http: /www. jsjkx. com

4 A A 2
O tﬁ;m saj@? DOI: 10. 11896/jsikx. 201000033

ZRERZRETENZHNEGEIPRER

XIEfE  RKE F OB OBKE
LEAXBARFEEILS%KR W8 330013

W E MAEABRANEREEEGRG M RELBRNERMEOINGLEREmBE, I, EBGRBYHEF Ky 95
A ey @ E I fe e NBF AR R 8938 ‘1’#&%%&}#4#,1‘5%%—&?’%\#&#&Méé\éﬁimabimiﬁ%%o AT MG AX sk B A, 4R
BT — S EBEERZEENE,IZMEA A % &k B P g% £ (Residual in Multi-skip Connection, RIMC) ., ## 7 £ 4 %
HREMOREMSL, BABRLZAOLELT —EHFHEANEL P SERLE, ERIMCH A L, F MAHRAAKFFE Sk &ﬂ‘:
SEFEURAZELE . ANZMEELELTARIMEEPRTT, F. X RN AEPTRALENMEIRNLE . RETEE
##] 3 (Attention Mechanism Block, AMBlock) k £ 242 B 0942 & 5t A E R AR EHER E, L PAE ZEMH 20 E
BAAARERAEZFTRF., FREREAN . ZAMBTALFREIBR DY KT ELSZOAKR S ML HERE

KEBIR AR HE ZENH e HE ML SREB TR ZE ik

FEESES TP391.41

Image Super-resolution by Residual Attention Network with Multi-skip Connection

LIU Zun-xiong,ZHU Cheng-jia, HUANG Ji and CAI Ti-jian

School of Information Engineering, East China Jiaotong University, Nanchang 330013, China

Abstract Deep convolutional neural networks (Deep CNNs) are difficult to train as they become deeper. Moreover,in image su-
per-resolution, channel-wise features and inputs of the low-resolution (LLR) image are treated equally between different channels,
resulting in the deficiency of the representational ability of the CNNs. To resolve these issues, residual attention network with
multi-skip Connection (RANMC) is proposed for single-image super resolution (SISR), which employs residual in multi-skip
connection (RIMC) structure,then a very deep network is formulated with serval residual groups. Each residual group (RG) con-
tains a certain number of short skip connections (SSC) and multi-skip connections (MC). Based on RIMC, rich low-frequency
(LF) information is allowed to be bypassed through multi-skip connection.and high-frequency (HF) information is focused on
learning by the principal network. Furthermore,considering interdependencies in channel and spatial dimension,attention mecha-
nism block(AMBlock) is proposed to focus on the location of the information and adaptively readjust channel-wise features,
where the spatial attention (SA) mechanism and channel attention (CA) mechanism are taken in the approach. Experiments indi-
cate that RANMC can not only recover image details better, but also obtain higher image quality and network performance.

Keywords Image super-resolution, Attention mechanism block, Residual network, Residual in multi-skip connection, Skip con-

nection
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Fig. 1 Effect of visual images for 4x super-resolution with bicubic degradation on “img_072” of Urban100
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Fig. 2 Flow chart of the simplified RANMC model
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o, SR B Lo =10", [F I, 3% 868 2 50 T
T ADAM AL 28 . 20 B, =0. 9.8 =0. 999,e=10°, FERZL
Y 25 B v ffE T 10 A~ SCRAB, I H &1~ SCRAB 1Y i
WA 64 AFRAE WS, b IR A B T 64 4
FRAE ST X B BUZ MR/ IR 1 X1, 78 RANMC %
W, {8 Pytorch #EZL BEAT U125, H RANMC A5 8 A4 Y1l 25 ffi
Ji T NVIDIA Geforce rtx2080 Ti, 5 4b, fx |21 & RAN-
MC 5 v R e PR I B2 05, AEL R 2 4 IR B9 2% 44 48 A U &5
B0 grah o 5 HoAb — R A AL IEAT 3R

7E RIMC %544, 5% 2% 2H % (Residual Groups, RGs) #{ %
BN N=10, £ & — 1 RG ', SCRAB ¥ $ & # & & A
SCRAB=10, 7£ RANMC 9% £ #5557 R 512 (O &
3N AN A BT R /N YRR 3X3,

4.3 SREHMFTERTIRE
o T JR7x RANMC A (1 58 47 18 M 6k K RANMC #5
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R 55T S i (B A AR 2 £ Y r BE R O IR AT T
P, 3k 2 5L T 45 B 28 I 45 11 8 43 BE R J7 0k 6 FSR-
CNN, SCNM ) DRRNM!, SRCNN, VDSR, SRMD 21, DB-
PN, MemNet ", MSLapSRN!', EDSR, LapSRNM,
NLRNM L RDNSS g 8h L 7l RANMC f A 5 5 47 436
MR F3 s B A A5 BB 4 R R U 2k (B T EDSR B #2461
W ICH) EDSR 45 2R . 3 BB AN F B BUSE 4 45 48 PSNR
H1 SSIM # H ok PF il 1% A5 B 1 45 S, 7E SE 50 R Y 2 i
(luminance channeD I, it & ic 5% # PSNR/SSIM i & {8 %8

BT E . N T — i RANMC #5281 % 48 B3 i ] T
F % B R 1% (self-ensemble strategy) ., 3+ H AL H £ £ R H
RANMCH .

