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Abstract

Currently commercially available light field cameras are difficult to acquire 5D light field video since it can only acquire the
still images or high price of the device. In order to solve these problems, we propose a deep learning based method for
synthesizing the light field video from monocular video. To solve the problem of obtaining the light field video training data, we
use UnrealCV to acquire synthetic light field data by realistic rendering of 3D graphic scene and use it for training, The proposed
deep running framework synthesizes the light field video with each sub-aperture image (SAI) of 9x9 from the input monocular
video. The proposed network consists of a network for predicting the appearance flow from the input image converted to the
luminance image, and a network for predicting the optical flow between the adjacent light field video frames obtained from the
appearance flow.
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Fig. 1. The 3D graphic scenes used for training. (a) 3D graphic scene from [7]; (b) 3D graphic scene from ours
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