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Weighted-loss-based Up-sampling for Point Cloud Occupancy Map Video

CHEN Hang, LI Li, LIU Dong and LI Houqgiang

School of Information and Technology, University of Science and Technology of China,Hefei 230026 ,China

Abstract In video-based point cloud compression(V-PCC) ,a 3D point cloud is divided into hundreds of patches and then mapped
onto a 2D grid, generating a texture video that captures texture information and a geometry video that captures geometry informa-
tion. Meanwhile,an occupancy map video is also generated to record whether each pixel in the former two videos corresponds to a
point in the reconstructed point cloud. Therefore, the quality of the occupancy map video is directly linked to the quality of the re-
constructed point cloud. To save bit cost,the occupancy map video is down-sampled at the encoder and up-sampled with a simplis-
tic method at the decoder. This paper aims to use a deep learning-based up-sampling method to replace the simple up-sampling
method in the original V-PCC to improve the quality of the up-sampled occupancy map videos as well as that of the reconstructed
point cloud. A weighted distortion loss function in the network training process is introduced to remove the normal points as few
as possible while removing the noisy points as many as possible when reconstructing a point cloud. Experimental results show
that the proposed method can significantly improve the subjective and objective performances of the V-PCC.

Keywords Point cloud compression, Video-based point cloud compression standard, Occupancy map video, Video up-sampling.,
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Fig. 1 Generated video frames from a typical dynamic point cloud
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occupancy map video in VPCC
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Fig.5 Subjective performance comparison of the weighted-

loss-based up-sampling and V-PCC simple up-sampling
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Table 3 Influences of the weights on compression performance
%)
g BD-TotalRate  BD-TatalRate BD-TotalRate(D1) +
(DD (D2) BD-TatalRate(D2)
0.6 9.6 —15.4 —5.8
0.7 6.2 —14.1 —7.9
0.8 4.2 —13.0 —8.8
0.9 2.0 —10.6 —8.6
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Table 4 Influences of the weights on the number of points in
reconstructed point clouds

F# AT B (Loot)

A

r1 r2 3 Ty
0.6 640425 710367 728993 757329
0.7 644892 714920 733367 761581
0.8 648653 718586 736776 764818
0.9 654286 724043 741872 769700
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Table 5 Influences of the number of Resblocks on the qualities of

up-sampled occupancy map videos

(dB)
M=t PHEERERR
71
N=5 N=10 N=15
Londress 20.1096 20.1525 20.1733
Loot 20.8027 20.9579 20.9736
Redandblack 19.7329 19. 8784 19. 8954
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