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Image Super-Resolution Reconstruction Algorithm Based on
Adaptive Two-Branch Block

Zhang Yan, Sun Minglei, Sun Yemei', Xu Fujie

School of Computer and Information Engineering, Tianjin Chengjian University, Tianjin 300384, China

Abstract  Recently, attention mechanisms have been widely applied for image super-resolution reconstruction,
substantially improving the reconstruction network’s performance. To maximize the effectiveness of the attention
mechanisms, this paper proposes an image super-resolution reconstruction algorithm based on an adaptive two-branch
block. This adaptive two-branch block designed using the proposed algorithm includes attention and nonattention
branches. An adaptive weight layer would dynamically balance the weights of these two branches while eliminating
redundant attributes, thereby ensuring an adaptive balance between them. Subsequently, a channel shuffle coordinate
attention block was designed to achieve a cross-group feature interaction to focus on the correlation between features across
different network layers. Furthermore, a double-layer residual aggregation block was designed to enhance the feature
extraction performance of the network and quality of the reconstructed image. Additionally, a double-layer nested residual
structure was constructed for extracting deep features within the residual block. Extensive experiments on standard
datasets show that the proposed method has a better reconstruction effect.
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Fig.1 Network of image super-resolution reconstruction based on adaptive two-branch
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Fig.2 Adaptive two-branch block
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Fig.4 Channel shuffle coordinate attention block
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Table 1 Results of ablation study

Method ATB CSCAB DRAB PSNR /dB
(SSIM)
Model 1 X X X 30.87(0.9150)
Model 2 N X X 32.08(0.9278)
Model 3 X J X 32.03(0.9274)
Model 4 X X ~ 31.98(0.9269)
Model 5 N N X 32.28(0.9299)
Model 6(ATSR)  ~/ N/ Vo 32.44(0.9308)

Model 1

Model 4

Model 2

Model 5

M T RT LA W 4R A 3B B 3 A B TR T
W 4% o PR RE o AR 2 A T A AL 1, H PSNR HI
SSIM 48 #5434 w5 T 1. 21 dB H10. 0128, F W] [ i v/
XUy SRR AT L Ao 8 38 A R T R R
TR L], DT B v PR AR RE . B3
PSNR Fl SSIM #5 #5 & 5 A6 1 #2 & 17 1.16 dB #
0.0124, 3/ 18 5 21 A6 b5 1 B ) AU i A b a2 R AR
T A 2 R A A, O 3 A AR b A B T AL ) T A A M
A7 JRR 4 DX 35, 2 1 B L R B )RR AE (R AR . AR AL 4
EREA) 1A I, PSNR Fl SSIM 45 4R 42 5 7 1. 11 dB A0
0. 0119, iX UF B X2 5% 25 R & B H0 8 1 i £ 1Y 5k 25 45
T, B TE T S R RRAE SR A FURRAE SR HRE O o REAL S
AH LR 1, PSNR F1 SSIM #8 A7 #2 %5 7 1. 41 dB H1
0.0149, # —LUE W] T 76 [ 38 W X 53 S 188 B iy B il 1
VNN 3 T 2 AR bR R A R . R REn T
ATB.CSCAB fil DRAB B9 #1146 4 fig e {4 . LA Set5
o butterfly B R, 161 6 S 2 435780 K 28 80T 45 A5 R 1 38
A3 18 T8 iy R AR R AR 6 rp 4 3 O AR AE 1
SCHETE B, AT DAER R RO VE M B & AE B . SR
AH A T A Y 6, L Ath A5 78D g 4 38 G 1Y) A R R AE BT 2
2 AR Y B2, 5 i) o A MR 1 B i, T E T
T4 L AT s .

35 e LKA XF 553k M g 09 5% 1, 7€ Setld Fi
Urban100 X 45 - ¥E 17 2 5 M 4> B R T A S0 86, 4 K
W B e B 4 SRR AT X L, InEE 2 B R o xR
B FUIE AT 43 ik Tk B T L 0 M U 2 B0 O 43 ik R Y
12% , 1£ Set14 F1 Urban100 I, PSNR 48 b5 43 %1 4% &

