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Deep learning methods for portrait relighting
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Abstract: Portrait relighting is an important research direction bridging computer vision and computer graphics. Its core
objective is to simulate the lighting effects under different real-world light sources by adjusting the lighting conditions of the
person in an image to optimize the visual representation of images, improve the presentation of facial features, enhance the
aesthetic effect and meet the needs of artistic creation. This technology has extensive application value, particularly in sce-
narios such as postprocessing of portrait photography, virtual reality, augmented reality, film special effects production,
digital entertainment, human-computer interaction, intelligent monitoring and video conferencing. Relighting can not only
restore or enhance the quality of an image but also add a new emotional atmosphere to it, making it more visually impactful
and communicative. Therefore, how to relight human image efficiently, accurately, and naturally has been a key issue that
researchers at home and abroad have focused on in recent years. The traditional methods for relighting portraits, such as
the spherical harmonics illumination model, the Lambertian reflectance model, the Phong model, and the mixed model of
ambient light and directional light, are mostly based on physical modeling ideas. These methods attempt to depict the inter-

relationships among lighting, materials, and geometry by establishing clear mathematical and physical models. However,

ks B #1:2025-07-02; 18 Bl B #1:2026-01-28 ; i ED 24 H #7 :2026-02-06

« BIEIEE . ZFEL  lichongyi25@gmail.com

ESWR :EEARREHEA T H (62306153, U23B2011, 62176130) ; FHT [ AR 5451 B (25ZXRGGX00290, 24]CJQJC00020)

Supported by : National Natural Science Foundation of China (62306153, U23B2011, 62176130) ; Tianjin Municipal Natural Science Foundation
(25ZXRGGX00290,24JCJQIC00020)



3483
B, KRKRM, BEFR, AL, FR, FTEN]
63145 /% 108 /2026 £ 10 A ANGEITAREFIHTERARER

real-world human faces are highly complex, with variations in skin color, uneven reflection attributes, and fine and irregu-
lar geometric structures, which cause traditional physical modeling-based methods encounter challenges such as large mod-
eling errors, high computational complexity, and poor generalization ability when applied to real images. Especially in
single-image input scenarios that lack multiperspective or depth information, traditional methods often fail to generate satis-
factory relighting effects. With the rapid development of deep learning technology, the image relighting method based on
neural networks has gradually emerged and quickly become the mainstream research paradigm. Compared with traditional
methods, deep learning methods can automatically learn the complex nonlinear mapping relationship between illumination
and facial features in images through large-scale data training, thereby achieving highly realistic and detail-rich relighting
effects without explicitly modeling the physical process of illumination. This type of method usually has great flexibility,
expressiveness, and scalability and can adapt to various complex lighting conditions and changes in face poses, showing
enhanced robustness in practical applications. To sort out the development context and research status of portrait relighting
technology comprehensively, this study first starts from the research background, systematically summarizes the develop-
ment process and key technological breakthroughs in this field, and clarifies its important value in various practical sce-
narios. This study also collates and compares the current mainstream portrait datasets and illumination datasets, covering
synthetic data (such as face data generated on the basis of rendering engines) and real collected data (such as real illumina-
tion images obtained using multilight source shooting systems ). These datasets provide fundamental support for the training
and evaluation of algorithm models. However, problems such as insufficient data scale, imperfect illumination labels, and
uneven distribution of races and genders must be addressed urgently. The method review section classifies the current por-
trait relighting methods based on deep learning into three major categories: 1) the first type is methods combined with
physical models, which attempts to establish a connection between the powerful representational ability of neural networks
and the physical interpretability of traditional illumination models. For example, by introducing learnable spherical har-
monic parameters, normal graphs, and reflection models, it guides the network to learn intermediate representations with
physical relevance, making the generated results more realistic and controllable. 2) The second type is methods based on
image transformation, which mainly relies on image-to-image mapping networks, such as U-Net structure, generative adver-
sarial network, and self-attention mechanism. It directly learns the mapping relationship between the input image and the
target illumination image and has advantages such as end-to-end training, high efficiency, and natural visual effects. How-
ever, certain deficiencies in terms of illumination control accuracy and geometric consistency still exist. 3) The third type
is methods based on 3D reconstruction, which utilizes face reconstruction technology to first perform 3D reconstruction on
the characters in the input image (such as restoring 3DMM parameters, depth maps, or normal maps) , then reconstruct
the lighting conditions in 3D space, and finally project to generate a 2D image. This approach is usually superior to the
pure image conversion method in terms of accuracy and control ability, but it has higher requirements for the quality of the
input image and the accuracy of geometric reconstruction, and the computational cost is relatively large. On the basis of a
detailed analysis of the above three types of methods, this study also compares and evaluates the advantages and disadvan-
tages of different methods from multiple dimensions such as the realism of the relighting effect, the degree of detail reten-
tion, computational complexity, and the generalization ability of the model. Meanwhile, in combination with the require-
ments of portrait relighting in practical applications, the applicability and robustness of various methods when dealing with
complex factors such as different races, postures, the number of light sources and the position of light sources are
explored. Finally, considering the current development trends of deep learning and computer graphics, this study looks for-
ward to the future research directions of portrait relighting algorithms. Future research may pay more attention to the light-
weight design of the model, real-time processing capabilities, the fusion of multimodal inputs (such as combining semantic
information, depth maps, etc. ), the improvement of cross-domain transfer capabilities, and more realistic and natural
lighting style modeling. Meanwhile, the diversity of the dataset, the accuracy of the labels, and the rationality of the evalu-
ation indicators also become important factors restricting the development of the technology. This study hopes to provide ref-
erences and inspirations for subsequent research through a systematic review and analysis of portrait relighting technology
and promote the further development of this field at the theoretical and application levels. In conclusion, this study aims to