(1) & J1] PSNR/SSIM #4714 #r 45 2R . SR Jr iy
BRETFH &5 )RR 1 g, X4 SR J5 40§ RANMC i 4Y
LH A BT S B R U 1. S5 AR R W] RANMC + 7 AL A 1o
B 7 i B A DR E s R AR S m i (LA D, e,
BIf RANMC # B AS ] [ 4R 5K W, 0 5e 459 2 B 7 4F 19
L.

F1 R4 8 PSNR/SSTIM Y {E X e 5 BE 9 AR [ 5k kA7 72 42t He o 1oy 4% 2R
Table 1 Quantitative comparison of different most advanced methods by using average PSNR/SSIM value on dataset
Set5 Setl4 BSD100 Urban100 Mangal09
Method Scale

PSNR/SSIM PSNR/SSIM PSNR/SSIM PSNR/SSIM PSNR/SSIM
Bicubic X2 33.66/0.9299 30.24/0.8688 29.56/0.8431 26.88/0.8403 30.80/0.9339
SRCNN X2 36.66/0.9542 32.45/0.9067 31.36/0.8879 29.50/0.8946 35.60/0.9663
FSRCNN X2 37.05/0.9560 32.66/0.9090 31.53/0.8920 29.88/0.9020 36.67/0.9710
VDSR X2 37.53/0.9590 33.05/0.9130 31.90/0. 8960 30.77/0.9140 37.22/0.9750
LapSRN X2 37.52/0.9591 33.08/0.9130 31.08/0.8950 30.41/0.9101 37.27/0.9740
MemNet X2 37.78/0.9597 33.28/0.9142 32.08/0.8978 31.31/0.9195 37.72/0.9740
EDSR X2 38.11/0.9602 33.92/0.9195 32.32/0.9013 32.93/0.9351 39.10/0.9973
SRMD X2 37.79/0.9601 33.32/0.9159 32.05/0. 8985 31.33/0.9204 38.07/0.9761

NLRN X2 38.00/0.9603 33.46/0.9159 32.19/0.8992 31.81/0.9246 -
DBPN X2 38.09/0. 9600 33.85/0.9190 32.27/0.9000 32.55/0.9324 38.89/0.9775
RDN X2 38.24/0.9614 34.01/0.9212 32.34/0.9017 32.89/0.9353 39.18/0.9780
RANMC (ours) X2 38.28/0.9616 34.02/0.9224 32.34/0.9020 32.90/0.9353 39.20/0.9790
RANMC+ (ours) X2 38.30/0.9618 34.20/0.9230 32.40/0.9021 33.20/0.9373 39.22/0.9800
Bicubic X3 30.39/0.8682 27.55/0.7742 27.21/0.7385 24.46/0.7349 26.95/0.8556
SRCNN X3 32.75/0.9090 29.30/0.8215 28.41/0.7863 26.24/0.7989 30.48/0.9117
FSRCNN X3 33.18/0.9140 29.37/0.8420 28.53/0.7910 26.43/0.8080 31.10/0.9210
VDSR X3 33.67/0.9210 29.78/0.8320 28.83/0.7990 27.14/0.8290 32.01/0.9340
LapSRN X3 33.82/0.9227 29.87/0.8320 28.82/0.7980 27.07/0.8280 32.21/0.9350
MemNet X3 34.09/0.9248 30.01/0.8350 28.96/0.8001 27.56/0.8376 32.51/0.9369
EDSR X3 34.65/0.9280 30.52/0. 8462 29.25/0.8093 28.80/0.8653 34.17/0.9476
SRMD X3 34.12/0.9254 30.04/0. 8382 28.97/0.8025 27.57/0.8398 33.00/0.9403

