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Edge-Aware Filtering
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« Y= Y (Super Resolution, SR)
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1. Collect high-resolution natural images

2. Generate corresponding
low-res images by downsampling

3. From high and low-res images, collect patch pairs
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4. For each patch in the input low-res image, find its
corresponding low-res patch in the database, and

5. Put its corresponding high-res patch into the
super-resolution result.

X2

high/low OIOIZIE neural networkZ 3t BHAL
o

super resolutionate 7HE2 OHQ HIZSHTHY B7HE




Z21£2{01 o|0JA| B 7|14

« Z2E5Y 29 (Deblurring)
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* DeNoising with DNNs

« DnCNN (Deep CNN for Image Denoising, 2017) 29| 2{&
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Zhang et al., Beyond a Gaussian Denoiser: Residual Learning of Deep CNN

for Image Denoising, LIEEE Transactions on Image Processing, 2011

NnCNN-R
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NLRN(Non-Local Recurrent Network for Image Restoration, 2018) 29| &
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Liu et al., Non-Local Recurrent Network for

Image Restoration, NeurlPS2018
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- Dong et al. Image Super-Resolution Using
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« VDSR (Super-Resolution Using Very Deep Convolutional Networks ,2016) 29| 28
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Kim et al., Accurate Image Super—-Resolution Using
Very Deep Convolutional Networks, CVPR 2016
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« SRGAN (Super-Resolution Using a Generative Adversarial Network, 2017) 29| 2|8
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(21.59dB/0.6423) (23.53dB/0.7832)

Ledig et al., Photo—Realistic Single Image

Super—Resolution Using a Generative
Adversarial Network, CVPR 2011
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downsampling
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Cai et al., Toward Real-World Sing Image Super-Resolution :
A New Benchmark and A New Model, ICCV 2019
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« YSUIOIE{TH 0iZ2ICHH YIEQII E 9156l Deblurred imageE $49< £ 92
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Deblurring Network
Blurred Image Deblurred Image

Nah et al., Deep Multi-scale Convolutional Neural Network

for Dynamic Scene Deblurring, CVPR 2011
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High-speed camera
— GoPro4 Hero Black camera, 240 fps

Averaging
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( Tao et al., Scale-recurrent Network for Deep Image Deblurring, CVPR 2018 ]
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« GANZ 7|¥tC & ot deblurring 7|HE AI=F

Blured  Generator Restored Kupyn et al., DeblurGAN : Blind Motion Deblurring Using

Conditional Adversarial Networks, CVPR 2018
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* high-speed camera : 7I0|2} £EY, obj
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Rim et al., Real-World Blur Dataset for Learning and
Benchmarking Deblurring Algorithms, ECCV 2020
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NIPS(Neural Information Processing Systems, 20174 NeurlPS& 22} ¥17)
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