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Abstract: Objective Low-light image enhancement for neural rendering is a critical challenge, especially in the domain of
novel view synthesis (NVS), which aims to generate realistic images from new viewpoints based on a set of pre-captured
images. When neural rendering models are trained under low-light conditions, they fail to produce high-quality results that
resemble images captured under normal lighting. These low-light images introduce problems, particularly in downstream
tasks such as object detection and semantic segmentation, due to their degraded quality. Traditional methods for address-
ing this issue usually struggle to balance rendering speed with the preservation of high-frequency details in the generated
images. This research aims to address these limitations by proposing a new method for enhancing low-light images using a

3D Gaussian point cloud splatting model. The goal is to improve the quality of rendered images while significantly reducing
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the training and rendering times, which makes the approach suitable for practical applications in real-world scenarios where
low-light conditions are common. Method The proposed method introduces a low-light enhancement framework based on
the 3D Gaussian point cloud splatting model. The model is enhanced by decomposing the color attributes of the 3D Gauss-
ian distributions into intrinsic object color and lighting components. A lightweight lighting prediction network is used to
estimate the lighting conditions, which allows for the rendering of images that simulate normal lighting conditions, even
when the training data consist solely of low-light images. To further improve image quality, a multi-stage gradient weighting
strategy is employed. This implementation helps address noise issues commonly found in low-light images, where image
noise is amplified due to insufficient lighting. The multi-stage gradient weighting technique ensures that the noise does not
obscure important image details, which leads to clearer results. Moreover, the method uses a fixed geometry optimization
scheme to retain high-frequency details in the rendered images. This utilization is crucial because low-light conditions can
cause distortions in the image structure, and fixed geometry ensures that the overall image clarity and structure are pre-
served. The core of the methodology revolves around the combination of color decomposition and geometry optimization,
which allows the system to maintain high accuracy in rendering while improving efficiency. Result Experiments were con-
ducted using the low-light & normal-light & over-exposure multi-view dataset (LOM) dataset, which consists of low-light
scene images and their corresponding normal-light images, and the results were compared with several mainstream methods
in the field of neural rendering and low-light enhancement. The evaluation metrics used in the comparison include peak
signal-to-noise ratio (PSNR) , structural similarity index (SSIM), and learned perceptual image patch similarity (LPIPS).
The proposed method outperformed the current state-of-the-art approaches across all metrics. In terms of PSNR, the pro-
posed method achieved a 0. 12 dB improvement over the best existing method, which indicates a higher signal-to-noise ratio
and thus clearer images. SSIM presented a 1. 3% improvement. This result suggests that the structural similarity between
the generated images and the ground truth was significantly better. LPIPS, which measures perceptual similarity, improved
by 5. 5%, which demonstrates that the generated images were closer to human perception of the original scenes. In addition
to improvements in image quality, the method also delivered significant gains in computational efficiency. The proposed
approach reduced training and rendering times by over tenfold compared with traditional methods. This substantial accel-
eration is due to the explicit point cloud rendering technique used in the 3D Gaussian point cloud splatting model, which
eliminates the need for complex and time-consuming calculations typically required in other neural rendering methods.
Conclusion The proposed low-light enhancement method based on the 3D Gaussian point cloud splatting model offers a
substantial advancement over existing techniques in image quality and computational efficiency. By decomposing the color
attributes of the 3D Gaussian distributions into intrinsic object color and lighting components, the method enables the ren-
dering of high-quality images under normal-light conditions, even when the training data consist solely of low-light images.
The multi-stage gradient weighting strategy effectively addresses the noise amplification issue common in low-light image
processing, while the fixed geometry optimization ensures the preservation of high-frequency details and overall image struc-
ture. These innovations contribute to the superior performance of the method in generating high-quality images for NVS
under challenging low-light conditions. In terms of performance, the proposed method achieves notable improvements in
PSNR, SSIM, and LPIPS compared with the state-of-the-art methods. The capability of the method to produce clearer
images with better structural and perceptual quality, as well as its significantly faster training and rendering times , makes it
a promising solution for real-time applications in fields such as autonomous driving, virtual reality, and 3D scene recon-
struction, where image quality and computational efficiency are highly important. This work demonstrates the effectiveness
and superiority of the proposed method in enhancing low-light images for neural rendering. The method is a valuable contri-
bution to the fields of computer vision and image synthesis.

