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VGG Net ( Sler‘On(yah + ZIPSSérman 2015)
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FIGURE 3. A three-layer CNN with successive convolutional layers, where the spatial dimensions of the feature maps match those of the input and output
images. Following each convolution there is a nonlinearity operation, not shown here.
(Lucas et al, 201%)
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Dirt removal (Eigen et al. 2013)
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Table 1: CNN architecture — filter size and number of channels for each layer.
Layer| 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15

L15 19%x19 1x1 1x1 Ix1 Ix1 3x3 Ix1 5%x5 5%x5 3x3 5x%x5 5x5 1x1 7x7 7x7
128 320 320 320 128 128 512 128 128 128 128 128 256 64 3
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(Lucas et al 201%)
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FIGURE 4. An example of a deep residual CNN. Each residual block, consisting here of three convolutions, learns a residual between its input and

its output.
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Figure 2. Residual learning: a building block.
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R@SN@b{ for Superr‘esalu{:v’on)g (LC/o([i et al. 207)
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(Lucas et al- 201%)

‘VV' n Feature 2n Feature 4n Feature 2n Feature n Feature
/ Maps Maps Maps Maps Maps
( ) < »

H
Y RS
Input Image Encoder Part botk ’eneck Decoder Part Output Image

FIGURE 5. In an encoder-decoder CNN, the feature maps are spatially compressed by an encoder network, then increased back to the size of the output
image by a decoder network.
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JPEG 2000

0.356608 bpp 0.359151 bpp 0.365438 bpp

(Theis et al. 2017)
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FIGURE 6. An example of an approach in which new representations for images are learned, prior to solving the reconstruction problem in a supervised
way. In Zeng et al.’s work [37], autoencoders first learn new features for the LR and HR patches (training phase 1). An MLP is then trained to map the
representation of the observed LR patch to that of the HR patch (training phase 2). The final HR patch can be obtained with the second half of the autoen-

coder trained to reconstruct HR images (testing phase).
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