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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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Table 1. Hardware and software environments used for the experiments. The table summarizes the common hardware configuration and the

model-specific software settings.

NeRF | MipNeRF | InstantNGP | 3DGS | Mip-splatting | 2DGS
CPU Intel Core i7-13700
HardWare GPU NVIDIA RTX 4080
RAM 64GB
Ubuntu 22.04.3 LTS
SoftWare PyTorch 21.2 251 2.0.0
CUDA 118 12.3 12.1 118
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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 E?BTTR SSIM 1 LPIPS | I[:;%TTR SSIM b LPIPS | '[DdSéTTR SSIM 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 32434 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 22m5s 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 13m5s 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




A3 9] 19: NeRF AE 3 3DGS AY KW A% Wy 937

(SeongHyun Woo et al.: Comparative Study on the Performance of NeRF and 3DGS based models)

AQ8EAoH, GPU e AHE-FE 5GB
ol @Y MLP 7|89t +27F B ¢
Ao g HAstetr] wiLol g &0
t}. Mip-NeRF+= anti-aliasing %] 2] & ¥ 33}
Al Zb} w B2] Aol A NeRF9F & 2to]
plg=g

Instant-NGP+ hash encodingS &-4-3lo] 8t
7N 8P H A Francis2F Museum H| oJEJAlo A= oF 22
92 42597, Bonsais 278 44%7} AQ250]
NeRF 71 29 thy] =24 @=H Aok A= AR
3.8GB~4.3GB 22 UE NeRF AlE RFdxt} &
o] At

3DGSE o5 E&ANA 7P TRl S BEvh
Francisoll A 7K iteration 13 133, 30K iteration®= 5%
12%0l] 5335} 3, Museumo| A= 7K iteration®] A 1%
31%, 30KelA 78 40% W= w9 &Sttt o]= MLPE
=3 7+ £8 4l Gaussian X J3HE AH A 3)s)
© B2 9&o|ty. I3 Bonsai®t 2] 7135184 B3 %
7b &2 AHdA = GPU HEe] Aol 10.18GB7HA
Z71ER o, ol L Gaussian Y4E #E 3 IA
A LA s= F7F HEe] 87 Wl E AT F Sl

Mip-Splatting2] 85 A7+ Francisoll A 7K iteration”7}
A 18 48%, 30K7HAI= 8% 143 = vjl-¢- Wit} 8k <t
493 2842 A 2483t ol multi-scale
splatting 37} W B2 AME-S Bt} &% 07 FAHA7]
= J3 7]Qlgtt

2DGS+= Francis®F Museum®] 7K iterationol| A= 27}
0.83GB, 1.47GB%HS AHE-3191.2.1, Bonsaiol A% 3.67GB
AL AR ol 2DGS7F 27 Sk kel E Tt
=2 AR 8849F EoFth I8y 30K iteration
8150l A= Bonsai A 14.27GB7HA] S7tste], 35

&y
By

o
£ o 32
)

WE o2
o
o
e e

iy xe

[o
[
X g
s =y N

I
ol

M
2 orlo e 2w

a5

ﬂl‘.lo o _Y‘_,

al

|
= FE B &5 AI7E Francis 7K iteration®l A 1
£ 51%, Museum 7K iterationo| A 28 22% & Ztor)
Bonsai 30K iteration®] A= 30 o] AQF o] AW B3t
Lo wet s #AA7F Aok
TSI, NeRFSF Mip-NeRF= 8h5ol] = AJ7ko] &8
Ho] &< a&Alo] ¥uth Instant-NGPE= TFE NeRF =

At} sk Al7bo] §EHEQ L vl RE AL Hol M A
o] Atk 3DGSE Mip-Splatting> FE2 02 4= 2 1
gtgol 7hsshH, = F243 284S SAld gAskd
t}. 53] Mip-Splatting> v 22| A}-&-2F

JHOE &2 AT 5 U= Aol Utk 2DGSE

_1

7P S H R AR RS 7SRO, BaE el A
= S5 Algte] FA sefut obg Aol HelHith wheba 8
& 28 H F49 435 1221 9, Mip-Splatting©] 7}
A AR U HrkEg

2. AR Tt

Z1¥ 7+ Francis HloJEAlel gk theFst Bl o] A4
AHE HoAFTh
NeRFE #HHH 0 & o)n| )7} 588l 7|8} 37} &
BEste] Al HE Lol Ao AFEA] okt ol T
MLP 715t F8lo] I 53} A& shgoll vl &2 o]0, A
el o5 A7 dole s 2 o] oY A
HojFEoh
Mip-NeRF£ 7] NeRFdl| &l aliasing 345 <
9

M7 F3ak0 Al BApg o] "ozt

Instant-NGP+= multi-resolution hash encoding 7]¥te] &
2 Fd St Yol Ao E FElg A S v
el dS FEleA 5UstaoH, thE NeRF AlE Ed o
Hja) FA e AHE AFsrh 53] o 2 gy
Atgh A o] Fej7kA] Bl M H o2 Adstdth 1
Ao At A7 ol o8] 95 A7t otE
E7F got Qe As g1 Stk

3DGSE] 7%, iteration 5ol wle} 2 zfol7) FElEHS
th. 7K iteration| A& F2< vl A AWy xH 27
o] ©<eslelil w7 27 &/43E Atk BHA 30K iteration
A= el ol Tt Hdse] A 82X 7F GT
LA FFoE AU, v 72 T3 A
t}. o] 3DGSE gt 8k Algte] gRE A w2 A

= 70 AT
O LA F) [ee]
?_}\—]___ 233 - 9}]\_____ _13]_0]];],

hud

Mip-Splatting 9 A] iteration 5ol W& x}o|7} &5},
7K iteration®l| A= P A X HYo] 7He o it



938 w3838 A309 A6, 20259 11€ (JBE Vol.30, No.6, November 2025)

GT NeRF

Mip-NeRF Instant-NGP

3DGS 7K

2DGS 7K
21 7. Francis H|O|E{AI0A GT2 NeRF, Mip-NeRF, Instant-NGP, 3DGS, Mip-Splatting, 2DGS 2o &IC{2l ZA1} H|m. 7t shAs ClEY xjo|7}

2DGS 30K

ECPR= Ko ZkXEH 702, 0|2 Esf 2+ Bdl 7t A|ZHN =& X

o= o+t =T Em=

Mip-Splatting 7K Mip-Splatting 30K

= 3jo|gt 2 olC

gfolsh = QlCk

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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