Key words: low light enhancement; novel view synthesis (NVS) ; machine learning; neural rendering; 3D Gaussian splat-
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£ (Wang 55,2023) . LOM #4l £E 4% 5137 54
TR B EUGORIT B  IE B O RRIENR . B 5t
AL 25~ 48 1 375 x 500 R R 73 HER BRI, Al 4
& TEIEEOLEE BRI AL S RS S
LLNeRF % 4 4 & 3 525 SAn Sy RO B & 15 LA
SRR AINLA N2 Ol BRI B 52 2% R B hn g 2, (2.
dife = AR I Y TE H O RR IR

A S5k BAK G fd ] PyTorch HE 42 7E Python
HSEE Y JT YR T = A v T Uk TR AL 1Y AT O
WA L LSRR 3G 5 IR e e FnBb B H . =
24 vy i A 1) 2 ORI 4 5 00 265 3 Syl e 1 Ak
(9 Adam DG AL &8 FEATO0AL o 7 ST Y A58 280 7 B
/> NVIDIA RTX 3090 GPU | il%5 30 000 1k #%4%
3.2 XEEEE

N T UEBIAR SCO7 ¥ AT RO, SES R o LU T
AN T 2 R H G IR R A R SEgn sl
B T % {5 M b (peak signal-to-noise ratio,
PSNR) . 25 ¥ #f &) 1 (structural similarity index,
SSIM) Fl % 2] JB N G AR BLBE (learned perceptual
image patch similarity, LPTPS) /E h PFAk A SC 07 v 7%
REAYAE AR , [ I 340 7 7 Vi Y 1 T D't B ) 3 4L 5
BIEER, EVE LS.

TS S P B A P RO R A
AR T Y = G B DRI R A T U1 2 R A
SEmlJy A4 o8 3D GS. FESEE T A H T 24
Ak BRI 98 7 VA S Yk Wik IR A T e
1 2 EUR ARG 8 5 2 X O G UG AT Tk
T, A5 3 FU 00 £ ' B PG P 00 14 TE O
W PRI 2 = 24 vy 30 TR DA 2R, DA T BE 8 it e 1E
JEHRZEAE T BB AA S . ASCE T T H ek Ry
BET 0 22 N 25 1 A KU AROL 1S 58 07 75 , A4 Ret-
inexNet (Wei % , 2018) . Zero-DCE (zero-reference
deep curve estimation) (Guo 4§ , 2020) . SCI (self-
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calibrated illumination) (Ma 4 , 2022) 1 TAT (illumi-
nation adaptive Transformer) (Cui 5%, 2022) ., 4},
A SCH T LA % 77 1 LLVE (low light video
enhancement) (Zhang 55 ,2021) , 75 3256 f X — &
51 J7 ¥ Air 4 M RetinexNet+  Zerodce+ . SCI+ . TAT+ I
LLVE+, [ali ik 5 H FiC A BT NeRF (1970 W&
(¥ 4614 58 7 15 Aleth-NeRF (Cui 5%, 2024) Fil AME-

NeRF (Zou 55 ,2024) i 47 T b . fESLR T &
B, Aleth-NeRF i 3C 1 %) LPIPS $5 br &b 5 01 45 2%
X2 A LPIPS #8 bR i AR 4 T — A dh & W 45 i
Aleth-NeRF [ 28 S50 5 A SC il B N 48 S50
— 30,8 THRIEE S APk, L5 Aleth-NeRF
OESEO E C R NS E =y i Wi e a = N
A A B R 2 SR AR 1 T .

®1 LOMHIEE EHFUAEHHERXREKHIEER

Table 1 Experimental results of novel view synthesis in LOM dataset of normal light conditions

