448 € 19: NeRF A€+ 3DGS AE 2de| AT vl 927
(SeongHyun Woo et al.: Comparative Study on the Performance of NeRF and 3DGS based models)

'i) Check for updates
4

5%+ (Special Paper)
uRE 28|22 21304 465, 20251 119 (JBE Vol.30, No.6, November 2025)

https://doi.org/10.5909/1BE.2025.30.6.927
ISSN 2287-9137 (Online) ISSN 1226-7953 (Print)

NeRF A€} 3DGS AYE Rdo A: vy

F g W, A g L

Comparative Study on the Performance of NeRF and 3DGS based
models

SeongHyun Woo" and Jeongil Seo™

(@) [e]3
It =

2 EEOANE el AAE ogd RN FFT oFAES AT oRAEe] et 914 JRE FEet] AR FYSA
= = %2l

g A2 Alé—% A48 NeRFS 3DGS 3 1 #4 RdE9] A5 H-E43Th 97F Ax=s A2 2 A& PSNR,
SSIM, LPIPSS} 8ty &84S Adsly] S8 AxER Training Time, Training Peak Memory & At 7 REe) A5E FRAL
A i A Q*} NeRF 7“““ B mie AMEF SHdME REH0IN0Y S AlZke] AT A FHo] W AFe
UeRth ¥ 3DGS AlE EE2 3 SRt wiEY Al FAo] Hob A AL FHAAM £ A5E Bio, §
5 Al MR AREFo] A F7kske @A7E itk olE @ A HRe AE#E SUtllE &5ty 3D AW Xﬂ?* okl A&

7}
Azt £40] o 28 22007 W] 3DGS A Bdo] NeRF A9 Zauch B 2842 thoto] & 9 A

Abstract

This paper compares and analyzes the performance of NeRF, 3DGS, and their subsequent models for generating novel views of
a scene from multi-view images of a single object. The evaluation includes widely used image quality metrics such as PSNR,
SSIM, and LPIPS, as well as training efficiency indicators including training time and training peak memory consumption. Through
this comprehensive evaluation, the overall performance of each model is assessed. The results show that NeRF-based models are
efficient in terms of memory usage but require long training time and tend to deliver lower reconstruction quality. In contrast,
3DGS-based models demonstrate faster training convergence and higher reconstruction fidelity, achieving superior performance in
terms of efficiency and practicality, though at the cost of significantly increased peak memory consumption during training. This
result suggests that, despite the increase in memory usage, 3DGS-based models can serve as a more practical alternative to
NeRF-based models in the field of 3D scene reconstruction, where visual quality is a more critical factor.
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Fig. 1. The basic structure of NeRF. 3D scene coordinates and the cor-
responding viewing directions are provided as inputs to a multilayer per-
ceptron, which predicts color and density for each sampled point. Rays
cast from the camera accumulate these predictions through continuous
volumetric integration, and the aggregated results from the pixel values

of the final rendered image.
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Fig. 2. Cone tracing process of Mip-NeRF. A ray emiitted from the
camera expands into a conical frustum over the depth interval [¢,
t,]. This frustum is projected as a 2D ellipse on the image plane,

where the color and density within the region are aggregated in an
averaged manner.
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Fig. 3. Multi-resolution hash encoding in Instant-NGP. The input coordinate is mapped onto grids at multiple reso-
lutions, and the features of neighboring grid vertices are retrieved via hash tables. These features are interpolated
and concatenated across levels, and the aggregated representation is fed into an MLP to predict color and density.
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Fig. 4. The pipeline of 3DGS. Points reconstructed by SfM are initialized and represented as 3D Gaussians. These are processed
through projection and adaptive density control, followed by Differentiable Tile Rasterization to generate the final image. Black
arrows denote the operation path, while blue arrows indicate the gradient propagation path.
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Table 1. Hardware and software environments used for the experiments. The table summarizes the common hardware configuration and the

model-specific software settings.

