition, pages
2862-2869, 2014.

Shi Guo, Zifei Yan, Kai Zhang, Wangmeng Zuo, and Lei
Zhang. Toward convolutional blind denoising of real pho-
tographs. In Proceedings of the IEEE/CVF conference on
computer vision and pattern recognition, pages 1712-1722,
2019.

David Honzétko, Siavash A Bigdeli, Engin Tiiretken, and
L Andrea Dunbar. Efficient blind-spot neural network archi-
tecture for image denoising. In 2020 7th Swiss Conference
on Data Science (SDS), pages 59-60. IEEE, 2020.

(14]

(15]

[16]

(17]

(18]

(19]

(20]

(21]

(22]

(23]

(24]

[25]

[26]

4197

Xiaowan Hu, Ruijun Ma, Zhihong Liu, Yuanhao Cai, Xiaole
Zhao, Yulun Zhang, and Haogian Wang. Pseudo 3d auto-
correlation network for real image denoising. In Proceed-
ings of the IEEE/CVF Conference on Computer Vision and
Pattern Recognition, pages 16175-16184, 2021.

Tao Huang, Songjiang Li, Xu Jia, Huchuan Lu, and
Jianzhuang Liu. Neighbor2neighbor: Self-supervised de-
noising from single noisy images. In Proceedings of
the IEEE/CVF conference on computer vision and pattern
recognition, pages 14781-14790, 2021.

Geonwoon Jang, Wooseok Lee, Sanghyun Son, and Ky-
oung Mu Lee. C2n: Practical generative noise modeling for
real-world denoising. In Proceedings of the IEEE/CVF Inter-
national Conference on Computer Vision, pages 2350-2359,
2021.

Yoonsik Kim, Jae Woong Soh, Gu Yong Park, and Nam Ik
Cho. Transfer learning from synthetic to real-noise denois-
ing with adaptive instance normalization. In Proceedings of
the IEEE/CVF Conference on Computer Vision and Pattern
Recognition, pages 3482-3492, 2020.

Alexander Krull, Tim-Oliver Buchholz, and Florian Jug.
Noise2void-learning denoising from single noisy images. In
Proceedings of the IEEE/CVF conference on computer vi-
sion and pattern recognition, pages 2129-2137, 2019.
Alexander Krull, Toma$ Vicar, Mangal Prakash, Manan
Lalit, and Florian Jug. Probabilistic noise2void: Unsuper-
vised content-aware denoising. Frontiers in Computer Sci-
ence, 2:5, 2020.

Samuli Laine, Tero Karras, Jaakko Lehtinen, and Timo Aila.
High-quality self-supervised deep image denoising. Ad-
vances in Neural Information Processing Systems, 32, 2019.
Rushi Lan, Haizhang Zou, Cheng Pang, Yanru Zhong, Zhen-
bing Liu, and Xiaonan Luo. Image denoising via deep resid-
ual convolutional neural networks. Signal, Image and Video
Processing, 15(1):1-8, 2021.

Wooseok Lee, Sanghyun Son, and Kyoung Mu Lee. Ap-
bsn: Self-supervised denoising for real-world images via
asymmetric pd and blind-spot network. In Proceedings of
the IEEE/CVF Conference on Computer Vision and Pattern
Recognition, pages 17725-17734, 2022.

Jaakko Lehtinen, Jacob Munkberg, Jon Hasselgren, Samuli
Laine, Tero Karras, Miika Aittala, and Timo Aila.
Noise2noise: Learning image restoration without clean data.
arXiv preprint arXiv:1803.04189, 2018.

Bee Lim, Sanghyun Son, Heewon Kim, Seungjun Nah, and
Kyoung Mu Lee. Enhanced deep residual networks for single
image super-resolution. In Proceedings of the IEEE confer-
ence on computer vision and pattern recognition workshops,
pages 136-144, 2017.

Pengju Liu, Hongzhi Zhang, Wei Lian, and Wangmeng Zuo.
Multi-level wavelet convolutional neural networks. IEEE Ac-
cess, 7:74973-74985, 2019.

Pengju Liu, Hongzhi Zhang, Kai Zhang, Liang Lin, and
Wangmeng Zuo. Multi-level wavelet-cnn for image restora-
tion. In Proceedings of the IEEE conference on computer
vision and pattern recognition workshops, pages 773-782,
2018.



[27]

(28]

[29]

(30]

(31]

(32]

(33]

[34]

[35]

(36]

(37]

(38]

(39]

[40]

Enming Luo, Stanley H Chan, and Truong Q Nguyen. Adap-
tive image denoising by targeted databases. /EEE transac-
tions on image processing, 24(7):2167-2181, 2015.

