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Motivation
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NLM [1] is one of the simplest and most
efficient self-similarity based models.
BM3D [2] is one of the state-of-the-art
denoising methods. BM3D also exploits
self-similarity in the image.

DNCNN [3] Is based on deep neural Results
network using residual learning technique.

Dilated convolution [4] can be used to

decrease computational cost. w ] e - W A
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« Challenges:
1. BM3D algorithm is quite complex
2. Working with tensorflow and training the networks

e Future work: Combine BM3D with DnCNN
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