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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. 1. Analysis of Gaussian property similarities based on spatial proximity. The range of log, (d)&[—12,—8] is divided into

intervals, and for each interval, the Euclidean distance distributions between Gaussian properties are visualized.
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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 » € {25,50,100,200,400}, =100 achieved the best
performance across all three metrics. Compared with ~ = 50, r = 100
showed significant gains: +0.1dB in PSNR, +0.0028 in SSIM, 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(1) SSIM(t) LPIPS(l) (Cljiter
count)
25 21.57 0.6841 0.1856 2170
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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.
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E= SYSHHEE 319(30K)S 7IF2E, PPl 3DGSE 7|1E 3DGS 7t
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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.

i
X

Index 3DGS(30K) PPI 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(l) 0.273 0.157 (42.4%)
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Z3. St o5 230K BHE)0IM Hiek 71§12 FPS7t2.35% =9
oo, D20y HZE| ARRZE oF 30.12% HZE|UCE

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