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1 Visual results

More denoising results are present on both synthetic and real noisy images. In the
comparisons of synthetic noisy images, we choose CBM3D [2] as representatives
of the classical traditional methods as well as some state-of-the-art CNN-based
methods, including DnCNN [4], FFDNet [5], RNAN [6], and RIDNet [1], for the
comparisons. To conduct comparisons on real noisy images, we add some real
noise removal methods including CBDNet [3] and PD [7] for the comparisons.

These results demonstrate that our SADNet can reduce noise and recover
vivid details without introducing other artifacts.
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Fig. 2. Synthetic image denoising results on Kodak24 with noise level o = 50.
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Fig. 3. Real image denoising results on the DnD dataset.
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Fig. 4. Real image denoising results on the SIDD dataset.
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Fig. 5. Real image denoising results on the SIDD dataset.
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Fig. 6. Real image denoising results on the SIDD dataset.
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Fig. 7. Real image denoising results on the Nam dataset.