NLRG X3 34.27/0.9266 30.16/0.8374 29.06/0.8026 27.93/0.8453 -
RDN X3 34.71/0.9296  30.57/0.8468  29.26/0.8093  28.80/0.8653  34.13/0.9484
RANMC (ours) X3 34.74/0.9296 30.64/0. 8468 29.28/0.8095 28.88/0.8662 34.15/0. 9485
RANMC+ (ours) X3 34.84/0.9302 30.70/0.8480 29.35/0.8107 29.14/0.8708 34.35/0.9495
Bicubic X4 28.42/0.8104 26.00/0.7027 25.96/0.6675 23.14/0.6577 24.89/0.7866
SRCNN X4 30.48/0.8628 27.50/0.7513 26.90/0.7101 24.52/0.7221 27.58/0.8555
FSRCNN X4 30.72/0.8660 27.61/0.7750 26.98/0.7150 24.62/0.7280 27.90/0.8610
VDSR X4 31.35/0.8830 28.02/0.7680 27.29/0.0726 25.18/0.7540 28.83/0.8870
LapSRN X4 31.54/0.8850 28.19/0.7720 27.32/0.7270 25.21/0.7560 29.09/0.8900
MemNet X4 31.74/0.8893 28.26/0.7723 27.40/0.7281 25.50/0.7630 29.42/0.8942
EDSR X4 32.46/0.8968 28.80/0.7876 27.71/0.7420 26.64/0.8033 31.02/0.9148
SRMD X4 31.96/0.8925 28.35/0.7787 27.49/0.7337 25.68/0.7731 30.09/0.9024

NLRG X4 31.92/0.8916 28.36/0.7745 27.48/0.7346 25.79/0.7729 —
DBPN X4 32.47/0.8980 28.82/0.7860 27.72/0.7400 26.38/0.7946 30.91/0.9137
RDN X4 32.47/0.8990 28.81/0.7871 27.72/0.7419 M//().SOZS 31.00/0.9151
RANMC (ours) X4 32.51/0.9000 28.83/0.7871 27.73/0.7420 26.61/0.8029 31.01/0.9153
RANMCH (ours) X4 32.60/0.9003 28.92/0.7880 27.80/0.7430 26.85/0.8072 31.33/0.9170
Bicubic X8 24.40/0. 6580 23.10/0.5660 23.67/0.5480 20.74/0.5160 21.47/0.6500
SRCNN X8 25.33/0.6900 23.76/0.5910 24.13/0.5660 21.29/0.5440 22.46/0.6950
FSRCNN X8 20.13/0.5520 19.75/0. 4820 24.21/0.5680 21.32/0.5380 22.39/0.6730
SCN X8 25.59/0.7071 24.02/0.6028 24.30/0.5698 21.52/0.5571 22.68/0.6963
VDSR X8 25.93/0.7240 24.26/0.6140 24.49/0.5830 21.70/0.5710 23.16/0.7250
LapSRN X8 26.15/0.7380 24.35/0.6200 24.54/0.5860 21.81/0.5810 23.39/0.7350
MemNet X8 26.16/0.7414 24.38/0.6199 24.58/0.5842 21.89/0.5825 23.56/0.7387
MSLap X8 26.34/0.7558 24.57/0.6273 24.65/0.5895 22.06/0.5963 23.90/0.7564
EDSR X8 26.96/0.7762 24.91/0.6420 24.81/0.5985 22.51/0.6221 24.69/0.7841
DBPN X8 27.21/0.7840 25.13/0.6480 24.88/0.6010 22.73/0.6312 25.14/0.7987
RANMC (ours) X8 27.11/0.7800 25.14/0.6485 24.90/0.6011 22.73/0.6313 25.15/0.7990
RANMCH (ours) X8 27.22/0.7840 25.15/0.6485 24.92/0.6014 22.78/0.6315 25.16/0.7992
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Fig. 7 Comparison of visual images for 4x super-resolution with bicubic degradation on “253027”0of BSD and “Img_092"“Img_091"of Urban100
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Fig. 8 Using Urbanl00 and Mangal09 datasets to show the image effects and model comparison of 8x super-resolution with bicubic degradation
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RANMC 28 wh il B 1 Bk 3% 2 (Skip Connection, SC) , il 41 5k
R 2 UK R 4% 19 4 Bk 5% 3% $% (Short Skip Connection, SSC)
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#H AMBlock M % ) PSNR 4. M 2 s n] DL 5], 1
ffi %4 RIMC, AMBlock AT LA#ix — PERE M 37. 10 dB 42 55

F]37.19dB, HZ A XL LR, 7E RANMC B A o
A AMBlock J& BH % [ 1% £ .

F 2 MY 0 (E 1 R 1L A R
Table 2 PSNR results of various modules
Residual in multi-skip connection MC X N X N X N X N
(RIMC) SSC X X N/ N4 X X N <
Attention mechanism block (AMBlock) X X X X NA N NA N/
PSNR on Set5 (2X) 37.10 37.62 37.64 37.70 37.19 37.39 37.52 37.58
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Fig. 9 Using different amount of skip connection residual attention block (SCRAB) to compare performance of RANMC
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Table 3 PSNR results of different parameters of various modules
EDSR  MemNet NLRG DBPN RDN RANMC
Parameter 13 M 677K 330K 10M 22.3M  10.4M
PSNR 38.11 37.78 38.00 38.09 38. 24 38.28
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