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Improvement in Compression Technique for 3D Gaussian Splatting Data
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Abstract: 3D Gaussian Splatting (3DGS) is a new technology in the field of novel view synthesis. To address the
problem of large storage space for scenes synthesized by 3DGS technology, an efficient compression method is
proposed. Firstly, considering gradually increasing the weight of gradients as the number of iterations increased,
the original adaptive density control strategy was modified to control density more accurately. Secondly, sensitiv-
ity-aware vector clustering was utilised to compress multiple attributes of Gaussian points, such as color features,
covariance matrices, and opacity parameters. Finally, small Gaussian points that are extremely compact and have

high similarity in color, shape, and opacity parameters were merged to further optimize storage space. Experi-
mental results on multiple datasets show that compared with 3DGS, the proposed method reduces the storage
space by an average of 97.64% and improves the PSNR by an average of 0.307 dB.
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AR ICTTIA ) PSNR £ F 1.510 dB.

(3) 5 Compress-GSHOAH Hr, S AR CH LY
PSNR -3 % 0.569 dB, {H7E H 4555 % J7 1fif B A%
TR ERCR; N ZAT, AR TE ply
SCAA% B A7 it 3 ] -2 73.15%, G
WD T AT R RIS SS, npz SCHA% )
Pt 23 () fE— 2P 43870 52.20%.

(4) 5 Pixel-GSBUM LY, ARSIk M T B3
M EEROCR, fehf2s BP0 98.71%; MIEIMR
B MR, AL ER PSNR YT
0.135 dB.

(5) 7L 30k £+, 5 LightGaussianB7I4 L,

AT PSNR P28 7+ 0.507 dB; L4 ply ¢
PEAs X B SO RN N 19.610 MB, {HAE npz

SCH A% R A7 At 23 8] Hh P 253 /b 65.05%; 7R [E]
A b, R S R BT AT AL 3B A R L T
LightGaussiant®7.

(6) 5 Mini-Splatting®® A1 Fb, A% 3C 5 5 B
PSNR F-H#J[#A% 0.367 dB; 7E R4 %% Iy i, X+
G ply SCHERE X, SO R/NE 3 m
27.090 MB; R &R A A2, HETE
NeRF Synthetic %44 PX /N7 e AR S0 1Y
RIS, BEISCRE S, Jf BAE ply X
A7t 28 (8] S 080 51.36%, 1T PSNR X %
fik 0.026 dB, JLT-¥&A 25, A SCO5 B AE Ay $cdis
BTSN npz SRS A AR BOR T 5, A4l
23 [H] P-4y 3 /b 58.16%.

3DGSE, - Compact-GSI®,  Compress-GS[*Y],
Pixel-GSPY, LightGaussiant®7, Mini-Splatting®®f
AT X 7 FEHYE NeRF Synthetic %#E 42
48 v AL 25 ] 2 Frs.

350 [ .

+ 3DGSP Compact-GSI**
34.5 Compress-GSH Pixel-GSE'
340 A 12k » LightGaussian*”
} + Mini-Splatting!*! - R E-30k
335
2330
z
Zians
32.0
315
310
0§ b—
0 20 40 60 RO 100
KAMB
2 7E NeRF Synthetic ZHfi 4 rfr 7 Rl AL fy [ 4 m] 41
Xt

NeRF Synthetic §#i 5220 /N5, Mip-NeRF
360 FPEfEM2 | Tanks&Temples FHE 4 “1F1 Deep
Blending %4 4 441 v K #4555t 7 3DGSE),
Compress-GSHM0, Pixel-GSBY,  LightGaussiant®7,
Mini-SplattingP8UFI AR 3CJ7 3 R A7 52 56, Vi 44 4]
1R AL ZE 5, DA PSNR 5 B & SO R /NG X
Feani®l 3 FniEl 4 fros.



8 TS AL BB 5 B 24 5 3%

“ Lm m

28.766 dB/423.164 MB  30.520 dB/18.970 MB  28.099 dB/653.868 MB  30.823 dB/9.688 MB 31.054 dB/39.468 MB  34.207 dB/29.865 MB  34.247 dB/15.813 MB

'

e ¢t . '

‘: P »
24.140 dB/9.926 MB
S

20.766 dB/514.336 MB

21.905 dB/7.391

'S k. F

20.823 dB/542.857 MB  21.163 dB/21.723 MB

19.767 dB/7.128 MB 22.336 dB/54.523 MB

b g

21.284 dB/476.095 MB  21.704 dB/19.926 MB  21.801 dB/974.926 MB  20.544 dB/7.283 MB  22.754 dB/49.176 MB  22.585 dB/33.544 MB  21.605 dB/10.948 MB
a. 3DGSE! b. Compress-GSH% c. Pixel-GSEY d. &30 H#k-12k e LightGaussian®  f. Mini-Splatting® g, <30 74:-30k
K3 KA SAE 6 RBCALIY IT AL 45



S HEGiE, S = Ak I R TR A RO 1 9

\ \

= =

34.509 dB/74.419 MB  35.105 dB/3.760 MB  34.672 dB/145.356 MB

35.452 dB/60.694 MB

30.409 dB/36.499 MB 30.629 dB/2.755 MB  30.523 dB/60.605 MB

36.024 dB/124.921 MB 34.254 dB/2.205 MB

30.770 dB/1.328 MB 31.946 dB/2.447 MB 32.782 dB/6.805 MB 32.909 dB/1.762 MB

27.954

35.720 dB/12.639 MB

34.194 dB/31.793 MB 34.453 dB/1.881 MB  34.901 dB/50.249 MB 34.029 dB/0.944 MB 37.655 dB/2.679 MB 37.934 dB/3.536 MB 38.083 dB/1.317 MB

