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Abstract: Aiming at the problem that most image super-resolution methods cannot fully extract features
by using single-scale convolution, an image super-resolution network based on multi-scale adaptive atten-
tion 1s proposed. To fully use the contextual information in each hierarchical feature, a multi-scale feature
fusion block was designed, whose basic unit consists of an adaptive dual-scale block, a multi-path progres-
sive interactive block, and an adaptive dual-dimensional attention sequentially in series. Firstly, the adap-
tive dual-scale block autonomously fused the features of two scales to obtain richer contextual features; sec-
ondly, the multi-path progressive interactive block interacted the output of the adaptive dual-scale block in
a progressive way to improve the correlation between the contextual features; lastly, the adaptive dual-di-

mensional attention autonomously selected different dimensions of the attention to refine the output fea-
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tures, which makes the output features more discriminative. The experimental results show that on Set5,
Setl4, BSD100 and Urban100 test sets, the method of this paper improves the PSNR and SSIM quantita-

tive metrics compared to other mainstream methods, especially for the Urban100 test set, where texture

details are difficult to be recovered, the method of this paper improves PSNR and SSIM metrics by

0.05 dB and 0. 004 5 respectively compared to the existing optimal method, SwinIR, with the scaling fac-

tor of X4; in terms of visual effect, the reconstructed images in this paper have more texture details.

Key words: super-resolution; multi-scale feature; attention mechanism; adaptive weights; progressive

information interaction
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Tab.2 Results of ablation experiments of the structure of BU

p— Setd Setld BSD100 Urban100
PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM
4t 1 32.35 0.896 3 28. 66 0.7821 27.45 0.727 4 26.58 0.799 8
Sty 2 32.39 0.8959 28.78 0.787 6 27.42 0.729 4 26. 64 0.803 3
55K 3 32.43 0.899 1 28.85 0.798 2 27.54 0.7319 26.59 0.802 8
Sk 4 32.69 0.900 2 29.03 0.8105 27.74 0.7451 26.92 0.816 7
45k 5 32.76 0.9018 29.11 0.8118 27.83 0.746 3 27.03 0.819 5
45k 6 32.77 0.902 0 29.12 0.8120 27.85 0.746 9 27.08 0.819 4
SEHE BU 32.79 0.902 3 29.15 0.8128 27.87 0.747 3 27.12 0.8209
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Tab.3 Results of ablation experiments of the structure of ADB

s 3X3 5X5 7X7 3X3+5X5  3X3+5X5+7X7  3X3+5X5+-AWU
ZH e /M 3.21 5.84 8.53 9. 50 19. 99 9.69
PSNR 34. 26 34. 37 34.43 34.81 34.95 34.91
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FB il B AR T UK 2, 1E S 8T
Bom1.82 M B IE &L F , PSNR A 3% fm T
0.55dB; i - 418k R S ML T /- 4Bl 4, B2 8
OO T 4.94 M, {H PSNR {H ¥ ¥ i T
0.16 dB. ZiHa % &M 0 & 2% B 5 o e Mk fE
1 MPIB i A RRAE 230 4 204 Sy de A 4%

®4 MPIBHAHEHFIR
Tab.4 Ablation experiments of the groups of MPIB

AR 2 4 8
ZH e /M 7.79 9.61 14.55
PSNR 37.82 38. 37 38.53

3.4 XL
341 RAREEFEAER
9 E B A SCHR 9 ADA A B0HE R s

W i8 7 & J1 (Efficient Channel Attention,
ECA) ™ | % FH 8 1 & ) 1 3 (Convolutional
Block Attention Module, CBAM) " F1 - fiij 11 7%
J1 #L #l (Balanced Attention
BAM) """ ¥ MAAN H1 9 ADA BEFT X} EE .

