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Compression of Dynamic 3D Gaussian Splatting for Efficient Storage
and Transmission of Immersive Video
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Abstract

As 3D gaussian splatting (3DGS) method enables high-quality 3D reconstruction and fast free-viewpoint rendering, various techniques
utilizing 3D gaussians are rapidly being developed. Among these, 4D gaussian splatting (4D-GS) supports dynamic scene reconstruction
by encoding positional and temporal inputs into 4D neural voxels. These voxels are interpolated to infer deformation values, which
serve as inputs for canonical 3DGS fields covering all timestamps. However, rendering images from 4D-GS model requires feature
voxel, neural networks, and canonical 3DGS model, resulting in a large file size that is inefficient for storage and transmission. In this
study, quantization is applied to the 4D neural voxels of the 4D-GS after decomposing them into multiple 2-dimensional planes. These
planes are then concatenated along the temporal axis across multiple channels within the same voxel, followed by video codec
encoding. Additionally, gaussian pruning method to remove gaussians of canonical 3DGS fields based on contribution scores are
conducted. Experimental results demonstrated a 42.6% reduction of overall bitrate while minimizing rendering quality degradation. The
proposed methods are expected to contribute to the development of free-viewpoint video systems with high efficiency.
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(A) Opacity Mode (B) Important Score Mode (C) Volume & Important Score Mode

l l

Calculating Scores Based on Hitting Rate of each Gaussians
Input: TrainSet, GaussianList
Output: ImportantScores

CameraParameterList «— LoadCameraInfo(TrainSet)
ImportantScores «— Initialize(Length(GaussianList), 0)
for each Camera in CameraParameterList do
for each Pixel in Camera do
IntersectedGaussians « FindIntersected(Gaussians, Pixel)
for each Idx in IntersectedGaussians do
ImportantScores[Idx] «— ImportantScores[Idx] + GaussianList[Index].opacity

end for
end for
end for
{
Calculating Volume-based Important Scores
Input: GaussianList, ImportantScores, k
Output: V_ImportantScores
SortedVolumes «— Sort(CalculateVolumes(GaussianList))
V_k « Sorted Volumes[k]
V_norm « min(max(V(GaussianList) / V_k, 0), 1)
'V_ImportantScores «— ImportantScores X V_norm
1
PruningList < OpacityList PruningList < ImportantScores PruningList < V_ImportantScores
] i i
Gaussian Pruning Based on Percentile Threshold
Input: GaussianList, PruningList, PruningPercent
Output: PrunedGaussians
SortedList «— Sort(PruningList) > Sort the pruning list
Idx < Floor(PruningPercent x Length(SortedList)) D> Determine index based on the percent
ThresholdValue « SortedList[Idx] [> Store the value at the determined index
for i < 1 to Length(PruningList) do
if PruningList[i] < ThresholdValue then
Set PruningMask([i] < 1 > Mark for pruning based on index
end if
end for
PrunedGaussians « ApplyPruningMash(GaussianList, PruningMask) > Prune according to the mask
T2 5. JFPAIQH EEof A J|E ZRY J|dol 4u2lE & M| JIA &M
Fig. 5. Algorithms of the score-based gaussian pruning technique and its three options
T2 YA Fr|nfth B 7]uel T2 o] R3] T glom, ojof & A= spatial-temporal encoder <}
H, ol& A A AH " FAoIA Lut EAY Y gaussian deformation decoderg A3l ZF4 <l 7H-AQHe]
AR gl b9 At Aol 2 B FA Raks WNE AE WE 3Hg B Al Ul FEES
7HAIREe AIAY 4 dvke Aol Stk F WA= train H738I3AT, 0% 11’ 59 Al 7EA] 71 Zhzpel thal =%
= =1 =) S &)= [e) = = o] =
sl 4 B BAA WAL Ao FYRE TR W8S T A0 QI AAE 1D T AF
AAZ 7HpARNe AR sk W2lelth (ZL™ 5¢] important- &3 F2 ¥skE vl A st
score mode). AAIE ALY == RILE jHgsle 4= &
Ath= Aol ‘RlE}. Al Al 7HEAIQEe] el aAfeh=
NESE 3P FHE, 7FEAIRk H1E P Tk V. Mg Za
ot} (¥ 59 volume & important score mode). 5+ WHA| <}
A WA whAe gk Ay e|Eo] Auy S TEith w 2 ATl E g XA B2 71 4D-GS Bd
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E 1. Neural 3D video HO|E{4IP 630] T3t 4%jl 417 =4 531 3 2% icjy A8 #3