provide comprehensive technical references and theoretical support for relevant researchers through a systematic review and
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in-depth analysis of the existing research methods in the field of portrait relighting and to promote continuous progress in

this field in terms of algorithm performance, application breadth, and visual quality.

Key words: portrait relighting; deep learning; physical model; image transformation; 3D reconstruction
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Fig. 1 Example of portrait relighting task
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Fig. 3 Classification and flowchart of deep learning algorithms for portrait relighting

2.1 #EEMEENHANGEITRE R

FEL B BRI kb IR I 855 TR
S B REASE TR () L 34, 38 L A A R BE R R
AR AR BT IR Bk PR A Sk R R
SR B R A AT SRR AR 4
BEPDEIE B IR T s iy = e B, Dmiflifs
j‘tﬁﬁﬂﬁﬁbﬂ%ﬁﬁ%%ﬂ AR,
2.1.1 T2 ML 1 Ty

?:”t:_quztth,k{%ﬁﬂj't%%ﬁﬁwiﬁ?%
TR N 4% | Transformer AR Y |38 15 Xy A G it
56 S50 R A JROA A 5 0 kg A ) 1 ' R
HE Xk — o R O R BE R E TG B
FIB BT AR BTE L AR A IR S 5055

Wy T ; F TG BAR 5 i 2 g 1 R O BRI AT
TEADE, XBIIELSE T HE -] R IEHEHCRE
VL G5 ) BB AR (1 I 3, BB A8 - b 1o %o — 265
P Ak AN AR 2 T R S R, T R A T X R AR
PEIT, BEfE B0 A 172 fh g

NAGFFT AR A — A F2 B i S ke = RIS
FLAL S B SRR B A bR B0 . Sengupta %5
A (2018) # H T — 4~ v 2] 34 714 2 >J HE 22 SfSNet, F|
FH GR35 580 e A LA 1) S a0 2R A 7 )
Y5, 3 5k 25 e oK UGRAAIE 43 15 Ry 1 2R R RS
BOIRIG A A IR R TR T AR SR
WEERIR A B BRIl R4 MR AR v, AT DL i
BRI R B S FOE IR A T I A% . SfSNet 3

3487



3488

PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

Vol. 31,No. 10,0Oct. 2026

TF Lambertian F  (Basri Fil Jacobs, 2003 ) ZE A5G HE |
Lambertian £5 %1 J2& — Fj 1 34 PEARUIE fz 5 2 g (B
AL A AR TR] A 10T ) Sz 20516 R A iy Sy A
A, Lambertian B %) f2 S50 BE 0] LR IR R
I=K,,(N-L) (1)

K, K, R7s 18 SR 28 SR AN [R) 4 BT i W ik i
XGRS AR ) L1, 2 A BOG R E, N R s R vk
LR R ] 5, L3R G IR T [ BV (] 9 e T 4t
N - L3R s

JL4E Lambertian 5 8 7E V7 22 b H b 187 04 28,
B T8 R RIS S S IR , P e 4 ik 5
AT O B ELAT 558 T S AR 0 R T At T i Ak B
S UG A B RE B 52, 7 A B AT % ) D' BRAR 1
2019 I T 0 — S AR AR

N T DX — ], Wang % A (2020) 42 H T —
BT A RESE |, 30 3k Sl s A 3 TR S SR LR IR
OGN B 5 S G BRSO S BB R AR AT %
RS A BB ZOCIRBT BEAEHATOLT B, &
JEIRBT B H B2 TE 45 E i A BRI 0L T Ak T
T ¥4 S R P R A 1) 5 TE TG Bir Be,
et A5 T R B 2 1) 4% Sl X 0 5 T R B R L AR
JEIN R A 2%, AR T A0 T S 5 38 R 2
AT | B S A H A5t BRI 55 1 A Sk AR A= B
HITEAE R

B B 52 M i D625 52 2O B, Nestmeyer 55 A
(2020) s fi 17— Pt ) 3 (14 P 26 4844 , 55 Wang 55
A (2020) 7 iEAN R ZAb S Nestmeyer 5 A (2020) [
HAT G M2 A8 2306 R Be 7l 1) S 5 38 vk 4 i) Sk
filt b, 300 e 0 8 i S ke 2 AR AT UL AL R O
FIRE 55 2 A IRACR

