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Abstract

In this paper, we propose a Gaussian optimization method based on a geometry octree loss that improves the coding efficiency
of 3D Gaussian Splatting compression in G-PCC Amdl by adjusting the positions of Gaussians and merging spatially redundant
ones. Unlike the existing Gaussian optimization tools, which adjust only the attributes of the Gaussians, the proposed method
additionally takes into account a geometry octree loss reflecting the distances between adjacent Gaussians on the voxel grid
coordinate system of the octree coding, and thereby includes the positions of the Gaussians in the adjustment. Through this, pairs
of Gaussians converge into the same voxel while minimizing quality degradation, and are merged into a single point to reduce the
number of points to be coded, after which the attributes are re-optimized to compensate for the rendering distortion. Experimental
results on the reference software TMC13-GS v2.0-rc2 show that the proposed method improves the BD-rate by an average of
-29.75% and -30.82% in terms of RGB-PSNR and YUV-SSIM over the anchor, and by -4.83% and -5.28% over the existing
Gaussian optimization tools, confirming that the coding efficiency is improved while the rendering quality is maintained.
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¥ 2. A|EAY BD-rate M=
Table 2. BD-rate performance for each sequence

BD-rate [%)]
Anchor w/ Pruning and
Class Sequence Anchor vs. Proposed Sl T v, Froprect
RGB-PSNR YUV-SSIM RGB-PSNR YUV-SSIM
bartender_tracked -43.38 -44.33 -12.50 -13.27
bartender_semitracked -37.31 -36.92 -1.98 -1.94
Forward cinema_tracked -41.76 -41.91 -14.89 -14.27
facin cinema_semitracked -39.67 -39.82 -5.06 -5.06
9 breakfast_tracked -33.85 -36.69 -4.67 -5.82
breakfast_semitracked -33.69 -34.62 -4.38 -5.34
breakfast_untracked -33.51 -21.95 -5.19 -2.90
Forward facing Avg. -37.60 -36.61 -6.95 -6.94
manwithfruit_tracked -29.33 -23.58 -0.34 +1.38
lego_ferrari -25.50 -39.37 -1.74 -3.26
lego_bugatti -9.55 -23.75 -5.96 -3.08
cricket_player -33.04 -33.17 -1.84 -6.73
plant -31.14 -34.03 -2.58 -2.89
Object solo_tango_female -28.94 -35.06 -3.12 -6.18
centric solo_tango_male -31.01 -30.91 -6.96 -5.89
tango_duo -31.41 -36.19 -3.28 -4.58
tennis_player -25.21 -35.14 -2.32 -11.18
library -32.75 -34.12 +0.23 -2.69
flowerdance -17.72 +22.23 -6.50 -1.31
gymnast -6.57 -26.24 -8.70 -5.31
Object centric Avg. -25.18 -27.44 -3.59 -4.31
Overall Avg. -29.75 -30.82 -4.83 -5.28
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Table 3. Comparison of running time for each sequence
Gaussian optimization [min] Encoding time [%)] Decoding time [%)]
Class . Anchor w/ Anchor w/ Anchor w/
q Pruning and Proposed Pruning and Proposed Pruning and Proposed
Self-finetuning Self-finetuning Self-finetuning
bartender_tracked 12.41 18.45 70.64 56.53 50.58 44.30
bartender_semitracked 15.47 23.16 60.53 57.64 43.03 42.29
cinema_tracked 9.23 13.90 76.54 58.46 61.83 47.04
Fg;’:’:grd cinema_semitracked 12.18 19.03 61.94 58.36 45.68 42.60
breakfast_tracked 11.17 16.95 66.45 65.59 51.38 43.78
breakfast_semitracked 11.05 16.99 63.85 67.14 47.72 48.08
breakfast_untracked 10.90 16.53 66.60 73.39 60.01 53.50
Forward facing Avg. 11.77 17.86 66.65 62.45 51.46 45.94
manwithfruit_tracked 9.15 13.43 62.84 61.85 69.30 70.38
lego_ferrari 22.63 33.59 67.93 71.50 72.01 63.58
lego_bugatti 12.70 18.62 49.27 47.73 46.15 43.48
cricket_player 13.06 18.74 44.60 44.48 45.45 43.42
plant 10.47 15.52 72.35 67.93 77.64 72.14
Object solo_tango_female 10.31 15.51 65.99 64.60 75.36 74.78
centric solo_tango_male 12.04 16.23 49.27 44.73 45.51 41.25
tango_duo 11.18 16.45 45.42 44.22 47.47 44.50
tennis_player 13.19 18.84 45.51 45.35 44.56 44.34
library 52.58 77.88 43.39 41.25 47.24 45.79
flowerdance 23.89 35.13 58.09 54.19 45.89 45.59
gymnast 6.36 9.31 46.68 45.89 46.50 44.60
Object centric Avg. 16.46 24.10 54.28 52.81 55.26 52.82
Overall Avg. 14.73 21.80 58.84 56.36 53.86 50.29
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Table 4. Number of Gaussians and bitrate reduction by the proposed method

Number of Gaussians Bitrate reduction [%]

Class Sequence Aft(.er Afte.r Merge ratio Geometry Attribute

pruning merging [%]

cinema_tracked 296,275 244,729 17.40 14.43 14.69
bartender_tracked 397,407 333,148 16.17 13.49 13.07
Forward breakfast_tracked 369,708 356,455 3.58 4.57 4.95
facing breakfast_semitracked 371,885 360,540 3.05 4.21 3.43
breakfast_untracked 350,458 340,846 2.74 3.54 3.02
cinema_semitracked 477,899 471,950 1.24 3.13 5.30
bartender_semitracked 549,119 544,822 0.78 1.96 4.28
solo_tango_male 128,429 119,948 6.60 10.99 5.60
library 2,137,233 2,079,522 2.70 413 3.48
plant 132,816 130,864 1.47 3.16 3.20
solo_tango_female 131,528 130,418 0.84 1.87 2.58
manwithfruit_tracked 32,208 32,167 0.13 0.45 0.32
Object tennis_player 134,476 134,350 0.09 0.35 1.58
centric flowerdance 700,000 699,755 0.03 0.14 2.04
lego_ferrari 139,135 139,135 0.00 0.00 0.13
lego_bugatti 139,583 139,580 0.00 0.06 0.12
cricket_player 137,401 137,397 0.00 0.01 0.59
tango_duo 139,338 139,338 0.00 0.01 0.48
gymnast 70,000 70,000 0.00 0.01 1.27
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