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Image super-resolution reconstruction based on channel-separable
residual network

Li Xuan Liu Xiaoyi
(College of Electronic and Information Engineering. Shenyang Aerospace University,Shenyang 110136, China)

Abstract: Aiming at the problems of single feature extraction method and insufficient feature extraction of middle layer
in existing image super-resolution reconstruction techniques, a channel-separable residual network based on attention
mechanism is proposed. Firstly, a diverse branch block is designed by using the idea of multi-scale convolution to fully
extract the low-frequency information of the image. Secondly, channel compression is used to reduce dimension to
simplify feature information, and coordinate attention mechanism is introduced to enhance local fusion features. The
trunk network is focused on extracting high-frequency features while accelerating convergence through long and short
jump connections. Finally, the high-resolution image is reconstructed by upsampling layer. The proposed algorithm is
compared and analyzed on the public data sets of Set5, Setl4d, BSD100 and Urbanl00 in the super-resolution
reconstruction field, On set5 dataset of X 2 reconstruction task, compared with DBPN, parameters is 2/5 of DBPN,
the PSNR and SSIM are improved by 0. 09 dB and 0. 001 6 respectively. Experimental results show that the proposed
algorithm can fully extract image features and achieve similar or even better reconstruction results than other large-scale
models with fewer parameters.
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TR B B 5k 22 M 4% (DRRND #1485 A 32 12 M %
(MemNet), Hi# £ ZF H T2 S 5080, )5 & @
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AL DIV2K B4R 4 4F S I 2R 5088 42 B4 B b
I B £ 4B I 25 B s 4 i 480 X 480 RFINE B F &Rk,
A MATLAB H 5 X = W35 A4 PR 8o 3028 42 14 45 0
BIRIEAT X 2 X3 X4 FR A H, FR AR R R BT AR 240X 240,
160X160,120X 120 15 F #5719 LR FEG ., b, -
BT A PRGN SR SE 38 5K I 25 850 45 v 1 B 5 R AL E %
90° . 180°F 2707 B 7K 7 B % ok b S 3t #0045 0 2 of >R A
MEBIELE Set5 . Setld, BSD100 F1 Urbanl00 34T , ¥
PSNR 7 SSIM A5 34 3] W & 45 I &2 1 W5 0 46 4, 7 7 1
B E R TE YCbCr B9 Y 38 B,

2.2 YIGEEMSHAT

A TR 27 ST HE SR JE: pytorch, #E & 480 Ubuntu,

2.1

S 5X107% YR B R EAR 40 TR 1 20 R 2 AR0K 2
3 R FI AL P
2.3 ®ENH

T BIEAS SCHTHE ) £ 4 32 65 BUR T 5| F B AR HR
EESIHLH A S A 3X3 BRURAE DBB, 435I H
SENet fil CBAM #:#: CA. SENet 1 CBAM J& A 1 #2 5
WA A EZEAVLE . Ik 1 iR, EREFIER
Bt B DBB Bk B4 3} 3 %8, PSNR 1 SSIM 7£ X 2 1)
B LA RS, K, PSNR SF# 310 0. 12 dB, SSIM
SE-EBEH 0. 002 6, 3% B DBB £ 5 f8 78 A 3R BUICAE 18 5
¥ “Conv3 X 37 F1“Conv3 X 3+SE” S L B HL, 8 H
ML A AL (G PE 8 45 3 42 F o “ Conv3 X 3 + SE”,
“Conv3 X 3+CBAM” . “Conv3 X 3-++CA” X ¥, AT 41 , 4% 3
B CA & T SE.CBAM 1L 3 T 3 — £ 12 T,
PSNR P31 T 0. 02~0. 04 dB, SSIM - #4# fii 0. 000 8§~
0.001, SLEERFY, AR B M “DBB+CA” WU & J7
T, {8 12 0 45 A5 AL 3K B T AT AR

Y BEAIE IR 4% M T R KA Bk R T R R ¥ 3
I 2% 1 g LSC 1 RG W [y SSC 4 IR BR300, sk 2

®1 ERERNEIE

. Set5 Setl4 BSD100 Urbanl00

o ERET PSNR(dB) /SSIM PSNR(dB)/SSIM PSNR(dB)/SSIM PSNR(dB) /SSIM
Conv3 X 3 37.98/0.959 2 33.58/0.916 6 32.17/0.899 3 32.10/0.927 1
Conv3 X 3+SE 38.09/0.960 1 33.65/0.917 2 32.19/0.899 6 32.15/0.927 5
Conv3 X 3+CBAM > 38.11/0.960 3 33.81/0.918 5 32.24/0.901 1 32.22/0.929 0
Conv3 X3+ CA 38.13/0.961 1 33.98/0.919 6 32.33/0.902 5 32.37/0.921 3
DBB 38.10/0.961 8 33.99/0.921 5 32.51/0.903 6 32.45/0.932 7
DBB+CA 38.18/0.961 6 33.94/0.919 9 32.36/0.901 8 32.99/0.936 4
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LSC X N X N X N X N