BEXT 9 207 1) 07 AR R RE B S (s 7 4R
AR ) , Hou 55 N (2022) $2 1 —Fiol @i i vl s o3
Sk TR T OZGA B FUA e B3 i A A
PR B2 A H BRI 1) AR Bl B 52 48 1B (shadow
mask) . X7 IETEA WU R I B 30 R LA A
SRR T IS TR AN 5 R LT 2 e — B

SEBRI A AR BN AR AR S IR A R £
FEAL I N AR R T Can Jz ik AW B FNEC ), B T
XS F T HAT B 2 1 RS R L Lambertian #5281
RE A A0 Ml A X 4 SR T O IR o Kim 88 A
(2024) 2 5 T —Fh 5 W) 5| AR A A R Bl
YRHESRIY J7 5 , B M SwitchLight, SwitchLight %£ T

Cook-Torrance JZ 51 #5% % (Cook Fl Torrance, 1982) ##
R 5 F T T 89 A FAE H , Cook-Torrance 15174
BT HOF S, A IR R 1 B KB BEL S 16 1Y
TAOULF- TET 2H 38, 0 (] I AS DL T Sz 2 1 I88 Sz 55, 1
1 Cook-Torrance #5254 H2 i 1) [0 £ v SRS ff 3 Sz
W ' ORI 1A SR THT R AR ELAE T, B2 T AT
FLRK

PLE NG E 05 v BAR RS 52 B 16 FLAY
JEIRRICR H i = LAY P S8 B FUR A 1 O AR AR
il Mei 8 A (2023) $ H T — M T UR0RS 19 52 B3
MG FEAT 673 LightPainter, 277 1 18 1 f7 B
VR R AR\ 1 R0 O BB, AT S IR B
MRS . LightPainter 75 2% B BT LIARHE Tk
S SR I M S LA IR N B S 38, T OB
B S I AR A5 A LR b ab 2 B2 I R )5
ARSI o 22 T e AR e 2 IR

—BETT AR X AR BT 3B R T AW
A TRC A U DI (Al T i R s )
fRAAL ) A AELMEM S, th T 20 1 OGRS,
LR AR S AN A SR OE IR . Kanamori 1
Endo(2018) #2117 — R B T B AU 28 W 28 1 7 %
TERRIE RECHOC IR R TSI T 0% i (&1 e HE IR
O BEGEERYS | i e 1A MR XS S B KO R TR
RN PPN NS R Ty A e S L
PR B . 3 5 1 O BB A5 R S B S Y F AT
TERCR

Tajima 35 A (2021) 0,7 FH A% 4 ] 75 000 > Jet e
P4 20T E S M B St LR R AR AT, S5 1
W B HEA T8 R S R B AT OGS IR IR DR AR
FORDC IR AL R 14 5 5 2 Br B ok ) LSRR 55 1
W B o (RG] 1) 3% 22 R 388 =l 78 S S, DT 42
EE TRz ARE T RIS
2.1.2 FETA ST

M F AL Transformer 55 28 HL I 258 2544, A B,
B AU R A% 27 ] 155 J2 R 08 U R e R =X, 2 1T 2
JIHE v B A RN A Y R 6 B o I
A MRS SRR A U AR 2 RO IR T
&7 BAR Y G B R RCR , Hax fh A it
PRI 2 ] DAY

BT 20 MO 245 10 7 1% 30 i DA A T s 1
(AU AR GEZERDE IO I 46, S8 )5 o ok
FIOC AL, SR T 40 3 M A ) R i S Pk A A 55
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PN AR . Shu 5 A (2017) $2 H — Fl g
)% GAN, B NG A Sy — A B 3= 04 T S0 W0 3t
AP OPIR OV d N RS I I Sa) Tk
NERS YN oA LR L RN TR DN i) 2 e N s =i
SRR SCAH G g 8 38 28 3R 5 2R DA f e I
g PEAZS BT OC T K H A 70 A0 ' RS A 7
B Iy — T ARG BT 7E AR 1, ISR B IR
i

X BE S i 4 ] 1, Deng 558 A (2020) 2 1
T —Fh4 M DiscoFaceGAN W) 7 s, T AE A &
JEE T figp R RN AT A ) TR R . i R 3D Se R
Ptk A 2 GAN i 3 Yl 2578 43 B % 15 % (varia-
tional autoencoder, VAE ) ¥ & 1)y . T &5 FHGE
25 m P Y R A R S 3 3D AR Rl E Yead BRI 24K
A5 [a) e, AT A 3D JEAS FieE Gy s #2114 vl fif Bk 4
SR AR A R R B R T R . A T —
ACYETRARRNAE T, SCEEL I T X AR il ek
BG4 2 S DT AR5 b AR ] B AR it 5 | kR iy 47
W22 S5, 30l A Rl A B 28 ) h R IR R BRAR i
) P ST 2 o ) 2% 254 B T StyleGAN (Karras 55,
2019a) , 38 0 BB AR 1 )2 31 5 AT (940 2% R 30k
TN, B0 7O AR b I S G O B A5 T e 1 A
P

