
Motivations and Contribution

Contributions:
⚫ We propose to add perturbations to the training data to improve the BSN

performance and suggest that the sub-samples difference generated by sampling

can be considered as perturbations for higher performance.

⚫ We propose a new self-supervised framework for real image denoising with

random sub-samples generation and cyclic sampling difference loss.

⚫ Our method performs very favorably against state-of-the-art (SOTA) self-

supervised denoising methods on real-world datasets.
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Method

Network Architecture：

Results
⚫ Quantitative comparisons on the SIDD/DND dataset:

⚫ Qualitative comparisons on the SIDD/DND dataset:

Motivations:

Noise2Void Analysis:

Conclusion
⚫ We first analyze the reasons for the limited performance of BSN when used for

real image denoising. Based on this, we propose to add perturbations to the

training data and consider sampling difference as perturbation.

⚫ We propose SDAP framework with random sub-samples generation and cyclic

sampling difference loss. Our SDAP does not require clean images for training

and outperforms existing pseudo-supervised/self-supervised methods.

Codes

Random Sub-Samples Generation (RSG) Results of sampling by RSG and PD
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However, real images do not satisfy the pixel-wise independent noise assumptions

of BSN and often have a limited number of captured images.

AP-BSN Analysis:

However, real datasets tend to have a much smaller sample number than synthetic

datasets，BSN requires noisy-noisy pairs for training. The overfitting of BSN will

make the denoising result fit the noisy image and affect the denoising performance.

Sampling Difference as Perturbation:
PD can produce a series of similar sub-images (PD1(y), PD2(y), ... Since the PD

sampling process does no overlap, the pixels in the sub-images that are at the

same position are not located at the same position in the original image. There are

certain differences between these sub-images, which we refer to as sampling

difference.

Cyclic Sampling Difference BSN Loss:
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(1) It imposes constraints on the full pixel of the original noisy image; (2) It ensures

that all the sub-samples generated by RSG are well exploited; (3) It makes the

training of BSN more robust.

Proposed SDAP Framework:
For the training stage, we first sample the noisy images into s2 sub-samples by

RSG. Then, we denoise sub-samples by BSN. The loss is calculated by cross-

pairing the subsamples after denoising with those before denoising. Finally, the

above steps are iterated, and the loss function is updated to optimize the BSN until

it converges.
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