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A single super-resolution method via deep cascade
network

Wang Fei*, Wang Wei, Qiu Zhiliang
Intelligent Equipment Laboratory, Xidian University, Xi'an, Shaanxi 710071, China

Abstract: Convolutional neural networks have recently been shown to have the highest accuracy for single image
super-resolution (SISR) reconstruction. Most of the network structures suffer from low training and reconstruction
speed, and still have the problem that one model can only be rebuilt for a single scale. For these problems, a deep
cascaded network (DCN) is designed to reconstruct the image step by step. L2 and the perception loss function are
used to optimize the network together, and then a high quality reconstructed image will be obtained under the joint
action of each cascade. In addition, our network can get reconstructions of different scales, such as 1.5x%, 2x, 2.5x%,
3x, 3.5x and 4x. Extensive experiments on several of the largest benchmark datasets demonstrate that the proposed
approach performs better than existing methods in terms of accuracy and visual improvement.
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Fig. 1 Deep cascaded network architectures. The light green part is the image reconstruction of each cascade, while the light
blue part is the part of the feature extraction and for each cascade. This network includes several convolution layers and one

transposed convolutions layer (upsampling) in each cascade
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erwise is 3x3. In the padding column, d<4?0:1 means if d<4, we do not pad zero, otherwise pad one zero. The size in the
table means the output image size for the cascade

32G

Model Cascade Size Conv Deconv Conv stride Deconv stride Padding
1.5x 38 3x3 3x3 1 2 d<4?0:1
2 2x 52 3x3 3x3 1 2 d<720:1
1.5x 38 3x3 3x3 1 2 d<4?0:1
2x 52 3x3 3x3 1 2 a<7?0:1
dx 2.5x 64 3x3 3x3 1 2 d<11?0:1
3x 76 d<6?75x5:3x3 3x3 1 2 d<970:1
3.5x 88 d<7?5x5:3x3 3x3 1 2 d<11?0:1

4x 100 0d<8?5x5:3x3 3x3 1 2 0
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Fig. 2 The effects of different network parameters on the reconstruction effect and time consuming. (a) Comparison of

cascade and no-cascade structure in the 2x model; (b) The comparison between 2 levels and 6 levels in the 4x model; (c)

The influence of network depth on the reconstruction of PSRN in the 4x model; (d) The influence of network depth on the
time consuming of the 4x model
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Table 2 Quantitative evaluation of state-of-the-art SR algorithms: average PSNR/SSIM for scale factors 2x, 4x