Liu %8 A (2022) #2 T 3D-FM GAN, —4~%& ']
FHT 3D Al 2 AR 4 G000 8 B 45 1 GANAE 4L, R
T it 21 s 2 > B B 0 T AT ] 0] e S 0 45 S T
DN o TZNE SR 1K A A T RS R T B 3D
Y 7 L S A 2 StyleGAN B P 7E 25 (8] H |, SE PR i
i B R AT AR AR DN . X 28 S A 0 455 G i s R
StyleGAN Az i # , JH i G Ay i 44 A A\ R A T 2 %1
PRI B AT BN A 25 18], StyleGAN A& a5 DI AR 4
XUEfE B U A D g EIR . R TR S R F
F G RE ) Z [ AU, SCRE S R T 22 afe i L o]
HARE IR FH o I R R U1 25 W 43 ol 4 i B
YRR G BE T o

MNAG ST T 130 7 B 22 G BRR T 1 okt
X5 B AR AE SC BRI TR AR E LA RS . itk
Pan 55 A\ (2022) $2 H 7 — 44 25 GAN2X RGBT 7 %
FE 8 75 JC W B 4% 10 T A0 HT A e % LG A7)l
Y, IR 2D FEUE H G 3D TR A 5T P D R
Mo TR BR R 28 3R 1H R R HEA 3D &
TR o 8 R MU BRI 52 3D TR AR, iR ek &2 A

BB B P L i 065 o i T o A AR G A
Phong % (A , GAN2X M A3 28 P 75 J 1 i 1
et E1%

BE & RO AR TSRS 0 T 935 22, Pon-
glertnapakorn 2 N (2023) 223508 Diffusion 5571 17 F
TENBESTEH S T —Fh A T 0 1 2 s
PEAGTEHY D712 DiFaReli, AT LB HE7E 2D 5 LA T
Ik, AT 23D A3 4 2 00 KR B0 IR
{ . DiFaReli 3 F 2 /4 ¥ #U5 £ DDIM (denoising
diffusion implicit model) (Song %5, 2020) S 8 A 14 &
FIO6, AT DA S IR 55 1 Bt AR IR 1016 RSk
Fo O E SR s A R GRS LSO R JBAR
AL R A B2 i A S5 R A HRAIE 6]
i, W 3K S8 ] AR Sy A5 AR I T ASE AR 1 G B R i
R HERLE AR b, AT DUE S UREAE ) A Y S
WGt , ) H] 25 DDIM fifg it 4 2B BUE AT O 5 1 &
8 XI5V REMSTE AT T 0 i 72 P 0
53D FOG R EE AR B0 T, 9230 o (9 B AT O6AL
B BB TN BB ALY B T, Cai % A (2025) 1A
S, RAFUIZRA 9 RUB A O 28 A6 b RNV AR R AR rh
i T IIAE B (X 25 BB AERY , PR
i T Shadow Director, H 75 % JL T iiF & Bl R FZL
NI 2, AN 5 2 B 5 1) LS80 o ol 7E 2
PR X 47 IR 2R ) 6 2 ) ARG A 552 BN B 52 i 2
AR AL R AT EDULA ] [ I PR A AS [] XA
Z B B EARGE R AEANR]—

BEXT O BB 5 Bl PO v B HLAB I A 1)
R, Yeh 55 A (2022) 4 H AT LI i e OGB4 A
B UG AT N SR, - 2o G 3 1 S HTE Y 3
ok S B e o Y F AT OGRSCR , M TR B 5O B A
BB, Yeh %A (2022) 82 7 —FhJE T B DL SR
3 FIG B LSRR S I 1 R AT . Bk
FLHG 3 FEE B 2B GAN R EH AT, &
IR B ] U-Net 45 14 M dan A TEIZ h 25 BR B2
R EASCR , TN S BR R AR 5 GAN S i i BORE B i
KGR B TIZR0 3D GAN(EG3D) BT AE %5 1]
h, DLE A AR 3D 15 B ST R BRI
BRI 25 7 16 BRI GAN R AE , 2E
B A HARGIRE 3D R (=PI RoR ) JfE i 14
BUE G ORI R . X5 ¥ REETE A 5 5%
JEEE G EUR MG OUT , SCEER T Y AR E AT
RER
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B 1K PR B 5 HoAb 2 REL IR 2 T Y I
830 AT 07 B0 TAREAL AR T AR OE I, RIDRE A
BIHTRZREALRDEIRE TN I A HEIR . Han 55
A (2020) 42 H T — B A X BRI G AR RO BT R0 45
(attention-based joint generative adversarial network |,
AJGAN) , i 23 i ] AJGAN H i1 BEAR M fE GAN
HAT R 301 B T 0 Pl A5 45 Dy L THT D' IR 4y s
A TEI5 , DT I 53 ' HE AR AR 0] T R AN LAY 5200 , 35 2]
PRIEAOCIRRY H Y. IAh 20T B RE S R
IO, it AJGAN H B EEATOL GAN AJ LR 4 A [H]
PRI RV 80 L T ' R ) T 8 PR B T D' g A [
SRR T R EIR . NBOCIRAY bR ] Lk Gt
5875 1T BE S LAY D2, DR A5 T 38 B 073 1) [] Ff 52
P ER R BTG

