| s 58% %20 /2001 & 10 A/MASHRFSHE

iy Bl I ZIHE

il 5 S A 0 00 A R XX Bt I 28 B4 P 1 i 2 o3 o

AR
9

P TREARYAE T 5ER TR, {7 #/78 125105

WE ETHREXINAEGEB SRR LT RO S R 5% 28 ER BT 3 m 10 % T 0 18 2 2L AT 847 i AL
B (B PRGN A5 SR RN 5 WL PE AN (B AS BE X A 48 T o B X aX — [R) A, 2 ) — A R 0 2R SO ) 4%
HEMGOB o PR @ T k. S R Bk 22 M 4% rh 2 B IR PR AR X LE BE A L L B2 e IEHR AR R B A A — )2
FEUE My 3 10 38 70 2 B 220 I 45 5 22 B, ] 5 b A AR A B S b 0 AT 1 3 B AR AE 44k Bl st R 4 R A K R R
T B = AU SRS AR T Y R) R e S R 3 AR R 5K R A B 8 F 1Y Charbonnier 5 58 B E0E AR U7
ZEMIC PR B, AR 25 TE N 0w I 2R R, S A R R WL AE A IR T, 5 H A T A FE Set5 . Setl4,
Urban100,BSDS100 Ml 4E b #4704 Lo 45, A SCT5 ok W 115 W LL P X (B £ T 2. 88 dB. 45 # AR L 1 1 25 {4 $2 71
0.078, SLHEUEFMBOREIRY ik £ L HAFE A 0 1B A B 0 05 5 15 W Lo (8 R 45 H A8 oLk
B 2B T A SO AN B T 95 B (8 1 2 15 32

KER BB, PR, ) B EME; TR AR B 4

FESES TP391 XHIRERL A doi: 10.3788/L0OP202158.2010012

Attention Fusion Generative Adversarial Network for Single-Image
Super-Resolution Reconstruction

Peng Yanfei , Zhang Pingjia , Gao Yi, Zi Lingling

School of Electronic and Information Engineering, Liaoning Technical University, Huludao, Liagoning 125105, China

Abstract Deep learning-based single-image super-resolution reconstruction method has been relatively perfect. The
reconstructed image has a high objective evaluation value or a good visual effect; however, the image perception
effect and objective evaluation value cannot be improved in a balanced manner. To address this problem, this paper
proposes a single-image super-resolution reconstruction method based on an attention fusion generative adversarial
network. In the proposed method, first, the batch layer that destroys the original image contrast information and
affects the quality of image generation in the residual network is removed. Then, the residual block of the attention
convolutional neural network, which can effectively perform adaptive feature refinement in the feature map, is
constructed. To improve the reconstruction results that lack high-frequency information and texture details under
large-scale factors, a pixel-loss function is constructed to replace the mean squared error-loss function with a more
robust Charbonnier loss function, and a total variation regular term is used to smooth the training results. The
experimental results show that compared with other methods on the Set5, Setl4, Urban100, and BSDSI100 test sets
under 4 X magnification factor, the average peak signal-to-noise ratio and average structure similarity increased by
2.88 dB and 0. 078, respectively. The experimental data and renderings demonstrate that the proposed method is
subjectively rich in details, objectively has a high peak signal-to-noise ratio and structural similarity value, and
achieves a balanced improvement of visual effects and objective evaluation index values.
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Fig. 2 Discriminator network structure
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Fig. 3 Use of channel and spatial attention modules
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Fig. 7 Variation curve of discriminant function loss value
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Fig. 8 Partial enlarged comparison diagrams of the “baby” reconstruction effect of five algorithms in Set5 test set
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Fig. 12 Partial enlarged comparison diagrams of the “room” reconstruction effect of five algorithms in Urbanl00 test set
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Table 1 Comparison of PSNR values of various super-resolution reconstruction methods
Test set Scale Bicubic ESPCN SRGAN ESRGAN Proposed
Set5 4X 26.692 27.594 26.628 28.543 29.510
Setl4 41X 24.565 25.186 24.568 24.532 26. 443
Urban100 4X 21.706 22.300 22.113 22.792 23.917
BSDS100 4X 24.641 25.043 24.472 25.322 25. 884
B2 AR A SSIM L 1
Table 2 Comparison of SSIM values of various super-resolution reconstruction methods
Test set Scale Bicubic ESPCN SRGAN ESRGAN Proposed
Setb 414X 0.7730 0. 7895 0.8023 0. 8145 0. 8517
Setl4 4X 0.6732 0.6983 0.7019 0.6711 0.7377
Urban100 4X 0.6317 0.6595 0.6774 0.7050 0.7415
BSDS100 4X 0. 6401 0.6702 0.6713 0.6514 0.7002
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TE AR08 0T 5 42 TH 0 2 P {8 A 2 7 L 4% 31
— AR, A SCRE AR T ESRGAN ) PSNR
BAEHE T K ZH87E 1 dB AR FHIREE I . DL Sets hy
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HRT e PSS TR 11 A B R E MR A /N 5 R T — AR B
[vi) B 1 FH 7 A AR R s R B TR R B L Bt
ATUAE 34 SR 4 25 T R 5 2,
TH RS2 50 AT 3 Ay UE B AR SRR B R AT M R
Bt