SET5 SET14 BSD100 URBAN100
Scale Method
PSNR/SSIM PSNR/SSIM PSNR/SSIM PSNR/SSIM
Bicubic 33.65/0.930  30.34/0.870  29.56/0.844 26.88/0.841
A+l16] 36.54/0.964  32.40/0.906  31.22/0.887 29.23/0.894
SRCNNE! 36.65/0.954  32.29/0.903  31.36/0.888 29.52/0.895
FSRCNN(' 36.99/0.955  32.73/0.909  31.51/0.891 29.87/0.901
DRCN!' 37.63/0.959  32.98/0.913  31.85/0.894 30.76/0.913
2x VDSRM"! 37.53/0.958  32.97/0.913  31.90/0.896 30.77/0.914
DRRN!" 37.74/0.959  3323/0913  32.05/0.897 31.23/0.918
DCN(2x) 37.79/0.961  33.31/0.914  32.10/0.899 31.53/0.916
DCN-L2(2x) 37.48/0.958  32.99/0.910  31.94/0.894 31.04/0.913
DCN(4x) 37.78/0.964  33.33/0.908  32.34/0.897 31.4410.918
DCN-L2(4x) 37.51/0.956  32.89/0.913  32.16/0.896 31.28/0.914
Bicubic 30.39/0.868  27.55/0.774  27.21/0.739 24.46/0.735
A+D18] 32.58/0.909 29.13/0.819  28.29/0.784 26.03/0.797
SRCNNE! 32.75/0.909  29.28/0.821  28.41/0.786 26.24 /0.799
3x FSRCNN[' 32.63/0.909 29.43/0.824  28.60/0.814 26.86/0.818
DRCN!' 33.82/0.923 29.76/0.831  28.80/0.796 27.15/0.828
VDSR!" 33.66/0.921 29.77/0.831  28.82/0.798 27.14/0.828
DRRN!"! 34.03/0.924  29.96/0.835  28.95/0.800 27.53/0.838
DCN(4x) 34.06/0.928  30.02/0.833  29.03/0.813 27.61/0.840
DCN-L2(4x) 34.03/0.923  29.99/0.831  28.95/0.796 27.5910.831
Bicubic 28.42/0.810  26.10/0.704  25.96/0.669 23.15/0.659
A+l 30.30/0.859  27.43/0.752  26.82/0.710 24.34/0.720
SRCNN® 30.49/0.862  27.61/0.754  26.91/0.712 24.53/0.724
4x FSRCNN!'! 30.71/0.865 27.70/0.756  26.97/0.714 24.61/0.727
DRCN!"? 31.53/0.884  28.04/0.770  27.24/0.724 25.14/0.752
VDSR!" 31.35/0.882  28.03/0.770  27.29/0.726 25.18/0.753
DRRN(" 31.68/0.889  28.21/0.772  27.38/0.728 25.4410.764
DCN(4x) 31.71/0.891  28.31/0.774  27.43/0.732 25.61/0.758
DCN-L2(4x) 31.69/0.884  28.26/0.770  27.38/0.726 25.44/0.758
DCN 3 4 SRCNN VDSR DRCN
DCN(L2 ) DRRN L2 DCN
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4x 12x6=72 VDSR
5 2.5%

170729-6

VDSR



DOI: 10.12086/0ee.2018.170729

B 3 Set5 %35 E F49“Baby’ B A 4xE &, DCN B35 F @Rk e ik #4F—3k, DCN-L2 &
PSNR #= SSIM 348 #8547 £ 3416 F DCN(#E A L2 Fo ki R H4L). (a) BB, (b) 3 KiGHH

(PSNR/SSIM: 31.79/0.857); (c) SRCNN % # (PSNR/SSIM: 32.98/0.878); (d) VDSR % ## (PSNR/SSIM:
33.42/0.889); (e) DRCN % #(PSNR/SSIM: 33.51/0.889); (f) DRRN % #(PSNR/SSIM: 33.53/0.889);
(g) DCN-L2({1# /8 L2 #£.4k M 4% 3 )(PSNR/SSIM:  33.97/0.887); (h) DCN(1#/8 L2 Fo ik 4udfi % & F)

At E 12)(PSNR/SSIM: 34.11/0.893)

