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Abstract: Visual media such as images and videos are crucial means for humans to acquire, express, and convey informa-
tion. The widespread application of foundational technologies like artificial intelligence and big data has facilitated the
gradual integration of systems for the perception and understanding of images and videos into all aspects of production and
daily life. However, the emergence of massive applications also brings challenges. Specifically, in open environments,
various applications generate vast amounts of heterogeneous data, which leads to complex visual degradation in images and
videos. For instance, adverse weather conditions like heavy fog can reduce visibility, which results in the loss of details.

Data captured in rainy or snowy weather can exhibit deformations in objects or individuals due to raindrops, which result in
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structured noise. Low-light conditions can cause severe loss of details and structured information in images. Visual degra-
dation not only diminishes the visual presentation and perceptual experience of images and videos but also significantly
affects the usability and effectiveness of existing visual analysis and understanding systems. In today’s era of intelligence
and information technology, with explosive growth in visual media data, especially in challenging scenarios, visual percep-
tion and understanding technologies hold significant scientific significance and practical value. Traditional visual enhance-
ment techniques can be divided into two methods: spatial domain-based and frequency domain-based. Spatial domain
methods directly process 2D spatial data, including grayscale transformation, histogram transformation, and spatial domain
filtering. Frequency domain methods transform data into the frequency domain through models, like Fourier transform, for
processing and then restore it to the spatial domain. The development of computer vision technology has facilitated the
emergence of more well-designed and robust visual enhancement algorithms, such as dehazing algorithms based on dark
channel priors. Since 2010s, the rapid advancement in artificial intelligence technology has enabled the development of
many visual enhancement methods based on deep learning models. These methods not only can reconstruct damaged visual
information but also can further improve the visual presentation, which comprehensively enhances the visual perceptual
experience of images and videos captured in challenging scenarios. As computer vision technology becomes more wide-
spread, intelligent visual analysis and understanding are penetrating various aspects of society, such as face recognition
and autonomous driving. However, visual enhancement in traditional digital image processing frameworks mainly focuses
on improving visual effects, which ignores the impact on high-level analysis tasks. This oversight severely reduces the
usability and effectiveness of existing visual understanding systems. In recent years, several visual understanding datasets
for challenging scenarios have been established, which leads to the development of numerous visual analysis and under-
standing algorithms for these scenarios. Domain transfer methods from ordinary scenes to challenging scenes are gaining
attention in further reducing reliance on datasets. Coordinating and optimizing the relationship between visual perception
and visual presentation, which are two different task objectives, are also important research problems in the field of visual
computing. To address the development needs of the visual computing field in challenging scenarios, this study extensively
reviews the challenges of the aforementioned research, outlines the developmental trends, and explores the cutting-edge
dynamics. Specifically, this study reviews the technologies related to visual degradation modeling, visual enhancement,
and visual analysis and understanding in challenging scenarios. In the section on visual data and degradation modeling,
various methods for modeling image and video degradation processes in different degradation scenarios are discussed.
These methods include noise modeling, downsampling modeling, illumination modeling, and rain and fog modeling. For
noise modeling, Poissonian-Gaussian noise modeling is the most commonly used. For downsampling modeling, classical
methods include bicubic interpolation and blurring kernel. Noise including JPEG compression is also considered. A recent
comprehensive model jointly uses blurring, downsampling, and noise. For illumination modeling, the Retinex theory is
one of the most widely used. It decomposes images into illumination and reflectance. For rain and fog modeling, images
are generally decomposed into rain and background layers. In the traditional visual enhancement section, numerous visual
enhancement algorithms have been developed to address the degradation of image and video information in adverse sce-
narios. Early algorithms often employed simple strategies, such as super-resolution methods primarily based on interpola-
tion techniques. However, these methods are constrained by linear models and struggle to restore high-frequency details.
Researchers have proposed more sophisticated algorithms to address the complex degradation issues in adverse scenarios.
These algorithms include techniques such as histogram equalization, Retinex theory, and filtering methods. Deep neural
networks have shown remarkable performance in various fields such as image classification, object detection, and facial
recognition. Simultaneously, in low-level computer vision tasks such as super-resolution, style transfer, color conversion,
and texture transfer, they also demonstrate excellent performance. With the continuous evolution of deep neural network
frameworks, researchers have proposed diverse visual enhancement methods. The section on visual enhancement based on
deep learning models takes an innovative approach to model architecture. It discusses architectures like convolutional neu-
ral networks, Transformer models, and diffusion models. Unlike traditional visual enhancement, which aims to comprehen-
sively improve human visual perception of images and videos, the new generation of visual enhancement and analysis meth-