NeRF |  Mip-NeRF | Instant-NGP | 3DGS | Mipsplatting | 2DGS
CPU Intel Core i7-13700
HardWare GPU NVIDIA RTX 4080
RAM 64GB
Ubuntu 22.04.3 LTS
SoftWare PyTorch 212 251 2.0.0
CUDA 118 12.3 124 118
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Table 2. Comparison of PSNR, SSIM, and LPIPS for NeRF, Mip-NeRF, Instant-NGP, 3DGS, Mip-Splatting, and 2DGS on the
Francis, Museum, and Bonsai datasets. Colors highlight the performance levels: red denotes the top results, orange the sec-
ond-best, yellow the third-best results.

Dataset Francis Museum Bonsai
Method|Metrics I[::ETTR SSIM? LPIPS | I[:;ETTR SSiM 1 LPIPS | EjSBTTR SSIM 1 LPIPS |
NeRF 12.290 0.414 0.851 12.202 0.273 1.042 12.467 0.385 0.837
Mip-NeRF 12.674 0.412 0.795 12.131 0.262 0.948 12.725 0.387 0.847
Instant-NGP 23.571 0.803 0.149 25.824 0.931 0.040 27.530 0.919 0.095
3DGS 7K 28.919 0.898 0.187 33.085 0.955 0.056 29.715 0.924 0.214
3DGS 30K 32.434 0.921 0.151 34.817 0.967 0.044 31.960 0.942 0.182

Mip-Splat 7K 31.058 0.924 0.145 34.718 0.966 0.048 30.621 0.937 0.192
Mip-Splat 30K 34.175 0.941 0.117 37.130 0.976 0.037 34.010 0.959 0.157
2DGS 7K 28.165 0.892 0.192 32.513 0.948 0.061 29.391 0.921 0.220
2DGS 30K 30.482 0.908 0.174 33.442 0.954 0.054 31.358 0.935 0.205
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Table 3. Comparison of training time and training peak memory consumption of NeRF, Mip-NeRF, Instant-NGP, 3DGS, Mip-Splatting.
and 2DGS on the Francis, Museum, Bonsai datasets. Shorter training time and lower memory consumption indicate higher efficiency,
providing an objective comparison of computational cost across models. Colors highlight the efficiency levels: red denotes the top
results, orange the second-best, and yellow the third-best results.

Dataset Francis Museum Bonsai
Method|Metrics Training Time Memory Training Time Memory Training Time Memory
NeRF 106m41s 5.50GB 106m29s 5.11GB 110m2s 5.17GB
Mip-NeRF 108m5s 5.55GB 107m39s 5.16GB 108m36s 5.16GB
Instant-NGP 22mb5s 4.34GB 22m22s 3.97GB 27mé4s 3.86GB
3DGS 7K 1m13s 2.44GB 1m31s 3.87GB 3m33s 10.18GB
3DGS 30K 5m12s 2.53GB 7m40s 4.12GB 15m3s 10.18GB
Mip-Splat 7K 1m48s 1.78GB 2m30s 2.43GB 5m6s 8.61GB
Mip-Splat 30K 8m14s 1.94GB 13mb5s 2.65GB 24m41s 8.77GB
2DGS 7K 1m51s 0.83GB 2m22s 1.47GB 7m2s 3.67GB
2DGS 30K 7m55s 1.84GB 11m2s 2.69GB 30m22s 14.27GB
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Fig. 7. Visual comparison of rendered results from GT, NeRF, Mip-NeRF, Instant-NGP, 3DGS, Mip-Splatting, and 2DGS on the Francis dataset.
Red boxes highlight regions with noticeable detail differences, enabling a qualitative comparison of visual quality across models.
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Fig. 8. Visual comparison of rendered results from GT, NeRF, Mip-NeRF, Instant-NGP, 3DGS, Mip-Splatting, and 2DGS on the Museum dataset.
Red boxes highlight regions with noticeable detail differences, enabling a qualitative comparison of visual quality across models.
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Fig. 9. Visual comparison of rendered results from GT, NeRF, Mip-NeRF, Instant-NGP, 3DGS, Mip-Splatting, and 2DGS on the Bonsai dataset.
Red boxes highlight regions with noticeable detail differences, enabling a qualitative comparison of visual quality across models.
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