& 50 4 BEE R AR A LG R Dy X3 B
(S 25 5, T LU W 7R A T T i AR )
o AEE T E N (FECA) , S5 T
0.02 M, 4 > i B 4 46 (19 PSNR/SSIM P i 45
B 8 hn 649 39 48 4 0. 10 dB/0. 000 8; +CBAM FI
+BAM 5 LAl 45 AH L, S BCE S  Hn T
0.08 M F10.13 M, {H PSNR/SSIM ¥ ff 4§ #5 i1
V(8 43 B8 7 0.16 dB/0. 001 3 1 0.17 dB/
0.001 5,3 H CBAM Fil BAM Wi i it & h 52
] 1 28 1 456 09 A R0 s H ADA 5 Al R 25 A
o, S5 in 7 0. 04 M, {H PSNR/SSIM i
M 48 b1 B B E 8 0 T 0. 32 dB/0. 003 3, iE
TADA#MMZE - HEFEE NS _FEEIMA
ST L 2 S N A 7 R = R g 6] RE B =
T HAE WS HCE 0 H R T G
e B CFEELZMEXMGER. K7TRERTM
2 WO AR R R I A RO A, o &
% B 1% (Ground Truth, GT) & B 52 & 7 38 K ¥
1 2T B AE Y X B R 2R, T RLE AR S
P ADA GRS T I 4f 19 05 AR A
PR MG A Z A

Mechanism,

R5 AEEENIEMNIERTLE

Tab.5 Comparison of the evaluation metrics of different attention
. 5 Set5 Setl4 BSD100 Urban100
ik w/M PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM
HE il o0 225 9.65 34.66 0.928 8 30.52 0.847 4 29.12 0.809 7 28.91 0.872 3
+ECA 9.67 34.72 0.929 8 30. 67 0.848 3 29.21 0.8110 29.01 0.8724
+CBAM 9.73 34.78 0.930 1 30.70 0.848 7 29.26 0.8114 29.09 0.8731
+BAM 9.78 34.76 0.9299 30.72 0.849 3 29.22 0.8115 29.18 0.8736
+ADA 9.69 34.93 0.9317 30. 80 0.8509 29.40 0.813 6 29.37 0.8753

+ECA
P77 0 A L5 R L

Fig. 7 Comparison of the visual effect of different attention

+CBAM
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3.4.2 ARFVH kA% 0.02 dB/0.000 6,0.04 dB/0.000 5 1 0. 04 dB/

A SCHE Set5, Setl4, BSD100 #l Urban100 %
P B MAAN 5 10 ik #i17 IL S,
#5 Bicubic, SRCNN', VDSR™,DRRN"" £ % 7)
4 B ERAE 2 ) B 2% (Attentive Auxiliary Feature
Learning, A2F-L) "™ | EDSR' | %% 2 % £ W %
(Residual Dense Network, RDN)"™" | & % 43 21 Bk
K W 2% (Efficient Group Skip Connecting Net-
work, E-GSCN) ™ | % £ 5% 25 $v 3 i 7 X 2%
(Densely Residual Laplacian Network, DRLN)"" |
Swin T # M %% (Image Restoration Using Swin
Transformer, SwinIR)"* FIHBK & = 1 FEF 1§ I
% (Single Image Super-Resolution Based on Joint
Trilateral Feature Filtering, JTF-SISR)"™",

6 R & I IEAE AN HEERE 4 b I
IR X2, X3, XA E BEEAL A5 8, P R A
(B AR d DA 43 0 TR F R Rl i o wT LA
F il AR SR MAAN T8 34 [RBCK He AT 55
IS T B0 E B EE . AR Seto BUEAE R 3
AR HE AT 55, MAAN A T K e i B ik
SwinIR, PSNR/SSIM ¥ i 45§ 45 73 il 3 fn 1

0.000 2;X%F F Set14 £ 4 45 , 76 X 2 UK L9 4% 55
t, MAAN L6 ¥ A 5 DRLN 9 PSNR H
7 0.02 dB, {H SSIM {# 41 8 Jin 7 0. 000 7,
FE X 3 F X4 AT 55, MAAN AT K e i
95 SwinIR , PSNR/SSIM A4 48 bR 4> 91114 hn 1
0.03 dB/0.000 6 #1 0. 21 dB/0. 021 4; %} T 44 &
W4 55 R S B4 59 BSD100 Al Urban100 % 4
B AR SO MAAN 78 34N K E BT 55 i
PSNR {5 SSIM {31 2 e 0 AA , o H R TE X 47
KEHIE S, MAAN H K i A 2 SwinlR
PSNR/SSIM ¥ 45 #5 43 5l # fin 1 0.04 dB/
0.001 4 F10.05 dB/0. 004 5, 4K B T A 3 Jy i 1
Vi 52 v A s B A T O T LA e B 2 R
F AR SCHE S5 AR T 55 b i R S Rk
A B AN > T SR ) S 0 T HLiE— 25 42
b TR R RE