ods considers the interpretive performance of machine vision in degraded scenarios. The section on visual understanding
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technology in challenging scenarios discusses visual understanding and its corresponding datasets in challenging scenarios
based on deep learning models. It also explores the collaborative computation of visual enhancement and understanding in
challenging scenarios. Finally, based on the analysis, it provides prospects for the future development of visual perception
and understanding in adverse scenarios. When facing complex degradation scenarios, real-world images may be simultane-
ously influenced by various factors such as heavy rain and fog, dynamic changes in lighting, low-light environments, and
image corruption. This condition requires models to handle unknown and diverse image features. The current challenge lies
in the fact that most existing models are designed for specific degradation scenarios. This complexity introduces a signifi-
cant amount of prior knowledge and causes difficulty in adapting to other degradation scenarios. The construction of exist-
ing visual understanding models in adverse scenarios relies on downstream task information, including target domain data
distribution, degradation priors, and pre-trained models for downstream tasks. This reliance causes difficulty in achieving
robustness for arbitrary tasks and analysis models. Moreover, most methods are limited to a specific machine analysis down-
stream task and cannot generalize to new downstream task scenarios. Finally, in recent years, large models have achieved
significant accomplishments in various fields. Currently, many studies have demonstrated unprecedented potential for large
models in tasks like enhancing reconstruction and other low-level computational visual tasks. However, the high complex-
ity of large models also presents challenges, including substantial computational resource requirements, long training
times, and difficulties in model optimization. At the same time, the generalization capability of models in adverse sce-
narios is a pressing challenge that requires more comprehensive data construction strategies and more effective model opti-
mization methods. How to improve the performance and reliability of large visual models in visual perception and under-
standing tasks in adverse scenarios is a key problem that remains unsolved.

Key words: adverse scenarios; visual perception; visual understanding; image and video enhancement; image and video

processing; deep learning
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SEAT 55 1 K . Horb IO BRI BT 3 7 AR
PERHR A I 1R

B0 f Al ) 8 43 28412 55, CODaN (common
objects day and night ) 45 £ (Lengyel 45,2021 ) £ 7%
L. 57 M@0 PEAN 224 x 224 BER R A RO,
AR 104025 AN 1550 R IEHE . L, A &
B RAMFE R RST, EAHE AT BEA LS A FZE
YIS G WA R T 2RI IR 4

X B Sk 52 A% 49 9 A A T AE: 55, Loh Al Chan
(2019) 4 2 T ExDark %48 42 , IF [A) iof i F = T 83+
FGR L 27 2] A RRAE 3B TG IR IEIR o 2B E 4R 4
17 363 M MAR AR IR 3 v B (OGRS, A6
12> RS FN R RS G FAEFR T X R 26
XF 45 5 N R E R AR AT 55, 78 A A I T
I, Nada 25 A\ (2018) #4125 v A 60 A6 00 4 3 42
UFDD (unconstrained face detection dataset)-Haze , i%
B A ETEAR RS (LW T F5)H
B S R4 . DARK FACE(Yang %, 2020b)
JE— DRI IR Ei 4k , 45 10 000 7 {5

Bicycle Boat Bottle Bus Car
FRICHRIEHE S SFEHECODaN ( Lengyel S, 2021)

M 54 IS B2Dark Zurich ( YangE, 2020b)

SRR &, For 6 000 W Ry 3 T 3545 14 23 FF I
R B — IR IEGARTE T AR FE . DhzsdE
B T LRI UG SE UL A 1 — 2R 5 A I 6 KA T
B, A7 AAGIN Bl T F 2200w 100 £91) G A A s
AR, BE 5T T A ISR
FeiF: . KAIST(Korea advanced institute of science and
technology multispectral pedestrian benchmark ) £
TEAT NG 4 4 (Hwang %5, 2015) 49,15 9. 5 J7 &
P — R 5] R A AR B, LS RO R
B #3525 . ECP (eurocity persons) ( #& £ (Braun 55,
2019) 3% A BRI 12 4 [FE 5K 31 AR 3T, 42
5 RRNE iy TS At s T 9 0 5 A s 80 i
2077 o NightOwl 4 % (Neumann %5, 2019) i 40 4~
FrlVARERARLIC T ORI IR S A, B35 27. 9 1
AP, B T 3 K AR A RS
FAFo TR MRS 8 bR 1, IR E TRy
XA, QB R, LB B LAR
5 Z AW AHIFI N 5. NightOwl $os 8405 7
T I A A5 S 1 B R S L, SR T AR
Hi BB S HOR L A 3 UESE |, L RO TR RS IR 554 13T
i 2E