Fig. 3 “Baby” from Set5 with an upscaling factor 4, DCN can reconstruct eyelashes better DCN- L2 is lower than DCN on
both PSNR and SSIM (using L2 and perceptual loss optimization). (a) Original image; (b) Bicubic(PSNR/SSIM
31.79/0.857); (c) SRCNN(PSNR/SSIM 32.98/0.878); (d) VDSR(PSNR/SSIM 33.42/0.889); (e) DRCN(PSNR/SSIM
33.51/0.889); (f) DRRN(PSNR/SSIM  33.53/0.889); (g) DCN-L2(PSNR/SSIM 33.97/0.887) (h) DCN (optimizing with L2
and perceptual loss) (PSNR/SSIM  34.11/0.893)
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Fig. 4 *“img-092” image from URBAN100 with an upscaling factor 3, DCN model is 3x reconstruction in 4x model, only
DCN and DCN-L2 can correctly recover sharp lines, DCN performance is better. (a) Original image; (b) Bicubic
(PSNR/SSIM  17.32/0.516); (c) SRCNN(PSNR/SSIM  18.48/0.619); (d) VDSR(PSNR/SSIM  19.68/0.702); (e)
DRCN(PSNR/SSIM  19.54/0.606); (f) DRRN(PSNR/SSIM 20.09/0.721); (g) DCN-L2(PSNR/SSIM 20.11/0.708); (h)
DCN(optimizing with L2 and perceptual loss) (PSNR/SSIM  20.14/0.728)
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Fig. 5 4x reconstruction of single frame image in video surveillance, the visual effect of the DCN in the rear window part
of the vehicle is more authentic. (a) Original image; (b) Bicubic; (c¢) SRCNN; (d) VDSR; (e) DRCN; (f) DRRN; (g) DCN-L2;
(h) DCN (optimizing with L2 and perceptual loss)
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Fig. 6 The comparison between our model and VDSR at different scales(1.5x, 2x, 2.5x%, 3x, 3.5x%, 4x). The first line is the
result of VDSR reconstruction. The second line is reconstructed by our model
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A single super-resolution method
via deep cascade network

Wang Fei*, Wang Wei, Qiu Zhiliang

Intelligent equipment laboratory, Xidian University, Xi'an, Shaanxi 710071, China

Image Reconstruction

Deep cascaded network architectures. The light green part is the image reconstruction of each cascade, and the light blue
part is the part of the feature extraction for each cascade. This network includes several

convolution layers and one transposed convolutions layer (upsampling) in each cascade

Overview: Recovering high resolution (HR) image from its low resolution (LR) image is an important issue in the field
of digital image processing and other vision tasks. Recently, Dong et al. found that a convolutional neural network
(CNN) can be used to learn end-to-end mapping from LR to HR. The network is expanded into many different forms,
using sub-pixel convolutional network, very deep convolutional network, and recursive residual network. Although
these models have achieved the desired results, the issues still exist some problems as described as following. First, most
methods use up-sampling operators, such as bi-cubic interpolation, to upscale the input image to the bigger size. This
pre-processing adds considerable unnecessary computations and often results in visible reconstruction artifacts. To
solve this problem, there are several algorithms such as ESPCN using sub-pixels and FSRCNN with transposed convolu-
tion. However, the network structures of these methods are extremely too simple to lean complex and detailed map-
pings. Second, most existing methods use only L2 to optimize the network, which will result in an excessively smooth
image less suitable for human vision. Third, those methods cannot reconstruct more than one scale, which means a
model is only for one scale, and this will increase the extra-works of training for the other scales, especially for
large-scale training.

To address these defects, we propose a deep cascaded network (DCN). DCN is a cascade structure, and it takes an LR
image as input and predicts a residual image in each scale. The predicted residual for each scale is used to efficiently
reconstruct the HR image through up-sampling and adding operations. We train the DCN with L2 and perceptual loss
function to obtain a robust image.

Our approach differs from existing CNN-based methods in the following aspects:

1) Multiple scales with cascade layers. Our network has a cascade structure and generates multiple intermediate SR
predictions in feed-forward process. This progressive reconstruction can get more accurate results. Our 4x model can
obtain 1.5x, 2x, 2.5x, 3x, 3.5x reconstructed images.

2) Optimize network with L2 and perceptual loss function. Using L2 can get more accurate pixel-level reconstruction
and using perceptual loss function may be closer to human vision.

3) Features extraction on LR image. Our method does not require traditional interpolation methods to up-sample
images as a pre-processing, thus greatly reducing the computational complexity.

Extensive experiments on several large benchmark datasets show that the proposed approach performs better than ex-
isting methods in terms of accuracy and visual improvement.

Citation: Wang F, Wang W, Qiu Z L. A single super-resolution method via deep cascade network[J]. Opto-Electronic En-
gineering, 2018, 45(7): 170729

* E-mail: 290727048@qq.com
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