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Abstract:
markable achievements and has become popular in the current super-resolution technology. However, superior performance

Recently, image super-resolution technology based on deep convolutional neural network has made re-

is often at the expense of the large number of parameter amounts, which limits the real-world applications for single image
super-resolution. In this paper, a lightweight single image super-resolution deep convolutional network is proposed. The
main contributions of this paper are as follows: a multi-scale feature fusion block is proposed to extract multiple features via
convolution kernels with different receptive fields; the channel shuffle attention mechanism we designed promotes the flow
of the information across feature channels, which enhances the ability of feature selection; a global feature fusion connec-
tion is proposed to improve the feature utilization. Extensive experiments demonstrate that the parameter amounts of our
method reduced by 3/4 compared with the current state-of-the-art MSRN method, while subjective visual and objective qual-

ity of the reconstructed high-resolution image are perform significantly better.
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x5 HBMSISRAERFEHPSNRELS SSIM{E

iGN o P Set5 Setl4 B100 Urban100 Mangal09
fEE PSNR/SSIM PSNR/SSIM PSNR/SSIM PSNR/SSIM PSNR/SSIM
SRCNN 57K 36.66/0.952 4 32.42/0.906 3 31.36/0.887 9 29.50/0.894 6 35.74/0.966 1
FSRCNN 12K 37.00/0.955 8 32.63/0.908 8 31.53/0.892 0 29.88/0.902 0 36.67/0.969 4
VDSR 665K 37.53/0.958 7 33.03/0.912 4 31.90/0.896 0 30.76/0.914 0 37.22/0.972 9
DRCN 1774K 37.63/0.958 8 33.04/0.911 8 31.85/0.894 2 30.75/0.913 3 37.63/0.972 3
LapSRN 813K 37.52/0.959 0 33.08/0.913 0 31.80/0.895 0 30.41/0.910 0 37.27/0.974 0
DRRN 297K 37.74/0.959 1 33.23/0.913 6 32.05/0.897 3 31.23/0.918 8 37.92/0.976 0
MemNet 677K 37.78/0.959 7 33.28/0.914 2 32.08/0.897 8 31.31/0.919 5 37.72/0.974 0
x2 SRMDNF 1513K 37.79/0.960 0 33.32/0.915 0 32.05/0.898 0 31.33/0.920 0 38.07/0.976 1
CARN 1592K 37.76/0.959 0 33.52/0.916 6 32.09/0.897 8 31.92/0.925 6 38.36/0.976 5
CBPN 1036K 37.90/0.959 0 33.60/0.917 1 32.17/0.898 9 32.14/0.927 9 —
IMDN 694K 38.00/0.960 5 33.63/0.917 7 32.19/0.899 6 32.17/0.928 3 38.88/0.977 4
LFFN 1522K 37.95/0.959 7 — 32.20/0.899 4 32.39/0.929 9 38.73/0.976 5
MSRN 5930K 38.08/0.960 7 33.70/0.918 6 32.23/0.900 2 32.29/0.930 3 38.69/0.977 2
MCSN 1561K 38.09/0.960 8 33.76/0.918 9 32.22/0.900 1 32.41/0.930 8 38.89/0.977 5
MCSN+ 1561K 38.14/0.961 0 33.79/0.919 5 32.26/0.900 6 32.58/0.932 1 39.07/0.977 9
SRCNN 57K 32.75/0.909 0 29.28/0.820 9 28.41/0.786 3 26.24/0.798 9 30.59/0.910 7
FSRCNN 12K 33.16/0.914 0 29.43/0.824 2 28.53/0.791 0 26.43/0.808 0 30.98/0.921 2
VDSR 665K 33.66/0.921 3 29.77/0.831 4 28.82/0.797 6 27.14/0.827 9 32.01/0.931 0
DRCN 1774K 33.82/0.922 6 29.76/0.831 1 28.80/0.796 3 27.15/0.827 6 32.31/0.932 8
DRRN 297K 34.03/0.924 4 29.96/0.834 9 28.95/0.800 4 27.53/0.837 8 32.74/0.939 0
MemNet 677K 34.09/0.924 8 30.00/0.835 0 28.96/0.800 1 27.56/0.837 6 32.51/0.936 9
x3 SRMDNF 1530K 34.12/0.925 0 30.04/0.837 0 28.97/0.803 0 27.57/0.840 0 33.00/0.940 3
CARN 1592K 34.29/0.925 5 30.29/0.840 7 29.06/0.803 4 27.38/0.840 4 33.50/0.944 0
IMDN 703K 34.36/0.927 0 30.32/0.841 7 29.09/0.804 6 28.17/0.851 9 33.61/0.944 5
LFFN 1534K 34.43/0.926 6 — 29.13/0.805 9 28.34/0.855 8 33.65/0.944 5
MSRN 6114K 34.46/0.927 8 30.41/0.843 7 29.15/0.806 4 28.33/0.856 1 33.67/0.945 6
MCSN 1569K 34.53/0.928 3 30.43/0.843 7 29.15/0.806 2 28.45/0.858 1 33.95/0.946 6
MCSN+ 1569K 34.59/0.928 7 30.49/0.844 8 29.20/0.807 2 28.61/0.860 4 34.18/0.947 8
SRCNN 57K 30.48/0.862 8 27.49/0.750 3 26.90/0.710 1 24.52/0.722 1 27.66/0.850 5
FSRCNN 12K 30.71/0.865 7 27.59/0.753 5 26.98/0.715 0 24.62/0.728 0 27.90/0.851 7
VDSR 665K 31.35/0.883 8 28.01/0.767 4 27.29/0.725 1 25.18/0.752 4 28.83/0.880 9
DRCN 1774K 31.53/0.885 4 28.02/0.767 0 27.23/0.723 3 25.14/0.751 0 28.98/0.881 6
LapSRN 813K 31.54/0.885 0 28.19/0.772 0 27.32/0.728 0 25.21/0.756 0 29.09/0.884 5
DRRN 297K 31.68/0.888 8 28.21/0.772 0 27.38/0.728 4 25.44/0.763 8 29.46/0.896 0
MemNet 677K 31.74/0.889 3 28.26/0.772 3 27.40/0.728 1 25.50/0.763 0 29.42/0.894 2
x4 SRMDNF 1555K 31.96/0.893 0 28.35/0.777 0 27.49/0.734 0 25.68/0.773 0 30.09/0.902 4
CARN 1592K 32.13/0.893 7 28.60/0.780 6 27.58/0.734 9 26.07/0.783 7 30.47/0.908 4
CBPN 1197K 32.21/0.894 4 28.63/0.781 3 27.58/0.735 6 26.14/0.786 9 —
IMDN 715K 32.21/0.894 8 28.58/0.781 1 27.56/0.735 3 26.04/0.783 8 30.45/0.907 5
LFFN 1531K 32.15/0.894 5 — 27.52/0.737 7 26.24/0.790 2 30.66/0.909 9
MSRN 6078K 32.26/0.896 0 28.63/0.783 6 27.61/0.738 0 26.22/0.791 1 30.57/0.910 3
MCSN 1581K 32.43/0.897 2 28.73/0.784 7 27.65/0.738 8 26.35/0.793 9 30.81/0.912 5
MCSN+ 1581K 32.50/0.898 3 28.81/0.786 1 27.70/0.739 8 26.50/0.796 7 31.06/0.914 8
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5% PSNR/SSIM PSNR/SSIM PSNR/SSIM PSNR/SSIM PSNR/SSIM

