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Depthwise Separable Convolution

LIU Cong,QU Dan, SI Nianwen, WEIL Ziwei
(College of Information Systems Engineering , PLA Strategic SuppertyForée Information Engineering University ,
Zhengzhou 450000, China)

[ Abstract] Image super-resolution reconstruction aims to reconstrict a high-resolution image close to the real image
according to the low-resolution image. The existing image super-reésolution reconstruction methods based on the
Convolutional Neural Network (CNN) usually have problems such as large network parameters and slow reconstruction
speeds, which have limited their application in terminald/devices with small memory resources. This paper proposes a
lightweight image super-resolution reconstruction netwotk,based on depthwise separable convolution. The depthwise
separable convolution is used to extract the feature\information of the image and reduce network parameters. The contrast
information of the image is obtained using the contrast perception channel attention mechanism, which is used as the global
information. At the same time, the weights,of different channels of the extracted features are reassigned to enhance the
detailed texture information of the reconstructed'image.On this basis, sub-pixel convolution is used to upsample the image
features and improve the overall reconstructed image quality.The experimental results show that when the magnification is 2,
3, and 4, the network parameters‘are 140 000, 147 000, and 152 000, respectively, and the reconstruction time is 0.020 s,
0.014 s, and 0.011 s.Compared \with " VDSR, RFDN, IDN, and other networks, it can effectively reduce the amount of
network parameters on the premise of ensuring the reconstruction effect.

[Key words] Convolutional Neural Network (CNN) ; image super-resolution reconstruction; lightweight network;
depthwise separable convolution ; attention mechanism
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Fig.1 Structure of the proposed network
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Fig.2 Feature extraction module based on depthwise

separable convolution
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Fig.4 Depthwise separable convolution process
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Fig.5 Structure of contrast perception channel attention mechanism
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Fig.6 Imagereconstruction process with different

magnifications
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Table 1 PSNR and SSIM comparison among different networks when magnification is 2

. PSNR #1 SSIM
SetS H i 4 Set14 K 42 BSD100 % 4 Utban 1004 5 5 Mangal09 %3 4
VDSR [ 4% 37.53#10.958 7 33.03/10.912 4 31.90 #10.896 0 30,76 #10.914 0 37.22°f10.975 0
DRCN [ £ 37.63F10.958 8 33.04 f10.911 8 31.85 f110.894 2 30.75 f10.913 3 37.55%10.973 2
DRRN [ £ 37.7410.959 1 33.23/10.913 6 32.05 £i1.0.897.3 31.23 f10.918 8 37.88 f10.974 9
MemNet [%] %% 37.78 #10.959 7 33.28710.914 2 32.08710.897 8 31.31 /10919 5 37.72410.974 0
IDN [# 4% 37.83 F10.960 0 33.30710.914 8 32.08F1,0.898 5 31.27#10.919 6 38.01 /10.974 9
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Table 2 PSNR and SSIM comparison among different networks when magnification is 3

- PSNR F1 SSIM
SetS F i 4 Setl4 B 4 BSD100 % i 4 Urban100 %4 4 Mangal09 $§ #i 4
VDSR ¥ %% 33.66 #10.921 3 29:77 F0.831 4 28.82#10.797 6 27.14 §10.827 9 32.01#10.934 0
DRCN [ 2% 33.82 §10.922 6 29.76 F10.831 1 28.80 10.796 3 27.15f10.827 6 32.24/10.934 3
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MemNet [% 4% 34.09 711:0.924'8 30.00 #10.835 0 28.96 10.800 1 27.56 #10.837 6 32.51/10.936 9
IDN ¥ %% 34.11 710.925:3 29.99 f10.835 4 28.95710.801 3 27.42710.8359 32.71f10.938 1
REDN [ 4% 34141 710927 3 30.34 /11 0.842 0 29.09 1 0.805 0 28.21 f10.852 5 33.6710.944 9
AR S 4 3411 F10:924 8 30.12710.837 6 28.95 f10.801 3 27.68 f10.841 5 33.02f10.940 3
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Table 3 PSNR and SSIM comparison among different networks when magnification is 4

K PSNR fiI SSIM
Set5 Hdi 4 Set14 $dhi 4 BSD100 ¥ 4 4 Urban 100 i 42 Manga109 %k i 45
VDSR [ %% 31.35710.883 8 28.01 #10.767 4 27.29 f10.725 1 25.18 f10.752 4 28.83 f10.887 0
DRCN [ % 31.537010.885 4 28.02 #10.767 0 27.23710.723 3 25.14#10.751 0 28.93 /11 0.885 4
DRRN [% 4 31.68 710.888 8 28.21/10.772 0 27.38#10.728 4 25.44710.763 8 29.45#10.894 6
MemNet [¥ 2% 31.74 f110.889 3 28.26 #10.772 3 27.40#10.728 1 25.50 10.763 0 29.42 710.894 2
IDN [ 4% 31.82#10.890 3 28.2510.773 0 27.4110.729 7 25.41#110.763 2 29.4110.894 2
RFDN [ %% 32.24 /1 0.895 2 28.61 10.781 9 27.57 #10.736 0 26.11 F10.785 8 30.58 71 0.908 9
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Table 4 Parameters comparison among different networks

W 2% ERAERC 2 BOREEC 3 OO 4
VDSR [ 45 666 000 666 000 666 000
DRCN [ %5 1774 000 1774 000 1774 000
DRRN [ 45 298 000 298 000 298 000

MemNet ¥ 4 678 000 678 000 678 000
IDN [ 4% 553 000 553 000 553 000
RFDN i %% 534 000 541 000 550 000
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Table 5 Reconstruction time comparison among

different networks s
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Fig.8 Subjective visual comparison of reconstruction images
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