bike buu chair shrub sofa T
Tk SSIM/PSNR(/dB)/  SSIM/PSNR(/dB)/  SSIM/PSNR(/dB)/  SSIM/PSNR(/dB)/  SSIM/PSNR(/dB)/  SSIM/PSNR(/dB)/
LPIPS LPIPS LPIPS LPIPS LPIPS LPIPS
3D GS 0.072/6.37/0.561  0.289/7.51/0.427  0.146/6.04/0.651 0.037/8.07/0.612  0.202/6.26/0.544  0.149/6.85/0.559
IAT+ 0.652/13.17/0.381 0.652/14.31/0.317 0.780/17.79/0.464 0.427/13.94/0.395 0.846/17.70/0.341 0.671/15.38/0.379
RetinexNet+ 0.722/18.12/0.384 0.735/16.06/0.333 0.764/16.63/0.379 0.395/14.83/0.447 0.837/19.66/0.329 0.690/17.06/0.374
SCI+ 0.640/13.61/0.332 0.576/7.55/0.545  0.804/19.33/0.383 0.550/17.21/0.383 0.713/10.13/0.370 0.656/13.56/0.402
Zerodce+ 0.539/10.50/0.347 0.834/17.74/0.260 0.725/12.46/0.350 0.408/12.41/0.390 0.820/14.26/0.278 0.665/13.47/0.326
LLVE+ 0.661/13.97/0.419 0.860/20.04/0.256 0.787/14.98/0.451 0.373/15.42/0.437 0.865/17.96/0.360 0.709/16.47/0.384
AME-NeRF  0.732/18.14/0.437 0.854/19.89/0.312 0.751/17.05/0.381 0.462/15.23/0.518 0.847/17.93/0.378 0.729/17.64/0.405
Aleth-NeRF  0.738/20.42/0.432 0.858/20.16/0.210 0.831/20.80/0.359 0.520/18.25/0.417 0.860/19.08/0.289 0.761/19.74/0.341
AR 0.780/22.18/0.340 0.850/20.78/0.216 0.805/19.09/0.357 0.557/17.33/0.368 0.863/19.94/0.333 0.771/19.86/0.322

T L R RIZ AR IR & S Rl IR Z 2R

F T A6 Y = 2 S TR I v v B R R
Bt 5 IR A 1 25 5, LB IR I 25k 4 FH i 41
JeW e, ToikTE Y IE OGRS e RS e
B2 3R RS LS A AR R 2 (H G T
A BRAR Y AR R 7 1 2 32 18 1k A e 52
M), 2R 47 55 B8 5 38 5 5 k)N st 78 b el A4 1
GRS T AR R 22 5, LA B0 5 1) O vk 25 15 )
BEFE IR o AR ST v 34 i R i A 3 )
17 AT S m TR S A NG 3E . Aleth-NeRF /£ 0 H
HI R I A AF A AY , f TG AREAM 1A ROk
T2 X s (0 J LA i s i, A6 S A T b2 Bt
BT8R o AR SO ¥R T B Sl 1 %
BA 51 AERAM = 4 8 43 A b 3 55 L] 3 i se
We, ARA 1 AR MR G RO . 276 R R, AT
AR ZH b A8 T sk R B, 727
WIZE R b AR SO EEUS T LS R . 5 HAriE
HE) 7 15 Aleth-NeRF A Eb , 78 SSIM #8 b5 L #2717
0.01,7E PSNR #6845 L#2F 17 0. 12 dB, 7€ LPIPS 5 ¥5

FRTE 70,019, T840 UE R TAS SO R B A R

€l 4 /R T IAT LLVE  Aleth-NeRF FIZ 3 J5 12
TE LOM #4478 A & i 45 SR R, AT LA
B ARG BRSO B A R g, fR A T
B Z 407, Fe R T AR SO R R A RO

fE LLNeRF BE 4R, i Tk = 1R H L IR K54
S e, SER S B AR S5 A (natural image
quality evaluator, NIQE) #5 br>k PEAk KSR JE 4438 A
SRIEG . L5 {d F TAT . SCI . URetinexNet Fl Zero-
DCE X & 5 i R AT AL BE, 15 B B SR A5 R, %)
F Enhanced-GS, fifi 52 #& B B8 37 5 MG A hy i
ABATINR, IZREE R TE G iEH OG5 . NIQE
TRARGE R AN 2 s , AR SO A 45 2R |
BUAS 7RSSR . N S Ay gh BT LIE 2,
T LLNeRF B4 45 th A7 1R i i RIS M 5, o 4
Jr kIR S A IROR B T R M 5, AR SO VA TR 5k
() [ s A 25 B T RMR B R R DS Ah, At T i
A5 R B IR | AR ST 1 (0, B D i e
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Fig. 4 Render results of novel view synthesis in normal light condition on LOM dataset

((a) IAT+; (b) LLVE+; (c) Aleth-NeRF; (d) Enhanced-GS(ours); (e) ground truth)

%2 LLNeRF##E& FHIEE LR E BRI NIQE 45 R
Table 2 NIQE results of normal light images in LLNeRF dataset

ik book campus-path Cart flower halll palm path Room Still2 Still3 Still4 Wall White-chair F-}
SCI 332 1007 1146 1196 9.68 1040 7.57 11.85 13.08 12.47 13.17 1455  9.02  10.66
AT 4.99 525 442 473 436 474 502 539 533 536 531 672 3.6l 5.01
URetinexNet 3.32 6.79 545 586 3.46 4.68 545 758 517 661 601 872 327 5.56
Zero-DCE 353 1020 11.90 1241 10.00 11.12 7.19 12.07 13.86 12.50 13.69 1422 930  10.92

