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E-CNN : Uniformization of Equirectangular Optical Flow
Patterns for Accuracy Improvement of Spherical Camera
Rotation Estimation
O Dabae KIM, Sarthak PATHAK, Alessandro MORO, Ren KOMATSU, Atsushi YAMASHITA
and Hajime ASAMA (The University of Tokyo)

Abstract : Spherical cameras acquire all-round information, making motion estimation effective. Convolutional Neural

Network (CNN) is robust for such tasks but cannot be applied to spherical images due to their non-planarity. When
spherical images are projected as planar equirectangular images, the unequal distortion results in low accuracy. In this

paper, we propose a novel, distortion-resistant E-CNN, which robustly estimates spherical camera rotation.
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Fig. 2: Dense Optical Flow
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Fig. 4: Uniformized Optical Flow Patterns
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Table 1: Optical Flow Patterns Uniformization
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Fig. 6: Blender Environment (left) and Camera View-

point (right)
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