Model 3

Model 6

P 6 i e iE 1R ROCR X

Fig. 6 Effect comparison of output feature maps

1037002-6



Rz KRBTGS BT 50k 1 PR hE

F 6155 108/2024 £5 B/BAEXBEFZHE

3 G BPBCE T T 3 5 R BE 1Y R

Table 2 Performance of the proposed algorithm before and after Table 3 Influence of number of RB on the performance of the
large kernel convolutional decomposition proposed algorithm
Method pasame /107 PSNR /dB(SSIM) Resmodule PSNR /dB(SSIM)
Setl4 Urban100 No. Setl4d Urban100
Before 33.75 32.34 2 967 33.63(0.9179) 32.16(0.9286)
decomposition 11089 (0.9191) (0.9302) 3 1121 33.66(0.9181) 32.17(0.9287)
33.82 3944 4 1308 33.82(0.9193) 32.44(0.9308)
After decomposition 1308 (0.9193)  (0.9308) 5 1612 33.80(0.9188) 32.48(0.9312)
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Table 4 Peformance of different algorithms on each dataset

PSNR /dB(SSIM)

Method Scale
Setb Setl4 Urban100 BSD100 MangalO9
VDSR' 37.53(0.9590) 33.05(0.9130) 30.77(0.9140) 31.90(0. 8960) 37.22(0.9750)
CARN'"! 37.76(0.9590) 33.52(0.9166) 31.92(0.9256) 32.09(0.8978) 38.36(0.9765)
IMDN'™! 38.00(0. 9605) 33.63(0.9177) 32.17(0.9283) 32.19(0. 8996) 38.88(0.9774)
SRMDNE"* 37.79(0.9601) 33.32(0.9159) 31.33(0.9204) 32.05(0. 8985) 38.07(0.9761)
SMSR"™ 38.00(0.9601) 33.64(0.9179) 32.19(0.9284) 32.17(0.8990) 38.76(0.9771)
PAN™! s 38.00(0. 9605) 33.59(0.9181) 32.01(0.9273) 32.18(0.8997) 38.70(0.9773)
ARRFN™! 38.01(0.9606) 33.66(0.9179) 32.27(0.9295) 32.20(0.8999)
PDAN™! 38.05(0.9607) 33.65(0.9182) 32.36(0.9300) 32.20(0. 8998) 38.71(0.9771)
A2N! 38.06(0.9608) 33.75(0.9194) 32.43(0.9311) 32.22(0.9002) 38.87(0.9769)
DRSDN" 38.06(0.9607) 33.65(0.9189) 32.40(0.9308) 32.23(0.9003)
LESR"™" 38.07(0.9606) 33.80(0.9194) 32.42(0.9308) 32.24(0.9000) 38.96(0.9776)
ATSR 38.11(0. 9608) 33.82(0.9193) 32.44(0.9308) 32.24(0.8996) 38.94(0.9775)
VDSR"™ 33.67(0.9210) 29.78(0. 8320 27.14(0. 8290) 28.83(0.7990) 32.01(0.9340)
CARN'"! 34.29(0.9255) 30.29(0. 8407) 28.06(0.8493) 29.06(0.8034) 33.50(0. 9440)
IMDN'! 34.36(0.9270) 30.32(0.8417) 28.17(0.8519) 29.09(0. 8046) 33.61(0.9445)
SRMDNE" L 34.12(0.9254) 30. 04(0. 8382) 27.57(0.8398) 28.97(0.8025) 33.00(0. 9403)
SMSR'™ 34.40(0.9270) 30.33(0. 8412) 28.25(0. 8536) 29.10(0. 8050) 33.68(0. 9445)
PAN'! 34.40(0.9271) 30. 36(0. 8423) 28.11(0.8511) 29.11(0.8050) 33.61(0.9448)
ARRFN™! 34.38(0.9272) 30. 36(0. 8422) 28.22(0.8533) 29.09(0. 8050)
PDAN'™! 34.44(0.9276) 30.39(0. 8437) 28.34(0. 8563) 29.11(0.8063) 33.63(0.9448)
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4 (%)
PSNR /dB(SSIM)
Method Scale
Set5 Setl4 Urban100 BSD100 MangalO9
A2N" 34.47(0.9279) 30.44(0. 8437) 28.41(0.8570)  29.14(0.8059)  33.78(0.9458)
DRSDN™ 34.48(0.9282) 30.41(0. 8445) 28.45(0.8589)  29.17(0.8072)
LESR" 34.49(0.9278) 30.42(0. 8431) 28.39(0.8567)  29.13(0.8059)  33.76(0.9455)
ATSR 34.53(0.9283) 30.50(0.8441) 28.54(0.8593)  29.18(0.8060)  33.93(0.9463)
VDSR'™ 31.35(0. 8830) 28.02(0. 7680) 25.18(0.7540)  27.29(0.7260)  28.83(0.8870)
CARN'" 32.13(0.8937) 28.60(0. 7806) 26.07(0.7837)  27.58(0.7349)  30.47(0.9084)
IMDN'"*" 32.21(0.8948) 28.58(0.7811) 26.04(0.7838)  27.56(0.7353)  30.45(0.9075)
SRMDNF " 31.96(0. 8925) 28.35(0.7787) 25.68(0.7731)  27.49(0.7337)  30.09(0.9024)
SMSR'™ 32.12(0. 8932) 28.55(0. 7808) 26.11(0.7868)  27.55(0.7351)  30.54(0.9085)
PAN'" ” 32.13(0.8948) 28.61(0.7822) 26.11(0.7854)  27.59(0.7363)  30.51(0.9095)
ARRFN™ 32.22(0.8952) 28.60(0.7817) 26.09(0. 7858) 27.57(0.7355)
PDAN'™" 32.28(0.8957) 28.66(0.7831) 26.27(0.7922)  27.62(0.7378)  30.64(0.9098)
A2N! 32.30(0.8966) 28.71(0.7842) 26.27(0.7920)  27.61(0.7374)  30.67(0.9110)
DRSDN"" 32.28(0.8962) 28.64(0.7836) 26.30(0.7933)  27.64(0.7388)
LESR" 32.28(0. 8952) 28.65(0. 7827) 26.25(0.7908)  27.61(0.7365)  30.68(0.9100)
ATSR 32.34(0.8973) 28.75(0.7832) 26.37(0.7934)  27.66(0.7370)  30.69(0. 9089)
i — 20 B T 5 5 ATSR A &t 73 5l 5 F5 R R RSB
SRMDNF"™ [ CARN"" /ARRFN"* PDAN"" DRSDN"" Table 5 Comparison of different parameters of different algorithms
FLESR "6 Fit i 43 9 5 5 g 57 6 AE AR R 2 80 it 0 o At Method Params /10° PSNR /dB SSIM
P A J5 T HEAT X L o 7E Sets BOHE 4 b 10 4 5 4 B R SRMDNE 1952 3196 0.8925
Al 2 BN 4 5 BT R . AR ATSR S50 L35k 5 CARN 1092 se.la0.8957
$REH O F— R 98 , (E PSNR A SSIM #5355 T ft AT . fobo o
’ PDAN 1587 32.28 0. 8957
e, B R LA , PSNR 1 SSIM 3 5l 32 & T 0. 06 dB Al DRSDN™! 1095 39,98 0.8962
0.0011. Frik 78 vl Bl T Fr 453 ATSR A &M . LESR " 1020 32.28 0.8952
3.6 AN E YL B A ATSR 1403 32.34 0.8973