Table 1. Experimental results of encoding and rendering of 4D neural voxels on six neural 3d video datasets

4D neural total bitrate
PSNR (dB) 1 SSIM 1 LPIPS | voxel bitrate Mbps) |
(Mbps) | (Mbps)
baseline 31.41 0.9364 0.1492 7.57 33.83
(A) 8-bit quantization 31.11 0.9343 0.1500 1.89 28.14
(-0.96%) (-0.23%) (+0.59%) (-75.01%) (-16.79%)
(A) 16-bit quantization 31.41 0.9364 0.1491 3.78 30.04
(+0.00%) (+0.00%) (-0.00%) (-50.02%) (-11.20%)
QP 5 31.41 0.9364 0.1492 0.52 26.78
(-0.02%) (-0.01%) (+0.01%) (-93.08%) (-20.84%)
®) QP 10 31.39 0.9362 0.1492 0.42 26.67
16-6it quantization (-0.06%) (-0.02%) (+0.05%) (-94.48%) (-21.15%)
+ WC encoding QP 15 31.36 0.9359 0.1494 0.33 26.58
(-0.16%) (-0.06%) (+0.15%) (-95.66%) (-21.42%)
QP 20 31.24 0.9350 0.1498 0.25 26.50
(-0.55%) (-0.16%) (+0.46%) (-96.74%) (-21.66%)
QP 5 31.36 0.9360 0.1493 0.34 26.60
(-0.16%) (-0.05%) (+0.11%) (-95.46%) (-21.37%)
(@] QP 10 31.27 0.9350 0.1496 0.26 26.51
16-bit quantization (-0.45%) (-0.15%) (+0.33%) (-96.58%) (-21.62%)
+ temporal binding QP 15 31.05 0.9330 0.1506 0.19 26.44
+ WC encoding (-1.15%) (-0.37%) (+0.96%) (-97.53%) (-21.83%)
QP 20 30.56 0.9291 0.1527 0.13 26.39
(-2.70%) (-0.78%) (+2.41%) (-98.20%) (-22.00%)
32.0 0.938
315 0936 = /
3 / S 0934
E’ 31.0 %
£ £ 0932
& 30.5 &
—&— (A) Only quantization 0.930 —e— (A) Only quantization
=— (B) 16bit quantization & VVC —=— (B) 16bit quantization & VVC
30.0{ —*— (C) 16bit quantization & temporal connection & VVC —=— (C) 16bit quantization & temporal connection & VVC
-=-- Baseline (original 4D-GS) — 33.83 Mbps 0.928 ---— Baseline (original 4D-GS) — 33.83 Mbps
26 27 28 29 30 26 27 28 29 30
Bitrate (Mbps) Bitrate (Mbps)

T2l 6. ¥ 19| ZIE RD-curveZ LEfH 2E. AM2 AEFES AA[oHA| %2 7|2 4D-GS 22 2|0] (X) PSNR () SSIM
Fig. 6. RD-curve representation of the results in Table 1. The dashed line represents the baseline 4D-GS model without compression
(Left) PSNR (Right) SSIM