1 T LightStage 4 A7 FR H.ICHE 4 2 90001,
Wang 55 A (2025) B¢ i1 17—~ fHL 20 40 9 T TG AE
28, M BTN R A4 HOR R Oy B e, FREs 5 Bk
IEOCIRSHON T BRSO A i B AT R, T
38 3o B A PR — S0t DA SRR v 27 ) I ] — 3
P, BEAE AL PRAE R B R ER A (B B A B ) F3h 25
P o

SR UL, 455 W) ALY 7 ik S TR 2R
JEHR A BN LR BROR | i 3 TR 27 ) i
)3 1) U 7 ATl 1R AE 4 SBORN 47 2 P 1 £
TF A R AR BE T G IR g i [ T, KT T 28 i K
2519 75 1% BB TR B R B A R — A A R
AN AT ME— i, A IX — i B AE AR A 5 4, L1
2 L5 A R M R ELAE AR I A TR M, X o S 3
LA SRR B IR EER
2.2 ETEGERHOANGEITLEE

SEE YRR I AR P, T G e Y
T A T 55 0 = 4E 45 B, AT 2O ) 52
AR ELAFRE ML TR T R b S BOE IR
AL o T T8 A TR R~ R 4% AT 45 e
W G Y 7 ] i B R X AR R T B e,
LT RS 00 07 AR BT 45 5 W B Y 7 A
Ak FR 52 G B SR A I T BB A AE — i Ry PR L (H B
A LB SRR B, U HE T B TR
J& GRS E R
2.2.1 ST TT ik

S5 BSR4 D7 120 T R 1 LA A
SPP AR | 3 TR S SR P P AN YA A T R S B R

FIOGH PR ZLA R | 8 A RN LS SRR T
XLETT RS HITE o Sun B (2019) $ T —Fhi 2k
F U-Net (G AMEEAT R S0, % M4 LLHLIR RGB A
BIEUGAE B b3 e A 210 190 2% 1 i 257
53, Z8 BLRE % A WUPE B ARG BRI T B E AT LA
%o S nyEE T YR E G )5 BN R] 2 A
ek i 280 i ) 07 2R A A TR L ARl IR rpr g ]
FFGRREL, 1R B AT U SR 5%

Zhou 5 A (2019) 4 ! T DPR (deep portrait
relighting) J5 % , 1 Jo i B T B S 4T 00 7 ik 2k
R KA 8 NAR T AT R 2 (B8 DPR X4l 4 )
SR e HIZ B RN R 4%, DL AR i AT AMZR A
6o TR A Hourglass 9128 2514, 45 55 4wt 25 F11 it
s, g hth s F T S BT BB AR AL A IRARFAE , Ot Iy
IR AT LA 0 A A P B4 ' B 30000 £ 5 BRI
5o H bR BRI B 06 BRRRE 5 5 T AR RIS 5
BT 3 o A e A A TGRS

B8 A B P NG A Y R 25 bR M B R
(o H 2 A BH 52 1) 1), Hou %5 A (2021) 42 i FH
Hourglass P 2% 25 ¥4 (Newell 55 , 2016) 4 11 i K% F1
F bR G Z 18] A4 L ] PR, T e = i A rp i
R T = AR A0, R 28 AAB B YUV B 25 ) Y Y
SHBERSISTRUN SR ZRTEI G AR ' e i RTPUSL
BERA S AR R

Futschik 55 A (2023) 4 i 7 —Fh 3 122 ] 9 J7
25,3207 128 Je N ARG PR IR LRI 1], SR
JG I — DS EAL Y RO 4 R84 2 L
S, HE R AR R BB B R R . X Rl Oy
P RUFOR A T &l 45 52 il 0% 226 8 Rt
i, BEREE A BB AR SO IR DU, AL
AmGe Ay 2, 7T ITEA BB 2R 7 500
Y IUR RV S A 8 A =1 e Gl SO s ) | N S B2
ESUE

TG CHE B 2 B SRR A M R iR
i HBETE RS A Tl ] O IR S HUlE 4R OF
AT R T EAT R RS AN T o Sen-
gupta 25 A (2021) F F H #4819 SR 28 4E BT,
I AT s A b AR N 2 R 2T BT
BEXT s A AR B B , T HR T — LT U-Net
14 1 265 2R R U TG 5O REFD H AR O BRAE S
NG — A g Al T AR H ARG (s 25 K
1B W AR 23 18] G, I FH BRAS 18 G % 81 19 25 AU
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AUANEE o TSk BB 0052 B, XD vk 7 A R
RS FF B, X2 I 2 2 SRR, R T A i — ]
B, ST TG IR — SO e IR P 2% e A5
YN