BT A R B X6 240 B R o T i AR ik ) HEH B IS A SR IE A S0 15 B A MR I B T HoAt
B EME S F AR 2 SISR 557k 19 5 KR k4T T 40y J7 18] SCEE A S AR 9 B 5, A2N EE 45 0 H A
%t . P 7 9 Urban100 %4 45 v image 012 % X2 HRAHL ) 145 4 2 2004 5] 551, 17 AT SR 85 v 7T Lo iy
EAEZ R, CARN IMDN Ml PAN 8 ik #8 Jo 7k 1E % & RPN NG, ¥ 8 image 092 EIfR X3 &

HR CARN IMDN
PSNR /dB(SSIM) 28.85(0.9157) 29.07(0.9197)

Urban100_012 PAN A2N ATSR
28.84(0.9141) 29.19(0.9219) 29.25(0.9235)

B 7 K% Urban100 012 7 KUK 245 F BB SR X E

Fig.7 Reconstruction effect comparison of Urban100_012 at XX 2 magnification
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Py BTN TR BRI OO T T $E ATSR 5 ik
f14 A PR 0D G W) ELJR IR A T O o AR Al 3 AN [+
RUBE g R 0T LE, DEWT BT 48 AT SR AR o H A 57 12

AE 6 OO A R4 b 5 A0 Y

PSNR /dB(SSIM)

L EEE

PAN

20.37(0.7333)

AR RBLM TR 4R
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20.34(0.7340)

IMDN
20.63(0.7455)

ATSR

20. 67(0 7460) 20.84(0.7528)
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Fig.8 Reconstruction effect comparison of Urban100_092 at > 3 magnification

Urban100_033

PSNR /dB(SSIM)

= . . .

CARN IMDN

27.28(0.8024) 27.25(0.8037)

K9 18 Urban100_033 1A 4 ff5 T #) HAERCR X 1L
Fig.9 Reconstruction effect comparison of Urban100_033 at X 4 magnification

O
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B, BT B 7 s BB HU A 2 3R 23 MR R O VR AT T AR
M RE , AR R R B A P AOR . TRk
(8 AR Kt — 25 BE 5 Al A7 0O T S8 T ML A

PAN ATSR
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