SSC X X N4 N X X N4 N4

CA X X X Vi N N4 N4
PSNR(dB) 37. 32 37.65 37.79 37. 85 37. 49 37.83 37. 84 37. 89

B, M E M B LSC #1 SSC B, it B & R RE AR WA 5

FIREH L 2 FEBEIES M Setd B L, PSNR MEH 2.4 FHiExth

X RAL, 7EES 1 5, PSNR B {H &2 37. 32 dB, %4 A R TR UEA SCRORL, 5 S 9 B ik i Bk R AT T

LSC #1 SSC i, PSNR £ 37. 85 dB, 4fm A CA J5. i/ ., 1 $ SRCNN, VDSR, DRRN, ACNet, EDSRM"-

LSC Fi1 SSC 1] AR PEAE A 37. 49 dB #2#5 %) 37. 89 dB, X DBPN'* .RDN"") _RCAN ,RFANet"", #i13 3 iR, N[

TR B A LSC A SSC REFR A BT I sk 3, tBIE A T B ARSI LA BT X2, X3, X4 KRG
x®3 4N EEHIESE LAFEY PSNR/SSIM

. . Setb Setl4 BSD100 Urbanl00
Fik TRNT SHE PSNR(dB) /SSIM PSNR(dB)/SSIM PSNR(dB) /SSIM PSNR(dB) /SSIM
Bicubic — 33.66/0.929 9 30. 24/0. 868 8 29.56/0.843 1 26.88/0.840 3
SRCNN 8§ K 36.66/0.954 2 32.45/0.906 7 31.36/0.887 9 29.50/0.894 6
VDSR 666 K 37.53/0.959 0 33.05/0.913 0 31.90/0.896 0 30.77/0.914 0
DRRN 298 K 37.74/0.959 1 33.23/0.913 6 32.05/0.897 3 31.23/0.918 8
ACNet 1.5 M 37.72/0.958 8 33.41/0.916 0 32.06/0.897 8 31.79/0.924 5
EDSR X2 40 M 38.11/0.960 2 33.92/0.919 5 33.32/0.901 3 32.93/0.935 1
DBPN 10 M 38.09/0.960 0 33.85/0.919 0 32.27/0.900 0 32.55/0.932 4
RDN 22.6 M 38.24/0.961 4 34.01/0.921 2 32.34/0.901 7 32.89/0.935 3
RCAN 15.4 M 38.27/0.961 4 34.12/0.921 6 32.41/0.902 7 33.34/0.938 4
REFANet 10.7 M 38.26/0.961 5 34.16/0.922 0 32.41/0.902 6 33.33/0.938 9
NGRS 4.6 M 38.18/0.961 6 33.94/0.919 9 32.36/0.901 8 32.99/0.936 4
Bicubic — 30.39/0. 868 2 27.55/0.774 2 27.21/0.738 5 24.46/0.734 9
SRCNN 8 K 32.75/0.909 0 29.30/0.821 5 28.41/0.786 3 26.24/0.798 9
VDSR 666 K 33.67/0.921 0 29.78/0.832 0 28.83/0.799 0 27.14/0.829 0
DRRN 298 K 34.03/0.924 4 29.96/0.834 9 28.95/0. 800 4 27.53/0.837 8
ACNet %3 1.8 M 34.14/0.924 7 30.19/0.839 8 28.98/0.802 3 27.97/0.848 2
EDSR 43.6 M 34.65/0.928 0 30.52/0. 846 2 29.25/0.809 3 28.80/0.865 3
RDN 22.6 M 34.71/0.929 6 30.57/0. 846 8 29.26/0. 809 3 28.80/0. 865 3
RCAN 15.6 M 34.74/0.929 9 30.65/0. 848 2 29.32/0.8111 29.09/0. 870 2
REFANet 10.9 M 34.79/0.930 0 30.67/0.848 7 29.34/0.811 5 29.15/0.872 0
A EE 4.6 M 34.67/0.929 6 30.61/0.847 4 29.27/0.810 4 28.94/0. 866 8
Bicubic — 28.42/0.810 4 26.00/0.702 7 25.96/0. 667 5 23.14/0.657 7
SRCNN 8 K 30.48/0. 862 8 27.50/0.751 3 26.90/0.710 1 24.52/0.722 1
VDSR 666 K 31.35/0.883 0 28.02/0.768 0 27.29/0.725 1 25.18/0.752 4
DRRN 298 K 31.68/0.888 8 28.21/0.772 0 27.38/0.728 4 25.44/0.763 8
ACNet 1.8 M 31.83/0.890 3 28.46/0.778 8 27.48/0.732 6 25.93/0.779 8
EDSR X4 43.1 M 32.46/0.896 8 28.80/0.787 6 27.71/0.742 0 26.64/0.803 3
DBPN 10 M 32.47/0.898 0 28.82/0.786 0 27.72/0.740 0 26.38/0.794 6
RDN 22.6 M 32.47/0.899 0 28.81/0.787 1 27.72/0.741 9 26.61/0.802 8
RCAN 15.6 M 32.63/0.900 2 28.87/0.788 9 27.77/0.743 6 26.82/0.808 7
RFANet 10.9 M 32.66/0.900 4 28.88/0.789 4 27.79/0.744 2 26.92/0.811 2
RICE B 4.6 M 32.53/0.900 0 28.83/0.788 0 27.75/0.743 5 26.75/0. 805 4
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DBPN, ## RDN,RCAN.RFANet [#) PSNR {8 #1#% = F
AR, FC 5 A i 8 9 RCAN {UR H 0. 09 dB, HA
ORI SRR R Y 1/3, 48 SCRT ALY SSIM. B ¥ 5 F
HAm#Al, RFANet 765 3B AUE b5 3 0 4F i B A,
A S T 42 B8 1) PSNR {E R AIL 0. 08 dB, ZHE A F|
RFANet 9 1/2, £563RF , 4 U 2 1 B 78 2 0 2 A
BB 1k 8 T AT 17

EERMITZ A, L%l i 7 DIVZK i 4 LRl
BEBULSK B R L 4 5 SRR 45 R 5 HoAth e
T % . 7 BT s, HR. Bicubic, SRCNN, VDSR,
ACNet .EDSR.IMDN *"' #1743 75 3 % Jm 38 IX 38 K 5 #Y
ARG SR, — A UL R T v o B R 2 N 4 BB R
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