SRCNN 57K 25.34/0.647 1 23.86/0.544 3 24.14/0.504 3 21.29/0.513 3 22.46/0.660 6

FSRCNN 12K 25.42/0.644 0 23.94/0.548 2 24.21/0.511 2 21.32/0.509 0 22.39/0.635 7

VDSR 655K 25.73/0.674 3 23.20/0.511 0 24.34/0.516 9 21.48/0.528 9 22.73/0.668 8

" DRCN 1774K 25.93/0.674 3 24.27/0.551 0 24.49/0.516 8 21.71/0.528 9 23.20/0.668 6
LapSRN 813K 26.15/0.702 8 24.45/0.579 2 24.54/0.529 3 21.81/0.555 5 23.39/0.706 8

MSRN 6226K 26.59/0.725 4 24.88/0.596 1 24.70/0.541 0 22.37/0.597 7 24.28/0.751 7

MCSN 1664K 27.03/0.775 0 24.95/0.640 6 24.79/0.596 5 22.41/0.614 8 24.52/0.777 1

MCSN+ 1664K 27.12/0.778 6 25.05/0.643 2 24.84/0.598 2 22.55/0.620 2 24.68/0.782 3

T - PSS UCHF A R 50 MDA T Sl ety

(DEBEWMELE. s H, AT MCSN ik
HoAth 7772 PSNRAELFT SSIM I 205 . 5AR A S L
T HH 24 () CARN F1 SRMDNF A [t , 7E Set5 B £ x2, x
3, x4 FRAECT , A SCHY PSNR(E#R#RE 10.2 dB. &l 4
JEA5 SISR J7 x4 A7 7 SetS Bl 4R LA 45 3, A
MCSN J7 & B AT B4 PSNR PERE RIS 50 8 il . 5
MSRN A kb, A< 3L PSNR {E =5 24 0.2 dB, T 280 A A
T 1/4. BIR—LT5 3k HE MCSN 2800 (H S B R
FVERE 2SI . T 42 (self-ensemble) 'R )7 1,10
i MCSN+, 7] LA — 204 S PR RE , W3R 5 IR . AR 30
PSNR {H A1 SSIM B i T HoAh Fr 47 LU A SISR J7ik .

TE Set5Sx4 JRAEECT , A C MCSN Jy ik 5 HoAth 2 5
PTG , fEE T ] S ECE F M RE LS T A
-5 . MCSN 5 A i 51240l 22 HIEE 0.027 5,0.022 s
F10.021 s, {H & F 34 PSNR PERE 43 942 %5 7 0.30 dB,
0.17 dBF10.22 dB( 6). LAk, 5 M Jeit i SISR 7
A (R T) S EOR AP RE 22 18], AR SO 280 T- iuis:
T AT . 5 SANJTIRAH E AR SO VA B PSNR
(EMAR, S8R LA H 17103 WE A5 251). ERN I
EBPN 540 Lb , AR SO S 400 HAR Y 16 (B2 1Y
PSNR MEAEAH 24 (EBPN % 25 0.06 dB, ERN %1% 0.04 dB).

F6  SetS x4 FAMEH T R 4 B8 55547 B iE X b

[l CARN MSRN IMDN MCSN
I [ /s 0.040 0.045 0.046 0.067
PSNR/dB 32.13 32.26 3221 32.43
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R SAN EBPN ERN MCSN
ZBHCR(M) 15.7 8.18 9.53 1.58
PSNR/dB 32.64 32.79 32.39 32.43
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