A3tk sk 314 (iteration)= 718341 14,0003 2 & SSIM, LPIPS Al&E & 3t55 A 962 7 (test view)ol thal
dapiom, e M (L) 2E AL 4217 54 4D-GS R E AHd g F Ui o|n| A9} H]w sk w2
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= H 594 dlo]EAl¢] neural 3D video™ o]t} £ 67)9) THEAIRE 2 Aol tek AF AHE g o] %
ANP2E FAEY, £ Ao s BE AlE2 da A 434X F BEE T ALeS el AE AN
det F olE 7+ Eéﬁ'%,\ﬂ }%3}"4 HE& tjH] PSNR, st Bt W E sty whEel gk
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I8 78 AL 53 neural 3d video Hlo|EARIZ &}
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Table 2. Bitrate changes and rendering results after 4D-GS gaussian pruning on six neural 3d video datasets

canonical total bitrate
PSNR (dB) | SsIM LPIPS | 3DGS bitrate Mops) |
(Mbps) |
baseline 31.41 0.9364 0.1492 24.02 33.83
g 04 31.06 0.9345 0.1509 22.15 31.34
pruning ©. (-1.12%) (-0.20%) (+1.18%) (-7.80%) (-7.37%)
Cning 0.3 30.96 0.9327 0.1526 17.29 26.48
A pruning ©. (-1.43%) (-0.40%) (+2.99%) (-28.01%) (-21.72%)
Opacity-based
oruning g 0.5 3043 01712 12.35 2154
pruning ©. (-3.11%) (-1.53%) (+14.77%) (-48.58%) (-36.33%)
Cning 0.7 28.11 0.8788 0.2375 7.41 16.60
pruning 9. (-10.51%) (-6.15%) (-69.14%) (-69.14%) (-50.93%)
i 01 31.06 0.9346 0.1508 22.15 31.34
pruning ©. (-1.30%) (-0.20%) (+1.11%) (-7.80%) (-7.37%)
g 0.3 31.04 0.9342 0.1518 17.29 26.48
(B) pruning ©. (-1.19%) (-0.24%) (+1.77%) (-28.01%) (-21.72%)
Important score- 30.78 0.9295 0.1611 12.35 2154
based pruning pruning 0.5 e S o o o
(-2.01%) (-0.75%) (+8.01%) (-48.58%) (-36.33%)
g 0.7 29.66 09118 0.1954 7.41 16.60
pruning ©. (-5.57%) (-2.63%) (+30.98%) (-69.14%) (-50.93%)
Cning 01 31.07 0.9345 0.1508 2215 31.34
pruning  ©. (-1.10%) (-0.20%) (+1.10%) (-7.80%) (-7.37%)
©) Cning 0.3 31.03 0.1515 17.29 26.48
Volume and pruning ©. (-1.22%) (-0.25%) (+1.57%) (-28.01%) (-21.72%)
important score- g 05 30.73 0.9283 0.1609 12.35 21.54
based pruning | Pr4MN9 P (-2.16%) (-0.87%) (+7.87%) (-48.58%) (-36.33%)
Cning 0.7 29.62 0.1981 7.41 16.60
pruning ©. (-5.72%) (-3.14%) (+32.82%) (-69.14%) (-50.93%)
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Fig. 8. RD-curve representation of the results in Table 2. The dashed line represents the baseline 4D-GS model without pruning
(Left) PSNR (Right) SSIM

(a) ground truth

(b) baseline (original 4D-GS)

(c) opacity mode

(d) important score mode

(e) volume and
important score mode

J21 9, EF 71Alot HE =24 7ol LS F2& Z& T} (a) ground truthE 2= (b) baseline2
FU=E 4D-GS ZHE oj0jg

Fig. 9. Subjective quality assessment of the canonical 3DGS network pruning technique. (a) ground
truth refers to the original, and (b) baseline represents the uncompressed 4D-GS model
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Table 3. Performance comparison between the proposed method and
original 4D-GS®, K-Planes!'” and TeTriRF®"!

PSNR bitrate
SSIM LPIPS

(dB) 1 ! “ | vops) L

K-Planes!"”! 31.39 0.9405 0.2117 129.36

TeTriRF27 28.71 0.8673 0.3209 5.15

4D-GSY 31.41 0.9364 0.1492 33.83

Ours (Low) 30.77 0.9293 0.1602 13.42

Ours (High) 31.10 0.9345 0.1516 19.43
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