B XA 1) B T — A SR A 55, 5%
UG AIATE (4) BRF [] — S0 A DA A — B0 SR TR
Jo Zhang %5 N (202 1) 48 1 T —Fh I T 2 ) 25—t
it 245 225 ) 1) 52 Bt — B A B AR AT 6O %07
VA A AR S B R RO R — 3k, SR Bl
BICRCF U H AR P ASREFT . datd i A Bl
8 G5 > e B AR S5 M0 108 A R | f i 4 WK
ALV RN A N AT RS . M5 ARG
R %, 455 2T 55 NG AT 2R e, LASeEiiE
B RTE BLS I EATORRCR .
2.2.2 BT A BUSALY

BT A A (8 T R FH A RS RY AN A JR e
W2 7 HORER SE IR 4 3 . Shoshan 45 A (2021)
P T — i o S AP s ] S I AR AR RS
(18 S A o P R L T2 B3 o % b2 > S A
23 [A] 1 5 A , (A5 B4 4 AR R — AN e 11
PG 1 o 38 2o N 5 o) G 5 25 45 T Aok e Py B A\ B
SR B R BV A T4 1), DT S B A4 T 2 17
L H . Bk T StyleGAN2 (Rarras 2 ,2019b) 42
VB AE 23 (a1 53R 2 A28 ], A2 )R
—ANREE FYJE P (B AR AE) N JE Rt —
AT B 22 )2 B HL (multilayer perceptron , MLP) #f
Tl

Zhang %5 A (2025 ) F F 47 0SS AL 84 vy 3] 9 1)
JEHR R, A TR T —Fh I T A R PR A B
T FE YN A et i — B AL i (PR R R
AR BB 25 T RSN TR A 5 H IR & 1R
R BN — 20 37 e RRS e 3 T BIOBE A 14 ) R
A AL YN o XD iRl 5 I — A iR B2
FOR S B AL i — B, DT 7 LR P45 40 77 i [
A R AR (1 [ s SRS B 1 IR B

Chaturvedi 55 A (2025) 75 4 B YE 94 19 3 385 1%
PR I 25— A Bt AL 2% S A [R] D' R 4R 19 28
e, 4R —Fh AT 55 11 2550 W% SR Vol 2 0 A 11 A A
O ] OB R RS 1 [ 8, R D B MR S
MG By ek 2 1

EF PR B FT 6, Fang 25 A (2025) 3T i1 44
(Y 2D & 14 #7645 8 ICLight (imposing consistent

Light ) B X6 AN [ B I BE S 41 068 AR08 r 1) 8 2 i 55
AT FE T BB G A I ] JE A AR i i
(] 8 BsF TR DG 2R, DR B T4 ST 36 ) ) 3 it g
[] — S

BET US4 1 7 1 AR 7 57 — 4 {5 B B
SR IR L5 A8 RSB | T e e DA B PRI 45 i
BOGIRRHE , B I A iESTEROCR . BARTE
SAOCIRZENET T RS i 05 1 mT REAFAE—
SE Jay BRAE , 1HHG TS 20038 AR R 1 B A H AR AT
W ELSFEENG P EARRH .
GAN I HIAE IR A4 107, A5 48 05 125 ) o Af 22 D
AEPEAWHR T BEE SR BIHEL XL T5 1k AT fE
SITE SN 2 I 22 REAR B N FH 37 5 v e B B R Y
.
2.3 ET=Z#EENANGEITEE

A LSS & Wy B R AN R R B e ) Ok B T =
Y H Ay R 2 6 3 S A T = AE AR RE A
it A8 3R ' RS W AR 2 TR A AR . ik 2Ty
V2 300 L Ao VR I S AR TR Y = R 4
R LA KOG IR ARG B 5 B, DA T 45 F 3 TG RO 5
HASHAFA WL . 3D 7 ik i 34 7E T H kg
N SN A2 2 AN 227 RO IR R (HX W B B
e S R TS B IR Sy A e R A .
I, R4 3D Jy AR AL TR SR RIS R BT, B
TE N FH P 57 BN 5 R 2 T AR AU o o
TR, BT =4 0y 7 AR AN 2 B B )
HATGAE 55 19, ik v b BN R 00 AR 55 H A s 4 1Y
%
2.3.1 RET 2B ik

DAAE 4 77 k2 2 A8 IR 40 1 3D S B 1
WA , T B Z 2R G 20 3R 1
WA 2015 A AP TR LA AR , S BOe
B HEAT RS B AT, Feng %8 A (2021) #2111
— Fl 44 & DECA (detailed expression capture and ani-
mation ) A TR, B 6% DA A0 BF A [ 45 b 101 051 1 3D
NG ARFN ] Sy i 46 0 2075, 3 BE 40719 R 0 T A
(HapEE R LM, BT — M
A0 — B R T TR SR B v A A AR
205 G MR A B 80, A A mT DU A i R 2
Bk A LSRR R 5 B8, TR IR
YT AR AR SE B S B A TOERIOCR

