F60%5 F 14H/2023 57 B/ B EBFEHE Mt

iyt Bl B FFIHRE

TR SRS B TR ey BEHG  or P %

RREY, NEE, Wk, &

"RIEHE K uﬂ% 5T R0, {"HL)HIG I 4300815
SRR KSR 4 A b SR AR ZE W TR s, B R 430081

1,2

WE SLYRBReEEENEBEEMAERGFL  F = Ed BRI ESEA T Z M. H i TIE L i Ee R
il L )63 R A 23 18] 43 B R BELAS T H iy 1 % e, LR 38 0 A TR 00 2 X I A A 1 %rﬁ@uﬁ%%ﬂ S G 2 [l E B
AL 25 B 0 SCHLFN R AN Y T AR R A R I e R N [ R P 22 R B A S R — R TR R B A S R e
(RGO 43 PR N 2% 3 a4 AiF B8 BRI AT 28 B il -G B B 58 23 il D' 3 19 23 T ) JRE A 8 5 o AR 11 0 3 R BB H
Do i 2 ) A5 A B I TC A B I A Ak G 0 v AR T 53l A o 3 A5 — SO B R Rt KR R R 2= Ak .
SAGIHEAR G AL I 25 S F W], T 48 I 25 75 30 (4 ) 4 S5 48 SR 6 i 00 T T L e 1Y) A R I 45

KEIR  RGLIE; Ba¥eR; WE¥E; JeEg; EEIILE
FESES TP391 XEKFRERD A DOI: 10.3788/LOP221911

Light Field Image Super-Resolution Based on Feature Interaction Fusion
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Abstract Light field images contain rich spatial and angle information and are, therefore, widely used in three-
dimensional reconstruction and virtual reality; however, the limited spatial resolution of light field pictures, notably the
blurring of the image edge area, prevents their application and development due to the inherent constraints of light field
cameras. A light field image super-resolution network based on feature interactive fusion and attention is proposed here
because the spatial information in a light field subaperture image contains rich texture and high-frequency details and the
angle information corresponds to the correlation between different views. Here, the feature extraction and feature
interactive fusion modules completely fuse the spatial and angle information of the light field; the feature channel attention
module refines high-frequency aspects of the images by adaptively learning effective information and suppressing redundant
information; and the optical field structure consistency module preserves the parallax structure between optical field
pictures. The performance of the proposed network is typically superior to that of the compared super-resolution network,
according to the experimental results from five light field datasets.
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SAFE_module: spatial angle feature extraction module; FIAF_module: feature interaction and auxiliary fusion module;
FCA_module: feature channel attention module; SC_module: structure consistency module
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Fig. 1 Overall architecture of proposed network
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Table 3 Comparison of X 4 super-resolution PSNR/SSIM indicators

14 H3/2023 £ 7 B/H X EXBFEHE

Algorithm Scale EPFL HClInew HClold INRIA STFgantry
Bicubic X4 25.264/0. 8324 27.715/0.8517 32.576/0.9344 26.952/0. 8867 26.087/0. 8452
VDSR x4 27.246/0.8777 29.308/0.8823 34.810/0.9515 29.186/0. 9204 28.506/0. 9009
EDSR X4 27.833/0.8854 29.591/0. 8869 35.176/0.9536 29.656/0.9257 28.703/0.9072
RCAN X4 27.907/0. 8863 29.694/0. 8886 35.359/0. 9548 29.805/0.9276 29.021/0.9131

GB X4 26.900/0. 8737 29.128/0. 8817 34.473/0.9523 28.774/0.9183 28.162/0. 8953

LFBMS5D X4 26.810/0. 8774 29.351/0. 8885 34.797/0.9573 28.805/0. 9246 28.184/0.9035
LFNet x4 27.899/0.8991 30.382/0. 9067 36.159/0. 9657 29.967/0.9381 29.718/0.9322
resLF x4 28.260/0.9035 30.723/0.9107 36.705/0. 9682 30.338/0.9412 30.191/0.9372
LFSSR x4 28.596/0.9118 30.928/0. 9145 36.907/0. 9696 30.585/0. 9467 30.570/0. 9426

LF-ATO x4 28.514/0.9115 30.880/0.9135 36.999/0. 9699 30.711/0.9484 30.607/0. 9430

LF-InterNet X4 28.708/0.9139 30.977/0.9163 37.078/0.9714 30.670/0.9485 30.491/0. 9423

MEG-Net X4 28.656/0.9137 31.002/0.9162 37.109/0.9709 30.590/0. 9478 30.619/0. 9435

Proposed algorithm x4 28.701/0.9148 31.131/0. 9208 37.210/0.9724 30.734/0. 9503 30.610/0.9432
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Fig. 6 Comparison of visual effects of different algorithms with X 2 super-resolution
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Fig. 7 Comparison of visual effects of different algorithms with X 4 super-resolution
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Table 4 Comparison of X 2 super-resolution model parameters and running time (s)

Algorithm Params /10° EPFL HClnew HClold INRIA STFgantry
VDSR 0.665 104.55 40. 00 45.47 49.78 20.63
EDSR 38.890 727.34 267.79 299.01 360. 05 133.24
RCAN 15. 360 178.69 60. 14 69. 80 82.69 32.31
LFNet 10. 385 203. 57 84.35 95.92 107. 48 48.02
resL.F 8.648 749.12 272.48 310. 60 368. 29 136. 84
LFSSR 1.774 79.51 30. 30 33.73 37.46 15.00

LF-ATO 1.364 561.25 205.72 233.35 280.79 104. 66

LF-InterNet 5.483 193.83 72.06 81.27 96.98 36.79
MEG-Net 1.775 285.45 104. 00 119. 35 141.54 53.08
Proposed algorithm 4.2 43.56 48.51 57.70 18.74
a ﬁ ' % %
input LFSSR LFSSRATO  LF-interNet MEG-Net g{;gﬁiﬂ

input LFSSR LFSSR-ATO LF-interNet MEG-Net algorithm

K8 BS50[RS 06 L s HOR X e
Fig. 8 Comparison of the visual effects of different algorithms in real-world scenes
FCA module,SC _module X [0 2% 5 i ) 5T 0K A0 0T A AR JH RIS Bie v % 2 A ] ) 25 AR B AR, 2 LA
G B LR AR UL PSNR FESSIM AR g B K/ 3X 3,
PR R AR L BR85S R UL R R M S AR AT DL Rl s a5 8 s 2l ]
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Table 5 Comparison of results of ablation experiments

Model PSNR SSIM
Bicubic 29.740 0.9376
Spatial only 32.853 0.9464
Angular only 30.674 0.9398
Non-FIAF _module 33. 887 0. 9587
Non-FCA _module 34.185 0.9638
Non-SC _module 34.401 0.9695
All module 34.493 0.9767
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