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Research on dynamic point cloud compression algorithm based on
feature domain nearest neighbor search and splicing

Shan Shou
(Chinese Flight Test Establishment,Xi'an 710089, China)

Abstract: Dynamic point clouds have significant value in cutting-edge applications such as immersive communication
and autonomous driving. and their efficient compression is key to achieving real-time transmission and storage.
Although rule-based and learning-based approaches have made progress in point cloud geometry compression, existing
methods are still insufficient in leveraging inter-frame correlations in dynamic sequences. This paper proposes a
dynamic point cloud geometry compression method based on feature-domain nearest neighbor search and concatenation,
extending the multi-scale sparse representation framework to dynamic scenes, and introducing multi-scale temporal
priors to enhance inter-frame conditional coding. Specifically, by extracting hierarchical features from the reconstructed
reference frames and performing nearest-neighbor search and concatenation with the current frame features in the
feature domain, spatiotemporal contextual information across spaces is constructed, thereby enabling more accurate
estimation of voxel occupancy probabilities. This method transmits only partial features at the encoding end, and the
decoding end reconstructs the temporal priors using reference frame information, significantly improving compression
efficiency. The experiment was conducted on a standard dataset following the MPEG general test conditions. The
results indicate that the method proposed in this paper achieves significant BD-Rate gains of over 10% in terms of DI1-
PSNR and D2-PSNR on multiple test sequences compared to existing rule-based and learning-based compression
methods, particularly demonstrating superior rate-distortion performance across a wide range of bitrates. The test
results validate the effectiveness and advancement of the algorithm proposed in this paper for dynamic point cloud
geometry compression.

Keywords: dynamic point cloud compression;f{eature-domain;nearest-neighbor search
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Table 1 The BD-Rate gains under D1-PSNR compared with baselines %
]l player dancer model exercise average
SPCGC 8.52 9. 68 13.29 9.75 10. 31
CHk[32] 40. 72 44. 82 47. 31 31.95 41. 20
D-DPCC 23.70 30. 57 27.53 20.78 25.65
LDPCC 14.71 22.02 16. 69 9.83 15. 81
TransDPCC 34.68 - 46. 77 41. 46 40. 97
V-PCC 74. 66 73.82 76. 40 71. 49 75.05
%2 HEXFELFIEE D2-PSNR T BD-Rate 3 55
Table 2 The BD-Rate gains under D2-PSNR compared with baselines %
J¥ 51 player dancer model exercise average
SPCGC 14. 80 14. 04 18.18 13.49 15.13
SCHRL32] - - - - -
D-DPCC 40. 93 45.92 42.04 35. 88 41.19
LDPCC 33.74 39. 89 33.27 26.91 33.45
TransDPCC - - - - -
V-PCC 69. 74 76. 40 71.23 77. 64 71. 60
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Fig. 7 The of searching in spatial domain and feature domain
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Table 3 The encode/decode time of different methods S
52l player dancer model exercise average
SPCGC 1.29/1.54 1.46/1.53 1.33/1. 49 1.47/1.54 1.39/1.53
SCHRL32] - - - - -
D-DPCC 1.43/1. 45 1.39/1. 45 1.11/1. 14 1.37/1.39 1.33/1. 36
LDPCC 1.44/1. 46 1.36/1. 40 1.12/1. 14 1.35/1.38 1.32/1. 35
TransDPCC — — — — —
V-PCC 80.53/1. 31 81.49/1. 35 80.78/1.06 81.24/1.26 81.01/1. 25
Jr 477 % 1.36/1. 93 1.34/1. 67 1.39/1. 67 1. 34/1. 60 1.36/1.71
x4 AAAENHEE/MEBHNEESH
Table 4 The encode/decode memory occupancy of different methods GB
5l player dancer model exercise average
SPCGC 9.60/9.78 7.59/7.61 8.13/8.47 8.32/8. 65 8.41/8.63
SCHkE32] - - - - -
D-DPCC 8.84/10. 65 8.19/9.74 7.64/9.16 7.85/9.74 8.13/9.82
LDPCC 8.78/11.06 7.88/9.93 7.42/9.43 7.73/9.65 7.95/10. 02
TransDPCC — — — — —
Jr 4 75 vk 8.71/10.99 7.82/9.87 7.36/9.37 7.68/9. 60 7.89/9.96
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