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Light field reconstruction based on spatial-angular
decouple and fuse network
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(School of Information Science and Engineering, Wuhan University of Science and Technology,
Wuhan 430081, China)

Abstract: The densely sampled light field can provide immersive visual experience and have extensive
applications in areas such as 3D reconstruction and virtual reality. Light field reconstruction technology can
obtain densely sampled light fields from sparsely sampled light fields, but when the baseline of the light
field image increases, it will cause occlusion on edges and textured duplicate areas blur in the reconstructed
view. In this paper, we propose a light field reconstruction network based on spatial-anglular decouple and
fuse, it can make full use of the depth information and spatial information contained in the light field image
and solve the reconstruction problems of the complex regions. The multi-branch input is used to supply the
multi-directional information of the light field to solve the occlusion problem. In each branch, multi-scale
features are extracted by atrous spatial pyramid pooling module to obtain disparity information and context
information for the large receptive fields. The spatial-angular decouple and fuse module is designed to

explore the spatial information, guiding the light field angle super-resolution reconstruction so as to obtain
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the reconstruction view with clearer texture duplicate region. Experimental results show that the average
PSNR and SSIM reached 39. 73 dB and 0. 965 on the HCI, HCI old and 30 scenes datasets, showing high

accuracy and outperforming the compared method.

Key words: light field image; angular super resolution; deep learning; decouple and fuse
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Tab.1 PSNR (dB)/SSIM of different methods over HCI datasets

Light field Data type Kalantari ez al. "’ Wuetal. "™ Jin et al. """ Ours
bedroom Synthetic 28.93/0.835 33.73/0.907 41.98/0.975 42.65/0.978
bicycle Synthetic 24.65/0.795 29.94/0.878 34.03/0. 954 35.51/0. 966
dishes Synthetic 22.87/0.740 24.19/0.770 32.76/0. 882 32.84/0.894
herbs Synthetic 24.84/0. 665 28.36/0.755 29.63/0.938 31.38/0.960
Avg. over 4 light fields 25.32/0.759 29.05/0. 828 34.60/0.937 35.60/0. 950

F2 AEFAEFEHCI old ##E % L PSNR(dB)/SSIM
Tab.2 PSNR (dB)/SSIM of different methods over HCI old datasets

Light field Data type Kalantari ez a/. """ Wu et al. '™ Jinetal ' Ours
buddha Synthetic 29.70/0.908 40.92/0. 980 45.65/0.991 47.16/0. 993
buddha2 Synthetic 27.64/0.882 37.86/0.965 41.48/0.975 42.02/0.977
monasroom Synthetic 28.89/0.902 41.09/0. 984 45.88/0. 990 46.71/0.992
papillon Synthetic 28.66/0. 887 41.98/0. 980 45.51/0.987 46.19/0. 989
stillLife Synthetic 21.32/0. 645 22.29/0. 664 25.67/0.854 25.53/0.852
Avg. over 5 light fields 27.24/0.845 36.83/0.915 40. 84/0. 960 41.52/0.961

#3 ANEFHETFE 30 scenes H#EE _EH PSNR(dB)/SSIM
Tab.3 PSNR (dB)/SSIM of different methods over 30 scenes datasets

Light field Data type Kalantari ez al. """’ Wuetal. "™ Jin et al. """ Ours
Flowerl Real-world 23.17/0. 844 33.97/0.970 37.42/0.983 37.95/0. 987
Flower2 Real-world 22.48/0.811 33.17/0.961 36.52/0.981 36.94/0.983
IMG1324 Real-world 35.36/0.955 47.17/0.989 49.85/0.990 50.07/0. 991
IMG1328 Real-world 31.85/0.892 41.93/0.976 44.99/0.985 45.57/0. 986
IMG1528 Real-world 22.03/0.799 23.67/0.825 31.67/0.964 33.65/0.973
IMG1541 Real-world 23.11/0.757 24.94/0.830 35.56/0.973 36.78/0.980
Avg. over 30 light fields 27.81/0. 858 38.10/0. 961 41.47/0.983 42.07/0.985
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Tab.4 Ablation experiments of different modules

HCI HCI old 30 scenes
Single branch 34.60/0.937 40. 84/0. 960 41.47/0.983
Multi branches 34.96/0.941 41.02/0. 960 41.65/0. 984
Multi branches + SADFM 35.60/0. 950 41.52/0.961 42.07/0.985
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Fig. 6 Comparative effects of different ablation modules
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