A 3D 7k (KGR 25 ,2024) 55 T NeRF
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(neural radiance fields) (Mildenhall 4, 2022) #: 47,
NeRF 25T 28 W 28 OB, ) F A AR 28 R 285 1=
WGP EMBIOER . SEGE YO 5
(1) JLAR] NSO ], NeRF S22 9 26 27 2 POAS ] £
JE AN [] LB ) PR 1500 e 7 55, IR A i 2 —
AL AR TS S W B A LA 52 . d i
FRUE e i )72, NeRF GEA8 A AT 2 B8 B SR O
SERCRANAN T, JUHAE S A W6 BEFN AR 52 728 4k J5 T
R FE . Sun % A (2021) 2 H T NeLF (neural
light-transport field ) 77 % , NeLF £ — >8] U-Net
R B 22 I 28 T 1 D A G b 4 BBCRAAE A
T RIRA, LA K 24> 22 2 BT T T 4
A 3D AR DG S 1) i T8 'A% el
i 5 H bR PREE B Y SR SR AR A M st Y Hh A
BOCIRAAE T RS BE , IR A AR e B T
HORTRL AR R G, DA S B o ) E AT O A
K G SCR

— VT (Tri-plane ) & —Fi#r # 14) 3D 22 7 =X,
MK 3D A5 R 23 B 3 AT 7, BE A% A4
FE AR At A5 e ) 3 ] Tl 2 M 4 b 3, e
J TR AL A 5 2ROl BR AN S LY 3D AL
Tri-plane $&4E T —Fh e 2 @ 20 3 & Rk 8 119 5R
7~ 7. Holo-Relighting (Mei 55 , 2024 ) | I T I £k
[¥)3D GAN(EG3D) Mt A P 8 b Hi i J LAy RS A
fiE, SR J5 i o — A DR IAE 45 @ G IR AR T ik
Pk SEAAE , T S — A A H BRI 3D KR
(=0F 1) 5 38 S AR TE e A iU O BRI IR
TR M E8 254 532 3B B 2 Y B T
T Sz B G s GAN ST B Bl S BRR EMR 2
F| EG3D ¥ fE=S A LA H A 3D 15 B, TG Hr B
N T IE A M 2% A BT A B ARG BRI =
FHIERR
2.3.2 FET AN ik

BT A A () Jy AR R A = 4 i N AT
A IS T 8, 3D GANs 5 AR A 3D &
LRI B T 2D R Ak T 3D 5 B kAT E
FIOLRY T 28, X Se Ty il Pe A v 7 25 (B i R
IR G IR B RS IRE S S A A S
NEATICAE 55 4840 1 S0 2 3% s R ik oy %
JEHIEAE AL IS Z 7 5 M B AR IR BT I, 2F e A
TR AIZALRE S MIERIKRE Ty HESh 1T B TS
AREEE 5 R0 H

TR AR T A N 2D R 2
21 3D TR I R OR B 1 0 SO T TS Tk
HETR A 32 3D JEIR o Pan 58 A (2021) 48 i1} T Shade-
GAN , AN —ANERT Y 3D AR AU R RE A kS
R LA I HLAEAS [FDEHR 25 ARt iy 2677 A LS
(R YL RO | R ShadeGAN B A T 2GR Z 5, 58
i i A B T AR R R IR SR A 7T Yok
BEAEES RIS

RN, ShadeGAN J7 ¥E7E VG IR ELSEME Ty HIAFEAS
fE o Tan 58 A (2022) #2 H T VoLux-GAN, 1% HE 22 35
o 22 a3 A R 52 HDR MR8 B RE T 1Y
3D AR B MBENLRAFE A WS 7 1) T4, AR iR
3D B R R R RN R P AR S
PRFRE e B AR 20 H R 1 B HER 8 S 5 % B T
I 5 R 2R AE R S S 8 AL SR AR AR 22 3
Jedn A R 2 TR RUE

U 3D SR GANs 7EVF £ 7 T Ui 17 ik (1
T g i 1 SO M T A AE TR , H LT ARk FneT
FEEM AR EER . WL, Kwak 5 A (2022) 2
T 3D BN A BT BT [ 4% SURF-GAN , 88 J %
SURF-GAN Y Se 50 513 14 A 2 2D StyleGAN 1, DL 5E
IEA 2 3D il A SUJE 1 g g 1 i AR EIS
4 8. SURF-GAN i i 75 NeRF [’ 2% (1) £ — )2 2% >J
TS (R A HE R [ 038 SUE M, ande i & 655, It
FVF P S B AT YN . 3D AI 4% StyleGAN |
TE StyleGAN [y LAy I, i@ 13 5] A SURF-GAN 5556
SRR AE 2 (41, 0 X b g o) A o R 1 O e
W SCTE M DT S B 5 0 o 9 % IR 2 . Hong 55 A
(2022) 482 H T —Fh ] LA g4 Flif s T 250
k3L TR HeadNeRF , HeadNeRF f& —Ff JE T NeRF
() S B S TR TR | RS S Vi G g R R 11 33
BIE, I 33 B34 il T e S A R A P as S
HeadNeRF i it & HU 2 % KGR B AR G i W 7E S
1, R4 H AR MR 0 6 BT TR 2 A%, A Al H Fr 1S
T NITE S 2% MG O B T I DR ENR