Ben Mildenhall, Jonathan T Barron, Jiawen Chen, Dillon
Sharlet, Ren Ng, and Robert Carroll. Burst denoising with
kernel prediction networks. In Proceedings of the IEEE con-
ference on computer vision and pattern recognition, pages
2502-2510, 2018.

Nick Moran, Dan Schmidt, Yu Zhong, and Patrick Coady.
Noisier2noise: Learning to denoise from unpaired noisy
data. In Proceedings of the IEEE/CVF Conference on Com-
puter Vision and Pattern Recognition, pages 12064—12072,
2020.

Reyhaneh Neshatavar, Mohsen Yavartanoo, Sanghyun Son,
and Kyoung Mu Lee. Cvf-sid: Cyclic multi-variate function
for self-supervised image denoising by disentangling noise
from image. In Proceedings of the IEEE/CVF Conference
on Computer Vision and Pattern Recognition, pages 17583—
17591, 2022.

Tongyao Pang, Huan Zheng, Yuhui Quan, and Hui Ji.
Recorrupted-to-recorrupted: unsupervised deep learning for
image denoising. In Proceedings of the IEEE/CVF con-
ference on computer vision and pattern recognition, pages
2043-2052, 2021.

Bumjun Park, Songhyun Yu, and Jechang Jeong. Densely
connected hierarchical network for image denoising. In Pro-
ceedings of the IEEE/CVF conference on computer vision
and pattern recognition workshops, pages 0-0, 2019.
Tobias Plotz and Stefan Roth. Benchmarking denoising
algorithms with real photographs. In Proceedings of the
IEEE conference on computer vision and pattern recogni-
tion, pages 1586-1595, 2017.

SMA Sharif, Rizwan Ali Naqvi, and Mithun Biswas. Learn-
ing medical image denoising with deep dynamic residual at-
tention network. Mathematics, 8(12):2192, 2020.

Zejin Wang, Jiazheng Liu, Guoqing Li, and Hua Han.
Blind2unblind: Self-supervised image denoising with visi-
ble blind spots. In Proceedings of the IEEE/CVF Conference
on Computer Vision and Pattern Recognition, pages 2027—
2036, 2022.

Fei Wen, Mian Qin, Paul Gratz, and Narasimha Reddy. Soft-
ware hint-driven data management for hybrid memory in mo-
bile systems. ACM Transactions on Embedded Computing
Systems (TECS), 21(1):1-18, 2022.

Xiaohe Wu, Ming Liu, Yue Cao, Dongwei Ren, and Wang-
meng Zuo. Unpaired learning of deep image denoising. In
European conference on computer vision, pages 352-368.
Springer, 2020.

Jun Xu, Yuan Huang, Ming-Ming Cheng, Li Liu, Fan Zhu,
Zhou Xu, and Ling Shao. Noisy-as-clean: Learning self-
supervised denoising from corrupted image. /IEEE Transac-
tions on Image Processing, 29:9316-9329, 2020.

Songhyun Yu, Bumjun Park, and Jechang Jeong. Deep iter-
ative down-up cnn for image denoising. In Proceedings of
the IEEE/CVF Conference on Computer Vision and Pattern
Recognition Workshops, pages 0-0, 2019.

Zongsheng Yue, Hongwei Yong, Qian Zhao, Deyu Meng,
and Lei Zhang. Variational denoising network: Toward blind

(41]

(42]

(43]

[44]

[45]

4198

noise modeling and removal. Advances in neural information
processing systems, 32, 2019.

Zongsheng Yue, Qian Zhao, Lei Zhang, and Deyu Meng.
Dual adversarial network: Toward real-world noise removal
and noise generation. In European Conference on Computer
Vision, pages 41-58. Springer, 2020.

Dan Zhang and Fangfang Zhou. Self-supervised image
denoising for real-world images with context-aware trans-
former. IEEE Access, 2023.

Kai Zhang, Wangmeng Zuo, Yunjin Chen, Deyu Meng, and
Lei Zhang. Beyond a gaussian denoiser: Residual learning of
deep cnn for image denoising. IEEE transactions on image
processing, 26(7):3142-3155, 2017.

Kai Zhang, Wangmeng Zuo, and Lei Zhang. Ffdnet: Toward
a fast and flexible solution for cnn-based image denoising.
IEEFE Transactions on Image Processing, 27(9):4608-4622,
2018.

Yi Zhang, Dasong Li, Ka Lung Law, Xiaogang Wang, Hong-
wei Qin, and Hongsheng Li. Idr: Self-supervised image
denoising via iterative data refinement. In Proceedings of
the IEEE/CVF Conference on Computer Vision and Pattern
Recognition, pages 2098-2107, 2022.