Sy i — A B MAAN 16 9% &2 20 320 45 7 1
B AL 5, A SO MA AN 1 Bicubic, SRCNN, VD-
SR,RDN,DRLN F1 SwinIR 6 /™ 37 77 ¥ 75 5%
/N B AR Setld | #K B AR A BSD100 Al Ur-

Fz6 LEBIEFAX2, X3, X4 &FEWIFEMIEFRITEE
Tab.6 Comparison of evaluation metrics of each method with scale factors of X2, X3, X4
SR Set5 Setl4 BSD100 Urban100
H. {5 ko
/M PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM
Bicubic — 33.69  0.9284  30.34 0.8675 29.57  0.8434  26.88  0.8438
SRCNN 0.02 36.66 0.9542 32.42 0.9063 31.36  0.8879  29.50  0.8946
VDSR 0.67 37.53 0.958 7 33.03 0.9124 31.90 0.896 0 30.76 0.914 0
DRRN 0.30 37.74 0.9591 33.23 0.9136 32.05 0.8973  31.23 0.9188
A2F-L 1.36 38.09 0.9607 33.78 0.9192 32.23 0.9002  32.46  0.9313
JTF-SISR 17.8  38.24 0.9613 33.83 0.9196 32.34 0.9017 32.81 0.9349
X2 EDSR 40.7 38.11 0.9602 33.92 0.9195 32.32 0.9013 32.93 0.9351
RDN 22.1 38.24 0.9614 34.01 0.9212 32.34 0.9017 32.89 0.9353
E-GSCN 15.7 38.21 0.9612 33.95 0.9203 32.35 0.9019 32.94 0.9357
DRLN 32.4  38.27 0.9616 34.28 0.9231 32.44 0.9028  33.37 0.9390
SwinIR 11.8 38.35 0.962 0 34. 14 0.9227 32.44 0.9030 33.40 0.939 3
MAAN 9.61 38.37 0.9626 34.26 0.9238 32.49 0.9032 33.43 0.9401
Bicubic — 30.41  0.8655 27.64  0.7722 27.21 0.7344 24.46 0.7411
SRCNN 0.02  32.75 0.9090 29.28 0.8209  28.41 0.7863  26.24  0.7989
VDSR 0.67 33.66 0.9213 29.77 0.8314 28.82 0.7976  27.14  0.8279
DRRN 0.30  34.03 0.9244 29.96 0.8349 28.95 0.8004  27.53  0.8378
A2F-L 1.37  34.54  0.9283 30.41 0.8436 29.14 0.8062  28.40 0.8574
JTF-SISR 18.1  34.72  0.9295 30.57 0.8465 29.25 0.8090  28.74  0.8645
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Tab.6 Comparison of evaluation metrics of each method with scale factors of X2, X3, X4
o i féﬂl Set5 Setl4 BSD100 Urban100
/M PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM
X3 EDSR 43.7  34.65 0.9280 30.52 0.8462 29.25 0.8093  28.80  0.8653
RDN 22.3  34.71  0.9296  30.57 0.8468 29.26 0.8093 28.80 0.8653
E-GSCN 15.9  34.69 0.9294  30.59 0.8471 29.28 0.8099  28.87 0.8669
DRLN 33.7 34.78 0.9303 30.73 0.8488 29.36  0.8117 29.21  0.8722
SwinIR 11. 34.89 0.9312 30.77 0.8503 29.37 0.8124  29.29 0.8744
MAAN 9.69 34.93 0.9317 30.80 0.8509 29.40 0.8136 29.37 0.8753
Bicubic — 28.43 0.8022  26.10 0.6936  25.97 0.6517 23.14  0.6599
SRCNN 0.02  30.48 0.828 27.49 0.7503 26.90 0.7101 24.52 0.7221
VDSR 0.67 31.35 0.8338 28.01 0.7674 27.29 0.7251 25.18  0.7524
DRRN 0.30 31.68 0.8388 28.21 0.7720 27.38 0.7284  25.44  0.7638
A2F-L 1.37  32.32  0.8964  28.67 0.7839 27.62 0.7379  36.32 0.7931
X4 JTF-SISR 18.5 32.53 0.8989 28.80 0.7867 27.70 0.7410  26.62  0.8022
EDSR 43.1 32.46  0.8968  28.80 0.7876  27.71 0.7420  26.64  0.8033
RDN 22.6 32.47 0.8990 28.81 0.787 1 27.72 0.7419 26.61 0.8028
E-GSCN 15.9  32.53 0.8992 28.84 0.7879 27.74 0.7424  26.71  0.8050
DRLN 34.0 32.63 0.9002 28.94 0.7900 27.83 0.7444  26.98  0.8119
SwinlR 11.9 32.75 0.902 1 28. 94 0.7914 27.83 0.7459 27.07 0.816 4
MAAN 9.72  32.79 0.9023 29.15 0.8128 27.87 0.7473 27.12 0.8209