I A A o e JoR e ) 3D 1 5 A R e =g o
Tang 55 A (2024) R H =V 2878 R 28 18 3D f 517,
Jf3# 1 Z 501k A9 3DMM (3D morphable model ) 3§ &
A G R SRS By RS D R Y A
il 3 3 Ha )RR FUR A s, i — 20 i Jm
il R AN 22 O — Bk o Jiang B N (2023) $EH T
NeRFFaceLight 75 , 1% 77 44 6 HEOA JLART AT AR WL
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ik ok i 2k E P SR ) = T o SRl L K
HE R LART 70 X003 590 ok S5 380 AN [ ) v o 25 i), o ok
5 GAN 52 3% ) B B X 45 4 o Zhang 558 A
(2023) 2 1 T FaceDNeRF, 45 45 A5 AT /9 2% Fil 4T
BT AT LA DA B PRI B 5 T 6 19 AR NeRFF,
I FEE R E B . FaceDNeRF ] F 53 ¢
3D GAN S 8 AT 2k 1) 2D AR Y HoR A, fi
FH P BE WS 7E B REAR 2 S (1 00 T B R4 A 1%
NeRF, 1 JC 7% & 2C 09 3D £t . i i i v HE BH A
B PR R R A A T 25, FaceDNeRF A H]
FAERAE T — b A A FH SRR AR L SCAR R 7 A ik =X
H s B8 B Sfe ) 2 Fn 2 A A NeRF

e A, Hare A KE LT N HIE RGB
BUGAT T A 3D TR AN S 3 e BRI, {H 3K 46 5 %
B2 R e IR C i AT E AT, EAZ R
THRAAIZ ALBE ST . Papantoniou 58 A (2023) 21 T
Relightify 59 , FIl A OB RV S e 56, S #E UV
25 (] W AT PG A8 2 R S B A s Pl % v B e ] o
FII6H 3D A o 1% 1 Se il 3D TR AR R R4 5
gy A RS DL RS RERE 149 3D A R AR 43 UV 4

P, AR5 38 2T YRGS B S OB S IX s
FA TN B R 2B 5 A TAE AT, AR 1 e 4 1)
SR BRDF 22800, DTS2 338 19 3D A 2 4 il
TR .

EEXTALSRE AT, K2 BA B ER T A
i AL A= 3D EAIRE 1, TCILTE S 45 F T AR Al
O H B EFDREE R, FERT PN AR
PRINMREI S . Cai 55 A (2024) $EH T 3T NeRF (Y
SIZHS 3D BT % 3 o X 45 K 4 i 4 DR
PRt (14 Ji2 18 53R = S~ 1 A1 BH B2 =1, SIS B0 v 2
[ REAFNBASE AT B K ; [l 5 AR ] — Sk M 45
1 P Transformer #5 YFIT— > 35 FH 4 28 0 25 2H il
FI 28 S 38 AL 1 5% = DR AE 9 B[R] — 3K
PE DD TN BR R SE B DR it 1] 73 2 08, DT DR EF
AR 50 H FsF [i] — S50 A [ st S 8 it HL— 350
FIHEARR
2.4 ETREZFINEEANGEITREEILL

UREE 27 2] NS T 1k F 245 4 Yy st
RV 7 T EUR S Jr  fSE T = e s it
Tridie XA T EMAT T RG GG

x2 ETREZFIPOANREITRTEXLL

Table 2 Deep learning based protrait relighting methods comparison

gy Ik sk e W) 2 45 4 TR R R PR IR
ZpLil . BIE e s
2017 NFEID j;é’ﬂ Ak i% ggh BRI PR K ST
e PN TN & TEE g ) 0
SfSNet - 3D G . CelebA LR 24 BRI PR AL Il 7525 TOP-k%
2018
Religh % . . e s
hznrllints Z&'E G2 Ee AL BRI R BK RMSE SSIM
Yy A RMSE RMSE-s
SIPR - OLAT BRI 2% R Hh ] DSSIM
201 % _ P S ) )
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Continued Table 2 Deep learning based protrait relighting methods comparison
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Continued Table 2 Deep learning based protrait relighting method comparison
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LTI FeHE A FRRS DPR

i\ JeHE A FRRS DPR

4 FRRS(Hou%:,2021) M DPR(Zhou % ,2019) & 1y 4%
Fig. 4 The results of FRRS(Hou et al. , 2021) and DPR(Zhou et al. , 2019) algorithms
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&5 DiFaReli NeRFFaceLight . FRGCS Fll ICLight 83678 X B Y B 4 1F (S 1% D6 IRIRAD AR ) T (125 F
Fig. 5 The results of the DiFaReli, NeRFFaceLight, FRGCS and ICLight algorithms under corresponding lighting conditions

(reference images, light codes and environment maps )
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Table 3 Quantitative analysis of deep learning-based

portrait relighting algorithm
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FRGCS 5.83 61.03 0.52
DiFaReli 5.01 64.63 0.63
FRRS 6.56 61.04 0.66
ICLight 3.32 65.35 0.55
NeRFFaceLight 5.12 65.26 0.61
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Fig. 6 DPR, FRRS, DiFaReli and ICLight caused distortion of

human facial features
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