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[Abstract]

NVS (Novel View Synthesis) is a field in computer vision that reconstructs new views of a scene from
a set of input views. Real-time rendering and high performance are essential for NVS technology to be
effectively utilized in various applications. Recently, 3D-GS (3D Gaussian Splatting) has gained popularity
due to its faster training and inference times compared to those of NeRF (Neural Radiance Fields)-based
methodologies. However, since 3D-GS reconstructs a 3D (Three-Dimensional) scene by splitting and cloning
(Density Control) Gaussian points, the number of Gaussian points continuously increases, causing the model
to become heavier as training progresses. To address this issue, we propose two methodologies: 1) Gaussian
blending, an improved density control methodology that removes unnecessary Gaussian points, and 2) a
performance enhancement methodology using a depth estimation model to minimize the loss in representation
caused by the blending of Gaussian points. Experiments on the Tanks and Temples Dataset show that the

proposed methodologies reduce the number of Gaussian points by up to 4% while maintaining performance.

» Key words: Novel View Synthesis, 3D Gaussian Splatting, Computer Vision, NeRF, Light-Weighting,
Deep Learning
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I. Introduction
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II. Related works

2.1 Neural Radiance Field
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2.2 3D Gaussian Splatting
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IV. Experimental Results
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4.2 Experiment Results
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Table 1. Experimental results on Gaussian blending

Iteration 7K

Method PSNRT SSIMT LPIPS| Gaussians FPS
g Baseline 19.422 0.709 0.269 657,272 -
5|+ GB 19.337 0.707 0.273 651,002 -
g Baseline 23.901 0.845 0.107 1,851,759 -
Q|+ GB 23.887 0.846 0.106 1,849,414 -

Iteration 30K

Method PSNRT SSIMT LPIPS| Gaussians FPS
3 | Baseline 21.968  0.811 0.130 1,080,379 328
5|+ GB 21950 0.811 0.130 1,068,565 332
g Baseline 25.372 0.878 0.064 2,573,881 217
|+ GB 25.373 0.878 0.065 2,489,281 225

Table 2. Experimental results on depth estimator

Iteration 7K

Method PSNR?T SSIM? LPIPS| Gaussians FPS
g Baseline 19.422 0.709 0.269 657,272 -
5|+ depth 19.448 0.708 0.270 657,512 -
g Baseline 23.901 0.845 0.107 1,851,759 -
Q|+ depth 23.8647 0.846 0.106 1,844,374 -

Iteration 30K

Method PSNR?T SSIM? LPIPS| Gaussians FPS
3 |Baseline 21.968 0811 0.130 1,080,379 328
S|+ depth 22020 0.812 0.130 1,080,197 328
g Baseline 25.372 0.878 0.064 2,573,881 217
X |+ depth 25.403 0.879 0.064 2,580,689 216
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Table 3. Experimental results on Gaussian blending
and depth estimator

Iteration 7K
Method PSNR?T SSIM? LPIPS| Gaussians FPS
5 Baseline 19.422 0.709 0.269 657,272 -
S5 |GB+dep 19.495 0.709 0.270 648,385 -
g Baseline 23.901 0.845 0.107 1,851,759 -
X |GB+dep 23.817 0.844 0.108 1,810,952 -
Iteration 30K
Method PSNR?T SSIM? LPIPS| Gaussians FPS
3 |Baseline 21.968 0.811 0.130 1,080,379 328
5 |GB+dep 21980 0.810 0.133 1,062,583 334
g Baseline 25.372 0.878 0.064 2,573,881 217
2 |GB+dep 25.384 0.878 0.064 2479871 230
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Fig. 6. Images reconstructed after 7K, 30K iterations
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