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Abstract: Objective Reconstruction of indoor and outdoor 3D scenes and placement of 3D resources in the real world con-
stitute important development directions in the field of computer vision. Early researchers used voxel, occupancy, grid,
and other computer graphics representation methods to achieve good results in terms of storage and rendering efficiency in a
variety of mature application areas. However, these methods require time-consuming and laborious manual modeling, expe-
rienced modelers, and considerable time and energy. The time-consuming, laborious, and difficult modeling process must
be simplified to enhance the application prospects in the 3D scene reconstruction field. By invoking and calculating the
implicit field representation, researchers can obtain a realistic scene end-to-end, eliminating the complicated process of tra-
ditional modeling. The neural radiance field (NeRF) is the most popular implicit field representation method. Compared
with other implicit field methods, the neural implicit field is known for its simplicity and ease of use, but its problems still
exist and are rooted in the defects of the implicit field itself. The implicit field is a multidimensional function defined on
spatial and directional coordinates, which codifies the geometry of the scene together with the appearance color, resulting
in the entangled representation of the independent atiributes of the target, causing inconvenience to the application of 3D
resources. An important direction regarding implicit fields is “disentanglement” between geometry and appearance. First,
the intrinsic decomposition uses some physical priors to avoid the initialization of complex networks. Second, the image is
preprocessed into an albedo image independent of the observation direction and a shading image dependent on that. Intrin-
sic NeRF was the first to apply intrinsic decomposition methods in NeRF, but the decomposition they have used could not
produce more reasonable appearance editing results. Method In this study, a NeRF classification network is proposed to
learn the intrinsic properties of objects and target characteristics. It separates specular factors from 2D images via the image
enhancement method, extracts the intrinsic colors (performs intrinsic decomposition) via the classification method, and
then presents shading maps and direct illuminations of semantic-level objects in scenes via intrinsic decomposition expres-
sion. On this basis, the NeRF is learned, and the semantic consistency is provided with the help of “the front-point domi-
nance module”, which is a module from the volume rendering stage that optimizes the albedo by “front points”. The consis-
tency between views of the scene is provided with the help of “the color classification layer module”, which is a fully con-
nected neural network from the reconstruction stage that fixes the albedo between different perspectives. Finally, a neural
radiation field representing the intrinsic properties of the scene is reconstructed. After the rays are obtained by the internal
and external parameters of the image, the positions of the sampling points and the directions of the rays are calculated in
the neural network, producing the corresponding 3D properties. In the embedding layer, the position and direction are
embedded and transformed into high-dimensional embedding features, which are the inputs of the network. After the 8-
layer fully connected multilayer perceptron, the network outputs a 1-dimensional volume density, a 256-dimensional fea-
ture vector, and an N-dimensional semantic vector (where N is the number of semantic classes). The 256-dimensional fea-
ture vectors are then input into each 1-layer fully connected network to obtain color, a shading map, and direct illumina-
tion. In the inference stage, the model uses the Monte Carlo integral method to transform properties based on sampling
points into properties based on rays (i. e. , pixels), resulting in a synthetic result of the novel view. The model can disen-
tangle attributes independent of and dependent on the observer. The resulting albedo output has semantic and multiview
consistency independent of the observation direction. The implicit field shows good generalization for appearance and sup-
ports scene recoloring, relighting, and editing for shadows and specular factors. Result Compared with the existing Intrin-
sic NeRF method for intrinsic decomposition based on NeRF learning, experiments on the Replica dataset show that under
limited GPU memory and running time, this work can obtain intrinsic decomposition results with semantic and multiview
consistency. For the “front-point dominance module”, which ensures semantic consistency, this work improves the perfor-
mance by 4. 1% compared with that of the Semantic NeRF. The ablation study revealed an improvement of 3. 9% over the
baseline model. For the “color classification layer module” , which improves semantic multiview consistency, this work
improves the Intrinsic NeRF’ s intrinsic decomposition method by 10. 2% and the baseline model by 1. 7%. Conclusion A
novel NeRF classification network that can learn the intrinsic properties of objects and target characteristics is proposed.
Experiments show that the work in this study can produce intrinsic decomposition results with semantic and multiview con-
sistency. Moreover, an implicit field of albedo classification is constructed, which can describe the geometric relationship

of complex scenes and shows good generalization for appearance. Realistic and multiview-consistent effects are achieved in
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tasks of scene recoloring, relighting, and shadow and specular factor editing.
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Fig. 1  Overview of method and process
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Fig. 4  Front point distribution along the rays, based on the
depth, the front point are calculated by the density,
which is higher than a certain threshold along the ray
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2.4 HELEARMEBEAR

A% Retinex FEi£ (Land #1 McCann, 1971) , K14
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ro(xy)