ban100 | Ay 5 #2058 8O R 47 LA . BT OR
A B K, A G i SO A xR 2 I
WA T — 20 U W A S 3 A Y T A AL
AR SCH B AR A% T EEAE XA FL ) IR R R
RE

w8 it s, X T B /N B B Setld 1
g5 Al LA, Y img014 Ff BE SRR E AT 40/
M) 25 8L}, Bicubic, SRCNN il VDSR 45 2 % &
/bR J7 RS BT S AT RN E R T &R
o1, i BB A R BB O % ) RDN,
DRLN il SwinlR %8 2 8 & 8 K1 ik, BRRE
G b 3 B T R A R P TR PR 52 (AT A A
e S5 BUHH T Y ) B T AR SC U7 B MAAN 5 iR
TPk AR A M G T bR R, A T &
UL . AT R % s £ BSD100 Fi Ur-
ban100 Y B 245 R, A J7 2 & & 1Y img096
A6t b A 1) BB SRR R i A S i Y KR
AT LAY W7 09 UL 22 31 b Al b iy S0 % AF 2 B
76 A img044 Hh R AEM I, =4 TIZ A =

5 B WA SCH R ARG R T B S 5, i H
Y A T R AEAR T AN e s IR vk
1) imgO076 rf 4% 52 B 1) 45 44 41 7 BRI RS | i AR
SCHL VR MR AR T AR e g AN 5 A
PRI Z MW %5 S . M BOR X &R,
A S MAAN AL 2 T RO 5% Tl @, ifi Al
1 BRI P 28 A S T I, SO M S e
JE B8 4 ik
3.4.3 BAG REILER

Shy 4 T A AN [ O k1 E g PR AR R AR SO
% MAAN 5 4F %% & fb 8 % EDSR, RDN, E-
GSCN,DRLN Hl SwinIR 7£ BSD100 % #i 4 I It
R Sy XA B A B S 5 B AR B
PEAT A UEAT LA, B 7T, S v RE A A
) SwinIR #H b, MAAN 76 £ UF 5 2 1k 8 1Y Ay $2
T AR SR B RO 2 R R B Ab 3
R 1) 43 00 2 T 18. 3%, 38. 3% Ml 24. 1%, 7R A5
MR ITAERE S TR m S T HE
U B ALA -
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Fig. 8 Comparison of visual effect of each method with a scale factor of X4
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Tab.7 Complexity comparison of the 3 methods
ERN TR/ G
/s ®B/M #/G
0.7420 0.338 43.1 516

7k PSNR  SSIM

EDSR 27.71
RDN 27.72  0.7419 0.224 22.6 209
E-GSCN 27.74 0.7424 0.136 15.9 144
DRLN 27.83 0.7444 0.271 34.0 292
SwinIR 27.83 0.7459 0.112 11.9 128

MAAN 27.87 0.7473 0.085 9.72 79

N E RGPS E 2R LT UEE A
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