Enhanced-GS(A ) 4.55 4.38 433 683 447 4.63 325 627 649 532 525 278 56l 4.93
T RLL T I PR RR A I R AL RALE R

3.3 MEgEXTEE LG e 1) 3 38 = i AR SO A AR I R ] S T

KT AN R % (e G S R B B, 5 B RS2 Aleth-NeRF (19 10 % o [A] Bf Hi F A 3C
B oy geit T HHAS RTX 3090 GPU H#EATIIZRAT SR FHAE R B4 A N B3 A7t IE 3 6 BRI (B 1 O vk
EYEUR B, MR 3 PR, B4 T =g minik B e g o e IR BRI F MLP, i e i 72 g
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(a) IAT (b) SCI

(c) URetinexNet

(d) Zero-DCE

(e) Enhanced-GS (432)

K15 LLNeRF ¥tk [ iy siiast it
Fig. 5 Experimental results on LLNeRF dataset ((a) IAT; (b) SCI; (c¢) URetinexNet; (d) Zero-DCE; (e) Enhanced-GS(ours))

15 35 1) SIZ s ye5 Yl o BE 17T Aleth-NeRF i F [ 52 K ~f
[ MLP X [ 22 %5 2 09 R A 5 2B A7 HERE, H BBk 3
0. 22 1i/s.

x3 YIGEMELEEXTLL

Table 3 Comparison of training and rendering speed

ik VIEN:D RN GPU it 58 23 /(i /)
Aleth-NeRF 6.0 3090Tix1 0.22
Enhanced-GS 0.5 3090Tix1 268

3.4 HBERIE
30401 A RRESORIYIZE SR W 0 71 S 56

R T UBRBIAS SO R TR D B SR R 2 PR
(A R , AT BT Bl 55 5 DT 7E LOM i a4 1 3k
FTIRUE . SEEGALHE - 1) SBR[ L A PL Aok meg 5 2)
EBRL R eREL;3) BBR L, 00 pREL, 1 R 4G
FO L A0 R BRI 4) 5B L IR eRE 5) e B AR AL

FEE S EE R NR 4PN . DSESE 1) FISEEES)
(X B AT LA Y [ JLAAT B 48 £k 3R i 7E SSIM
PSNR .LPIPS 34545 _E 43 542 F 0. 009, 1. 01 dB Fil
0. 023, 15 BH [ 7 JL AT i) D0 4 5 s o) ek 8 (1 45 o it
MIVEFRT . 050 2) RIS 5) 1% b 25 R s L L,
P 2K R A I A T MR B A /NIRRT . S
VML T525: 5) , SSIM #8458 T F& 1 0. 009, PSNR &
bR BT 1.59 dB, LPIPS $5 #5 F & T 0. 021, it B
Lo TS BRI ES AR Al X ST St O B2 T 5 0 2
YEFH . 5206 4) FISEE 5) A4 AR L, SSIM F5 bR F [

T 0.033,PSNR #5845 FFE T 3. 58 dB, LPIPS #8451
R 1 0. 008, IG5 & i 2 T B, BRI L, 454 5% s BOxT
TG

ANTE J7 1 1 T e R 5 SR L 6 ot s, DAL
Tl DAE Y B U AR A B s T RS T Y
SEFBORIBLG 76 F AT 2500 230 DX, A il [ 2 L
Al DA SR, T K A BOR . L, 353 2Kk R 500
UL T RG22 [ L, S0 R L 452K iR S
HE AR L, 04 B BRSO
L, K RS S 8008 Y 1 MR AR I, TCTR R & I
SRS
3.4.2  BEAR REN T RS g

