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Efficient Real-Time Rendering of 3D Gaussian Splatting via
Clustering and Pruning by Importance
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Abstract

Real-time 3D Gaussian Splatting (3DGS) often requires a large number of Gaussians to maintain visual quality, resulting in
significant computational overhead and memory consumption. To address this limitation, we propose a novel and lightweight
framework that combines K-Means clustering with point-wise pruning importance (PPI). Our method first clusters Gaussians based
on spatial and appearance features, then evaluates the perceptual importance of each Gaussian within its cluster. Gaussians with
minimal visual contribution are selectively pruned, effectively reducing redundancy while preserving rendering quality. Unlike prior
approaches that rely on neural network architectures, our framework employs purely analytical techniques, achieving efficiency
without compromising simplicity. Experimental results show an average reduction of 43% in the number of Gaussians, along with
perceptual quality improvements of 9.01% and 3.12%, and a 42.4% decrease in error-based metrics. Furthermore, our method
yields modest gains in frame rate and substantial reductions in GPU memory usage, confirming its suitability for real-time
applications. This work presents a scalable, high-quality rendering pipeline for 3DGS, with practical implications for virtual reality,
gaming, and interactive visualization.
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Fig. 2. Full pipeline of the proposed method. Starting from SfM points, initial Gaussians are generated and then refined through
the Spatial Clustering(A), Importance estimation(B), and Pruning with optimization(C). The final image is rendered via Camera
Projection and a Differentiable Tile Rasterizer, with the entire process being end-to-end trainable.
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Table 1. For r & {25,50,100,200,400}, =100 achieved the best
performance across all three metrics. Compared with r = 50, r = 100
showed significant gains: +0.1dB in PSNR, +0.0028 in SS7M, and
-0.005 in LPIPS. Memory usage and efficiency metrics were largely
insensitive to changes in r, showing only minor differences.

r (K=[N/r]) PSNR(') SSIM(') LPIPS(]) (Clj;er
count)
25 21.57 0.6841 0.1856 2170
50 21.48 0.6814 0.1894 1084
100 21.58 0.6842 0.1844 541
200 21.51 0.6812 0.1894 270
400 21.47 0.6802 0.1900 134
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3.2 Post-pruning Optimization
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Fig. 3. Comparison of the number of Gaussian per cluster. (a) shows the number of Gaussian in each cluster before pruning,
where some clusters exhibit a concentration of information. (b) presents the distribution after importance-based pruning, showing
an overall reduction in the number of Gaussian and a more uniform distribution across clusters.

7h ke FEEAAE BRe] SeAeke]l AARE AR 2ED 94S etk 4, Structural Similarity
1 A, ZE2E 7 9% F80) AMHY Bk FYF Index(SSIM)S A B, v, £ ARE FFAO
A RES A2 5 Ak 2 Bk AR, 4 (D F P

ol A7 J|elEg BEA o H@tsiel ﬂaﬂa gl (2p, 1, + C))(20,,+ Cy)
222 HEH02 AANE ¥ 44U HelFeh Sy = e o + ot )
&, 2o 2E L% 2R Ary A sl v R
A7 shol] 7)ef5ie], AN AW A5 BAe] F28 o A7 pE A oE B, 0, TEAH, O
&= 9t G2 BE7L00] HE AL WAel7] A3 2 Aoy,
N SSIMAEE 09141 1 A1, 19 7% st 2
e= O 2 FARHS UeRdth AA|, Learned Perceptual Image

Patch Similarity(LPIPS)= H&d 7|W o2 Algte] Azt

oty Zgole SRk

AtE ZH AP AHH 2 gAY S vl at= ]Ei, Zro] Yo 2 QR Az}
Q@A B Slal, Bhe e AXE AHe A . "

c A Hog FARS ofulH)
=8 =x ks Z 2O o] H| W= Es| 4
) A - i 1@1}0 i, OTA MEE FE N g wniy e s g Auw 2gan
A A RZ2 HI7HE AA, Peak Signal-to-Noise Ratio - - -

- & Frames Per Second(FPS)—‘E 23 A 7t ZEd FE,

(PSNR)Z ¥t Al 22 Mean Squared Error, MSE)E

AN FQ 7)1FO0F A GPU W &2] AMH-3F
oz s, A (6)°] whet Ak 1l £2 71 HEIth GPU W22 A

< CUDA 37l e] W R &k Allocated Memory)