FI 3072 G2 X% 5 g sm ot o A B e DL ELA
HAPRSAERI I o X TAEFE % (W 635 B 5T 37 5%
SR MERR AR B S A BT OK L Sl T — R R
PRI HIRAE SOy BV ER AR A S . RAEE bR
BOAA R, Mapillary Vistas 24 % (Neuhold 55 ,2017)
A8 LR AN ] (4 B 5 858k (AN 35 AR AR 2
Dai I Van Gool (2018) ¥4 £ 1Y) Nighttime Driving 5%
S EVBHE RS T 3. 5 T IRME EOL IR B HOERIR

ORI B2 ExDark ( LohflIChan, 2019)

BRI ASIE R 2 DARK FACE ( Sakaridis®$, 2019)

Bl ROCIRRE R AR A 0E 20 br HR A K00 42

Fig. 1  Low-light degradation scenarios representative visual understanding datasets
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[ 1) 5 35 AR (BB T 1 50 73 1] 18145 R 77l
M o Dark Zurich 5 & 4 #) 5 8 4 (Sakaridis %5 ,
2019) 4175 299 000 W& AN [7] i Be i) i 57 PR, B dhide
B TAHPLEY GPSAE B, LRI i g ~r AR i B
PR A RSB , 191 T 482 1) 8 7 e PRI A5 A R 14 1
KREMEAHVEEL . Sakaridis 5 A (2018)#2 H T Foggy-
Cityscapes 5088 4E , B IEWT 98 55 KoM T 1937 5 B
) (EAEIZ R AR T, 55 K R AN & SR 4R A5
21 i 7E Cityscapes BOHE 4 Y I B R UM AR
L35 % W ok A B, ZE B HE , Sindagi 55 A (2020) 7
Cityscapes £ #% % I & 3 T Rainy- Cityscapes %1 #f
B TRV I 5 N Y BRI R RE . LS55 R
1T 55 B S H0HiE 46 fe ) 2 A0 02 Li 55 N (2019) 42
H Y RTTS (real-world task-driven testing set) IR 4E
A1 8 F Foggy-Cityscape H A B K AL . 1E R
RESIDE (realistic single image dehazing) £ #i& 4 (1) —
ASFEE L ALE 5 000 M CARE ARV 19 B 55
KIEG, G 20 sl M g 5, gk 229
KRB R IS 60 55 B 2 i R BT 2 Y, 228 B R A
5 %2 BDD-100K (Berkeley deep drive) (Yu 5% ,
2020) £ % #8432 1 100 h 10 000 /#4511 25 B WL 4%
WE T — RPN [E] A I (] R AR AR 33755, [6)
WL T 10 FME S it o 2B L RIAE L & T 4
A HABAL ) 4 bR A

32 PR T e B AR T A , R 218 SO 1S Ak
b bR TE B BN D o X G, Sakaridis 48 A

(2021) #& H T ACDC (adverse conditions dataset with
correspondences ) , 18 5 AN [A] B A0 50 B3 5 25478, AT T
Y25 A DA F R 58 4% 188 1 1 SC o381 05 8,
2 B/ . ACDC 1 4 006 I PR 24 B , 3 46 P
Yo A TE A TP R WY R FURAE R < %5 008 (AN
AR AT SR AT R e B AR R I b
VE IR 2 1F T A8k i AR TR 37 5 0 1 A&, LK
X PG P i I RAN B 5 1 S PN 2 DX 3y — il
e o NI, ACDC BESCHFAR e o], 3R 5 A
B PR IEREE SCor R e Ah L TR ) Lo
£ 45 , NightCity (Tan %5, 2021) /&3 2 H A LR 5 K
A AR EER RN S B AR, L& 1 4 297 IR &5
& YNGR VLA SR By EEE
1.2.2 BT IR I B 25 3 5 e HL i
MR TT A T —A> B K 45 9 I 25 g, AR
Mo, IE W G TR IR . R, dnfars
RN IEH 50008 2572 8] 1T R K.
DU BN b i 8 A A A 55 L B, G e B delid
. (unsupervised domain adaptation ) J&— ™ fiij ¥ B 4%
M DT %8 o 22 M7 LA 45 FEAIE XT 5% (Ben-David
% ,2010; Long %5 ,2015,2017 ; Sun £l Saenko, 2016) .
bR (Tzeng & 2017; Ganin 2£,2016; Kim 4%,
2019a) & FEH (Russo 55,2018 ; Hoffman 45, 2018 ;
Tnoue £, 2018) 1 {7 #15 2 (Khodabandeh %% , 2019;
D’ Innocente 55 ,2020) %5 . 7E HAnA I o, #5540 38 5
AL 75 5 4 Jy Sel T Bt 3 5 2 ) 8 e ] R