31.610 dB/46.048 MB 32.141dB/3.407MB  31.715 dB/59.934 MB 31.259 dB/1.415 MB 31.431 dB/4.431 MB 32.164 dB/11.589 MB  32.269 dB/1.895 MB

a. 3DGSP! b. Compress-GSI? ¢, Pixel-GSPY  d. ACH¥E-12k e LightGaussian®?  f.Mini-Splatting®!  g. A 3C5#:-30k
Bl 4 /NGsAE 6 PR iy T Al 4k 25 R

3.4 EBMSCIY

T B EAS ST VA B A Rk, L NeRF - Syn-
thetic # 48 £ @ L 8 43 5 W F H H M
Tanks&Temples ZHE A 2 /43755 1S 2446k 491
7 3DGSBIFI Compress-GSMOf LAl [ 1% T Fl 52
5, Z5RWER 5 . Horh 3DGSELR JF G AR AL,
AN AL AR o] Fe 46 HL i, Compress-GSHO! & 7
3DGSEIHLah I, Xt C MUILARSHGHAT K45, IF

i PR i A, A SO vk -1 /2 7E 3DG SR B fi
B WA I R R AN AR SOk -2 R
Compress-GSHO 2 it |, MHBRAK o A9 2 oe,
SR X R A1 o HEAT BRI AN ) R S, O
WA -1 S RIEAT 48 B A SO ik
-3 RAEARIC -2 BFERE L, R AR &K,
5 B I DX, 2R A B s N e
I R— R, 20 4 T,
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% 5 7& NeRF Synthetic 1 Tanks& Temples #1E& FRYERISSIG 45 R

NeRF Synthetic?

Tanks&Temples!*?!

Y

ply-Size/MB PSNR/dB ~ SSIM LPIPS ;T:EF,M ply-Size/MB PSNR/dB  SSIM LPIPS ﬁfﬁ
/min /min
3DGSE! 48.842 33.038 0.969 0.038 1:14 298.399 22.725 0.797 0.258 2:35
Com-
press-GSH! 48.193 33.358 0.973 0.035 3:50 295.826 23.917 0.829 0.230 4:32
, (3.007) (14.678)
(npz-Size)
AT k-1 17.087 32.470 0.963 0.049 1:14 125.299 22.295 0.784 0.278 2:31
Z'Kiﬁ_%-z 12416 33.085 0.966 0.045 3:07 101.822 23.427 0.811 0.257 5:06
(npz-Size) (1.511) (8.682)
z’xjcj‘i-y;g-g 11.911 33.078 0.966 0.045 4:39 99.819 23.371 0.828 0.259 5:54
(npz-Size) (1.467) (8.672)
MK 5 AT LLE
(1) 7F NeRF Synthetic $t#li @175, 5 4 % iE

3DGSBIM kb, AN X k-1 WY AF it 25 [a] 37 25 ik 21>
65.02%, PSNR “FHJF&K 0.568 dB, AL 5¥:-2 1y
PSNR “F-#14#2 7} 0.047 dB; ‘5 Compress-GSI“O4H [,
ARICTTE-2 1 ply SCEERE SR A4t 2 18] P38
74.24%, npz A% S B AE % 25 0] °F- 0k 20 49.75%,
PSNR “F-¥J[#AIL 0.273 dB.

(2) 7E Tanks&Temples HEEMIH 5, 5
3DGSPIH M, A ey -1 B A7 it 25 0] S 34 g />
58.01%, PSNR “F-XJ[&{% 0.430 dB, 740 J7¥:-2 )
PSNR “F¥42 7} 0.702 dB; 5 Compress-GSHIAH 1,
ARICTTHE-2 B ply SCUERE 2R A6t 2 18] - 24082
65.58%, npz 3C {4 A% 2 A A7 Gif A ) SF 35 e >
40.85%, PSNR “F- 2[4k 0.490 dB.

(3) TEA -2 3Rl |, ACTE-3 &
e — 2 NG [ R, PSNR JLF%A
E5H.

35 BRM

JUE A )T HEAE NeRF Synthetic $idi 420N
scP R A, HAEh R A S AR ply S
ARG A R A, X2 i T KA S 4
MR ZMERE, P& 2 REAN M Zm
23 () oA, PR A A PG o A AR R
SEHR ply SCHFIRREUR 6 B — TPk . WX s
Fe s i AT A RO BE R 4R, T B I R A ()
Ji P 5 A R A A R 220 o Lo TR i ) A 8L 5% ek
AR, WY R OCTE AT 45 A i R AL B TR B
FA, X ITEE A TR A, BRI
HEHE R 4i 3%, (Rl OR 3 G I i

ASCHEH —FP R gE Xt 3DGS HEIE AT R
AR0Y T, A B A 5 A SR, R AR
1K o 1Y = 2 2 307 3 0 O R 40 8 A 10 =k e
Moa, LA & % B XA I e AR A /s = 4
ETE T, WOKRRK TR S RG]
SR SRR, ERZHI S, 5 3DGS ALAAH
b, AR SO AR ERERAE DL T, A7t s 18]
Y19/ 97.64%, PSNR F##:F+ 0.307 dB, Jyift—
R 45 3DGS At 1 BT A A R SEL . ] e B /)N
) 7k 2 TR A5 21 0 o 100 B R i e T o, o —
AMEFFRAB ST )8, 4G B T 3DGS 7R R ol ik
& BN,
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