3 ARG HBEAITE 4 AR F Y PSNR {5

Table 3 PSNR values of models with different module combinations on four test sets

Method Set5 Setl4 Urbanl00 BSDS100
SRGAN 26.628 24.568 22.113 24.472
SRGAN—BN 27.863 25.269 22.743 25.228
SRGAN+CAR&.SA 27.865 25.375 22.693 25.198
SRGAN-+Charbonnier 28.153 25.724 22.919 25.404
SRGAN+Charbonnier+CA&.SA—BN 29.510 26. 443 23.917 25. 884

%4 FRIBHALA HOBURAE 4 W 19 SSIM {1
Table 4 SSIM values of models with different module combinations on four test sets

Method Set5 Setl4 Urban BSDS100
SRGAN 0.8023 0.7019 0.6774 0.6713
SRGAN—BN 0. 8058 0.7079 0. 6820 0.6728
SRGAN+CA&SA 0. 8057 0. 7068 0.6792 0. 6754
SRGAN++Charbonnier 0. 8203 0.7180 0.6939 0.6822
SRGAN+-Charbonnier+ A& .SA—BN 0.8517 0.7377 0.7415 0.7002

(a)original (b)SRGAN

PSNR:28.936
SSIM:0.7851

mmmmmm

¢)SRGAN-BN (d)SRGAN+ (e)SRGAN+ (f)proposed
SA&CA Charbonnier

PSNR:30.273  PSNR:30.765 PSNR:30.630 PSNR:31.494

SSIM:0.8401 SSIM:0.8406  SSIM:0.8500  SSIM:0.8577

P13 Set PIAE o #49“ baby” 76 B 52 46 vh 55 gt AOR 5 M8 R L 1E

Fig. 13 Partial enlarged comparison diagrams of the “baby” reconstruction effect in ablation

experiment in Setb test set
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(a)original (b)SRGAN

SSIM:0.7598

PSNR:22.714 PSNR:23.214
SSIM:0.7959

I S I N S XS

¢c)SRGAN-BN (d)SRGAN+ (e)SRGAN+ f)proposed

SA&CA Charbonnier

PSNR:23.3056 PSNR:23.992 PSNR:26.260
SSIM:0.7920  SSIM:0.8282  SSIM:0.8920

Bl 14 Sets MLAE H #Y “ butterfly” 78 T4 Bl 52 56 v 5 ROR 7 # O X L

Fig. 14 Partial enlarged comparison diagrams of the “butterfly”
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(a)original (b)SRGAN (¢c)SRGAN-BN (d)SRGAN+ (e)SRGAN+ (f)proposed

PSNR:28.095 PSNR:28.541
SSIM:0.7345  SSIM:0.75633

reconstruction effect in ablation experiment in Set5 test set

SA&CA Charbonnier
PSNR:28.377 PSNR:29.005 PSNR:29.652
SSIM:0.7512  SSIM:0.7649  SSIM:0.7750

Bl 15 Setl4 R LE S I lenna” 76 74 Tl S 56 b 80 2 2500 oy 38 0 R % be &

Fig. 15 Partial enlarged comparison diagrams of the “lenna”
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