R T U BH B 4 K R R A, N R A R
T B, AR S5 7E LOM S04 b 47 I Rl s
P AN R RN A, AT DN ZR B SE B 25 01 . =2
EAERMFES PR, AT LLES], RN, & 2B PSNR
1 SSIM #8 b . 35 F B, 17 X LPIPS $8 A7 1) 5% Wi 45
AN TESEES R B, A, i KA B BUEMR  5E E E
K, P v G G B S R R R 2 KR,
T E( PSNR 1 SSIM $8 b5 T B B & , 117 LPIPS 45 45 1)
TR A NI PS8 IR, SR BB Y 2208
AEXT AR, TN B T MR B R AR B B, dn &1 7
FI7R, 2 A, TE-2 B, BRI WA i, 2 )5 Bl & &
BB, G B 1) IR o DR IE P S S 45 SRAIE
B, YA, N TE-8 B, 8 AR 25 S el , R A i) o
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Table 4 Results of ablation experiment on LOM dataset
bike buu chair shrub sofa Sy
S SSIM/PSN R(/dB)/  SSIM/PSNR(/dB)/  SSIM/PSNR(/dB)/  SSIM/PSNR(/dB)/  SSIM/PSNR(/dB)/  SSIM/PSNR(/dB)/
LPIPS LPIPS LPIPS LPIPS LPIPS LPIPS
1)  0.776/20.89/0.355 0.851/20.39/0.261  0.795/17.50/0.380 0.534/16.81/0.392  0.858/18.66/0.341  0.762/18.85/0.345
2)  0.750/22.09/0.337 0.849/20.76/0.217  0.805/18.98/0.357  0.555/17.33/0.365 0.863/19.95/0.333  0.764/19.82/0.323
3)  0.778/20.96/0.347 0.841/18.63/0.279  0.785/16.57/0.392  0.552/17.39/0.373  0.855/17.80/0.327 0.762/18.27/0.343
4)  0.746/17.04/0.357 0.825/17.69/0.203  0.743/14.03/0.398  0.557/17.32/0.350 0.822/15.33/0.343  0.738/16.28/0.330
5)  0.780/22.18/0.340 0.850/20.78/0.216  0.805/19.09/0.357  0.557/17.33/0.368  0.863/19.94/0.333  0.771/19.86/0.322

IR RS R A5 S B2 2R

(c)w/o L

(@) w/o [ %€ J LA (bywlo L,

inv-mse

6 HRLICIE Y ER A5 R
Fig. 6 Tmages of ablation experiment ((a) w/o fixed geometry; (b) w/o L.; (¢) wlo L, ,...; (d) wlo L..; (e) ours)

®5 ELOMEES LERTFH BRI RYPIEER

Table 5 Experimental results of different color loss factor )
P 4 % £
on LOM dataset
A, SSIM PSNR/dB LPIPS

AR SCHRE i TC M 0 = e R IR A TR

e 0728 oot 09 SRR T7 2 T LA AR08 P (R I A 4 ey
e 0.763 100 0 TEH IR BE AL A R . 7 el = e s
1E-o 0765 1976 0325 H BT TR P 53 o A B0 15 6 A, S T I
1E-8 0.771 19.86 0.322

HOL B 5 AEOL B A RORR , o 1 D
55 I OGBS BE b 5 B LT R B, B0 T A SE
JUAT AR T7 58 , T sk e e IR ] 2 S8 7 A RS S i
JE A RO B AN o A 2 A4 B SRR Y
SRR A SO L5 BUA SR L7 AR HOA S A 1
BT L NG A T L 5 A 358 BT , MR 40 o 2
BF . WA ASOTEAE IR ez WA
AR WE AT

SR ARSI RAAFAEA R Z AL B et T =
2 vy S VA D 5 VAR B B R RS TR ) 37 5 i gk
Freppk il 2k, i BAE S il A rh, =i miinik

(@ A\,=1E=2 (b) A,=1E-4 (c) \,=1E-6 (d) A,=1E-8
7 B el RS ) R Bl T 5056 i R 25 51

Fig. 7 Images of different factor for color constancy loss
((a) A,=1E-2; (b) A,=1E-4;
(¢) A,=1E-6; (d) A,=1E-8)




3300

PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

Vol. 30,No. 10,0Oct. 2025

W7 ks B R B BAE S A s g 1 [ (R A &
S AU E RSO0, AT 207 57 B
PR BE DX, 4P 8 (a) BT 7, 7 P45 B 70 A0 i1 25 75
OPAFAERN B A BRI o [RIIN T AR SO =4 g
MY JZUCEBDEIRIREE 7B Rh,
S PO 9 = 4 T 0 A i) BE A A B — 4k v i oy
A I P O B M e rhoi R A, An ] 8(b)
s ARV K i EARER s AL M . IR, R
R BIWTFE TA R PR AL BB I IR B4 A ) — 4
e TR AR (Li 45, 2024) /S BERERCRY , 455 F i
I TR A SR, D/ %o 2 B A AR, L R AE
=R e WG SR S NIl e R T ¢ LRI
(A= RE

() I BN

(b) V& MEFE X 5,
E8  HHRUR R R LR

Fig. 8 Image results of poor reconstruction quality

((a) defect in the margin area; (b) noise in the sofa area)
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