2o, VORI 0 B, o,y BRI XS R r R LY
PEHL,

3 X% I

3.1 HiR&E
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Table 1 Quantitative comparison of different methods among albedo, shading and original image performing intrinsic

decomposition on MIT Intrinsic dataset

. MSE | LMSE |
7k —
albedo shading Sy Jc8an
MSCR (Narihira %,2015) 0.020 7 0.012 4 0.016 5 0.0239
Revisiting (Fan %,2018) 0.013 4 0.008 9 0.0111 0.020 3
Data Driven(Zhou %% ,2015) 0.0252 0.022 9 0.024 0 0.0319
Intrinsic CNN(Shi 4§,2017) 0.021 6 0.0135 0.0175 0.027 1
AL 0.0136 0.0157 0.0147 0.0310
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Fig. 5 A few typical intrinsic decomposition results on MIT Intrinsic dataset (our method performs better on original image recovery)

B0 BB R RE ) o AR SOOI A
albedo ,shading Fl specular /4% 38 o3 20 (1) 25 H , AL
YR 10 A PRSCR BEG  A2 BR T T R B 1 A
[, MIT Intrinsic 2 A S {4 i o 45 50U D
— IR SR AR FE
i3 &5 T LUF Y AS SO0 ¥R 7 A 1 ik 4

Jo e 55 B0 A v I 0 Al A R A R PR 2 L (ER X
J5U i PR R RCR B X2 T AR5 H
PRASIA], A SCHIAE 55 FAr e il 5 e N
(O AAE & P 5 5 4 , 7= 2 albedo G 7 X258
REFNTE Lo B 77 3, o3 i ROR - 5 lie JE i B 5K
LERIFA—B B —E R 2, H—REA
S A 1) RIS B SRy 285 R R, A7 AR 200 L o3 i 4 AR

P AT 55 s TN A s R AR SO s T B s, 0F
AR FECHE 5 b AR & PR o3 i 45 Rt AT I % Tl
it AR DL R R 1 T albedo Y2 S PEH AT LA
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Fig. 6  Qualitative comparison of albedo image

(b) Intrinsic NeRF

(our method illustrate that the specular factor and shadow are
suppressed in read box region) ((a) original image;

(b) Intrinsic NeRF; (¢) ours)
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Fig. 7 Multi-view sampling to illustrate 3D scenes(view-01)((a) original image; (b) albedo image; (c¢) shading image;

(d) specular image; (e) recovery image; (f) recoloring image; (g) relighting image (surpass shadow) ;

(h) relighting image (expand shadow) ; (i) relighting image (expand specular) )
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Fig. 8 Multi-view sampling to illustrate 3D scenes(view-02)((a) original image; (b) albedo image; (c¢) shading image;

(d) specular image; (e) recovery image; (f) recoloring image; (g) relighting image(surpass shadow) ;

(h) relighting image (expand shadow) ; (i) relighting image (expand specular) )
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Fig. 9 Multi-view sampling to illustrate 3D scenes(view-03) ((a) original image; (b) albedo image; (c¢) shading image;

(d) specular image; (e) recovery image; (f) recoloring image; (g) relighting image (surpass shadow) ;

(h) relighting image (expand shadow) ; (i) relighting image (expand specular) )
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perceptual image patch similarity) Fll SSIM (structural
similarity index) #8475 , 7] LU, 28 SCO7 A8 A9 4
55537 B4R 24 1 i AR L IRTE YL RE ), 7 Y
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Table 2 Quantitative comparison between predicted RGB

image and original image of different methods

performing rendering on Replica dataset

ik PSNR/dB 1 SSIM 1 LPIPS |
Semantic NeRF 30.977 0 0.895 5 0.106 6
Intrinsic NeRF 30.704 4 0.890 8 0.1140
A3 28.9350 0.834 6 0.168 8




$30% /FE 28 /2025 £2 A

BES, TR4k, KiRF, £FE, KR, BE, WRX
FIRARERES XSRS AR RIEY —HEER

EF5 AL S i 4G

AN, R 35 T AN 7 5 7E Replica 4R
1 5 A7 o G 0 DA M AST) J5 V5 7E Replica i 4E
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Table 3 Comparison of training and test time and GPU

memory usage of different methods on Replica dataset

ik YIZRRERIm SRR AT %

Semantic NeRF 20.66 3 1.750 85.50
Intrinsic NeRF 27.36 4 2.072 80.20
VNS 21.04 4 1.750 87.30
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Table 4 Comparison of multi—-view consistency w/o

classification layer of different methods on Replica dataset

Tk PSNR/ABT SSIMT LPIPS |
Intrinsic NeRF 20404  0.6568 0.160 1
A3 (with Gamma 283) 29.068 0.6502 0.1613
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PE A SCHE Replica (9 MASE hkAT 18 S SE 0 RT L,
I A8 53 B F8 R MER R . mloU (mean intersection-
over-uniow ) X}k #L il albedo & 1% 55 Tl 4k B 45 3] 1Y)
albedo FIRAYIR R 732t . O T AFRFLE, AU
Semantic NeRF #4718 X 431 (43 %1 H A5 2 F ik 345
FH Albedo) Ny FEEREAY , ANZE 5 Fros . Al LA 21,
AH LG A B, 51T RO T SR R MR 4R s T
albedo [E15 f4 7 i THE A 1, RSB 00 I A {4598 B AH
F IR AR S 354 5 T 4. 1%, A1 EL R I AR H AR
1 3.9%, Bk 1 REH A R