2 S =Rt A2 29 FeALS BAe 7 A RE g
PSNR=10 « logm(m) (6) 2 urE 312 7000819 30,000 4 ﬁﬂﬂoio\:q .
Bo| A= 30,0008 AH HE ASS 7)FoR 38 4
oq7|1A LE gAe] Hulgh(d:225), MSE+ 97% 749 #=2 Byt
Aole) Alg HEE AlATh IR B45 ARF  mR, ASAY sevlHe Az dEd 27



780 Wastsl=EA A0 A5E, 20251 99€ (JBE Vol.30, No.5, September 2025)

Parameter Memory+ Tha3 7ol Al4te itk 4. A 21t
Memory,q, am s 19 4+ Bicycle AHS 7|£9 2 GT, 71¥ 3DGS, 18]
:t;Tnumel(t) X element_size(t) (8) I A9FE PPI 3DGSE] A1ZHA AFE v w38k Aot} Al
A Ao fAke FAE FAHAIYE 119 4 shd
A7V T 7H-AIE 2d o] shabrlE '|lA [ {xyz, o] FujE FolA PPl 3DGSE WA 9 Y57kA] 2+ 3L
scaling, rotation, opacity, features_dc, features rest} S L€} F3h el A At AT BAME BoFn, 2o 2
Ak numel (£)2 BIM 2] 4 714 element_size (t) Ao M AAZ FEleA RS AT ¢

© 7t 949 A7|Byte)E VISt 2 AFAME EE ATt FEFA Bl A3 5 200 A=Ak AIHE PPI
gZtu]E 7} 32-bit HEAFF(FP32) B2S AME-sle] 4 3DGSE 7HEAISE £ 54272700 A 37,92970 & ¢k 439
Byte®| 22 element_size(t) = 4|tk Wb 7F-Al¢t Z9 ool E B3}, PSNVRE 19.85904 21.64%Z 9.01%
NeE N, g £ A5E Pet &, 2 (9)9 2ol SAE AL, SSIME 0.672914 0.693F 3.12% A=A

"d’—ff.ﬁ]—%q: 1;} o]‘_: f_—_euoi o]OH oq/\].ako] 7]—/\6]].9.0]]1: oA ;G
e} Fdo] FFHNTE ek LPIPSE 0.2730]
Memory,,gms =N X P X 4 9 A 0.1578.2 424% 7HAaste] ojnA] fAM] SHAM L
o e A BT AH R, AgkE 7 F

o] 42 gt 9] = v AR UERH, ol L F2 AR FE 45 28I
ol viRe] e AR WU & sith I 32 AR YUY el FFH v 2A4E verd

3D Gaussian
Splatting

12l 4. Bicycle ZMoj| LSt 7|Z 3D Gaussian Splatting, H|2t8t PPI 3DGS(Ours), J12|11 Ground Truth®| A|ZHM H|mw. S HAS
Soll 13D MF 2AF S ZA FSHOIM HQH 7|80] J|E CH| O =2 EES UEHH A8 gelg o It £3, &t ¥ LRI
Zlo =xi5t odolofAE H|OF HHS Muist TEet ZAZ Msstn 2SS HoIEC)

Fig. 4. Visual comparison of the Bicycle scene between the conventional 3D Gaussian Splatting, the proposed PPl 3DGS (Ours),
and the Ground Truth. The zoomed-in regions demonstrate that the proposed method achieves higher quality in terms of high-fre-
quency detail preservation and boundary sharpness compared to the baseline. In particular, it effectively reconstructs clear structures
and edaes in complex areas such as grass and tree branches.
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Table 2. Comparison of rendering quality and number of Gaussian
between the proposed PPl 3DGS and the convertional 3DGS. The
table presents the results based on the same number of training iter-
ations (30K), comparing rendering quality metrics such as PSNR,
SSIM, and LPIPS, as well as the number of Gaussians. PPl 3DGS
achieves improved performance across all quality metrics while re-
ducing the number of Gaussians by approximately 43% compared to
the conventional approach.

Index 3DGS(30K) PPl 3DGS(30K)
Gaussian count () 54,272 37,929 (43.05%)
PSNR(1) 19.85 21.64 (9.01%)
SSIM( 1) 0.672 0.693 (3.12%)
LPIPS() 0.273 0.157 (42.4%)
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Table 3. Quantitative comparison of real-time rendering performance
between the baseline 3DGS and the proposed PPl 3DGS. Under identi-
cal training conditions (30K iterations), the proposed method achieved
a 2.35% improvement in FPS and reduced parameter memory usage
by approximately 30.12%.

Evaluation index 3DGS(30K) PPl 3DGS(30K)
FPS(1) 85.02 87.02 (2.35%)
Parameter Memory(MB)( | ) 12.216 8.537 (30.12%)
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