&5 AREFHiETE Replica & _Ei#H1TIE X 5 26T,
SINBI R R SR SR 53 B 4B HR AT EE
Table S Comparison of semantic segmentation on
albedo image w/o front-point dominance of

different methods on Replica dataset

J7id mloU T FIuEdnR 1 BikifEr% 1
Semantic NeRF ~ 0.887 0.928 0.987
AR who Hif 14 0.894 0.929 0.984
AL 0.948 0.975 0.991

T IR R R R 45 9 B L4

3.5.3 B KEA SR

S KRR BB 53 K2 F, (), SCRR 2%
i 3320 7 2 A B SR albedo R Y TE X KA
A — SR N T IR A R A
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£ Replica I IAAE i iff 47 1 8 it 5 8 M S50 % L
DA SR AW A ] — B0t KA Xt EL albedo 7 3 4
VT A0 A 8] () PSNR , SSIM Al LPIPS [E% 36 Yedb br .
FIEN T B AUEAIE /> fROR , SEH 2 T Intrinsic
NeRF 7 iEAE R SRR T LA, A2k 6 TR .

F6 R[EFIETE Replica $IiE & _E31TIE X5 EIRT,
SINBIE LR —BIEIEIRIT L
Table 6 Comparison of consistency w/o classification

layer of different methods on Replica dataset

Tk PSNR/dBT SSIMT  LPIPS|
Intrinsic NeRF 29.404 0.6568  0.160 1
A wio B3 K Z 33.470 07109  0.1558
AL 33.933 07197  0.1520

TE R R R 2 5 e A4 2R

N6 0] LA 2], A FL I AERL AL 5 A B (0 402k
JZ G R IEHE 5 T albedo FI% 115 S B AR A ] — 5L
PE BRI A G A5G b3 AR L AR RS B 5 T
10. 2%, AH FE A I AR B EL #2400 5 albedo {5 45 53
f0 5 SR T 1. 7%, B0IE T AR B A Rk

4% i

ARSCER M T — R T S R A 375 2] AR
PRSI 2, AT 52 B SR LA TR]— B AR & 7k
MR R, ARSI ST AN S AL
P 30 Ao PEAGOGT b B 1 5 %) 18 OB i i 1 — 4k KR
oAb Z oG EUR i H & B Kmeans 2856
Pt o 8 7 A A PR AR AE 3 R 45 AR TR RS R 1 3t
it 1K 53 A5 2 Y albedo B0 A% 16 2200 i — B0
48 R (FERAE LT, —FP albedo B (4 F1—1~
M SCRAE AR ) o XM EHRE R 24
albedo 1fF L&, SR 5 it it 2R ALLTE S0 1 0 2% R4 7 25
W R O VA T A T 0y 4287 O Ll 4 2
T3 R SE A 53 i, 5 Z 0 L A I 2 rh Al B T
R LRI 53 3, i 44 O “ AR e 1 53 25 M
257 AR SCNAAR B T7 VA s 1 AR B R H i 44 k)
FAAHE J& 1 53 28 B4 2 SR S S A S i SC— Bk
=, RS = BeeE ) BRI
JEHR AR F (y(x)) BUE5 32 F,(f) DGR E
H WL F,(y(d), f), B — 4E 1Y albedo. shading £l

specular J& PE ML 2 = e 5137, NN 58 % 5ot =
MAE O EDCIRGEREAES . ATTEE 0T
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JE M B AR AL 20 5 55 shading Ji M (0735 B 293, 42
FEAAE 53 fife N A 3] =R A i HIROR . 78 S
BHELE Replica LAY/ 5250 K W], 7EA IR GPU
F 5T TR A SCO7 R RE A5 15 31 245 18 LA
18] —ZPE A A J PR 2 FR S . X BT B HE i A
DG AR P 5 B (5 3 ZE AR A T R S 36 3R B T AR SOy
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ARSCTARE SN BEFEIF BT —Fh = 4 pf 28 5 5
Ykt Jr vk 2R S 3 R A Y SRR A
B JE Al b BB 08 SR AR g S AR AE JE M A
albedo ,shading Fl specular 55 . {H &A% SC 572 I fdi
(Y AR 4 il I35 A X8 38 ] B AR AE 53 il 2R A7 TR A
G WM, FI ] Gamma 2846 F5 45t 3 G AN 52 - A T
SRR EAR TR R O T R R A, MATERH 52 1Ak
PR AT 5 R A X IR VA B9 KU, a9 (b) FE s 1Y
LA 3 o A5 B Y albedo BIR . FE AR R TAE,
TR — 2D WETE AR 53 fi (0 ) B AL R R
FOGIR S YA BAH AR 09 52, 455 5 T3
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