K2 ACDCHHE AL (Sakaridis 45 ,2021)
Fig. 2 Examples of the ACDC dataset(Sakaridis et al. ,2021)
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X, BXHE, FEHR, ', KRB
T Hm TR RN S EERA

(Chen % ,2018b; Saito 5 ,2019) o KM, 138 754
NIER G5t T AN A SO AL 55 it A 5
JE SR E A5 B A 25 5 B R IR AR L
Y 2L R BT R 5 EIEREA R

H AR S S RN RSN AL o A A
Xof TR SFUN R A A A, T 1 8 25 3 B T
W BT HORZEFM A . A A T2 IR SE 1)
PBE 1 58 A T 1) 8 45 3 5 A T B TAE S TE AL
fr L, OO T IR 27 ) ) R A A, A8
VEAEAEZA T BT 254 T AL BT , B 3 il )L
AT, T 0] % 47 3 5% 0 7 M B Sl A% B R A i 32 2
Kt

B X RAW EI& BB PR KL AT 55, YOLO-in-
the-Dark (Sasagawa Fll Nagahara , 2020 ) fc 542 tH fiff
A5 2 (glue layer) AT BT Az s R 2H A A [R]85 1)
SR O = I 8 - 1 B o B o 1 B TR
A YRR I RAW RT3 RGB 12
Miel B _FAYRAITE RGB R E b ATy (A6 I, AR 4hs
PRI (R R 20 S B B — A A 2R, R i i A
BIRIATHAS o NG B T 3 7 A U Y )
AR B R E R R A R AN SRR 5= A
7 2 B AL R B 4

Et X 8] 47 5251, DANNet (domain adaptation
network ) (Wu 55, 2021) 2R Fi X 470 2% 20 S B AL 7Y |
FEAR B T W56 BOGAIE 5O BE A AS [ 52 B R .
DANNet HY A 55 0y 187 57 20 IS 0 AN B 35 R KR
i BB Cityscapes TERS 3 [A] 62,75 11 K OGN
BV BHE 1Y) Dark Zurich 038 4E , Horh Dark Zurich %%
i A5 1 Johr 2 19 #) ] GPS (global positioning
system ) 1L s A7 B R BOG 55 19 [RGB IEGO . i
FEAEANTHE H E e BRI Cityscapes iE % %] Dark
Zurich T R B , SR 5 55 76 Dark Zurich [ K4
B b BB R Dark Zurich 5 5O B9 Db bR % 1
EEE HTUISBGT R, b, DANNet K H
VA ST o B A5 R A T RS R
2% A > FIAS R EOR AR . RS A 1R
(] BEAY G T — B0, L3 S350 9 28 X601 B
B TR S e S TR A AT L A
Wir i SO 245 S 2ok F R BGA 2 H bR, /NI ARy
PRUEsE A O T Rbax g 22, A T AR EOR A
M o

TEAR GE3GE W )5 2 A, FEA B s Y 7

BT — AT AR S5, BTG IR AR UL SE 1R
[B) 5 B X ik — JT ™ 4% /9 i1 %, CIConv (color
invariant convolution ) ( Lengyel 55 , 2021 ) % Kubelka-
Munk F i 1) R BAHY , #E F H —Fh ISR $2 B0
HEANAR FAF 10 31 A 25 , e 12 O BN AR I 1
TR AR M4, —BBffF oy T ARG TR
& 1% 4% % (Jenicek I Chum, 2019) 7 i) 1% J& 14 i1
(Wang %5 ,2021a) It B8 EML VT BL (Song 45, 2021)
AT 5%

YT Y R S R, — S W A E R
% (Yang 55, 2017) A< A R T B 42 00 A Ao D0 &5
Ao Chen % A (2018b) R 45 KA T Bl iy
R A% , 38 1 $2 B — - J8l0E B Y Faster-RCNN 5 1
K v R IX — [A) f . Shan %5 A (2019) 42 1 1 i
Cycle-GAN HEZRAE UL B AFRIEF A THR B 1 1 55
St DRI 25 ) S i R — 7 s AT A e B
fi# o Halder % A (2019) 42 1 T —> e Ty #L v L 11y
IR St gk Uy HIRESR  $2 7t T i K17 5%
(35 S EIVERE . Qian 28 A (20214 H T —A 28K
A LRI R 2%, I O A A A (E S ARG
B, SRR PR A A5 SR ) DX SR 1 5 7 — i, 75
BB E2SEOp alll
1.3 ELFETMRIERSEREHEITE

AR, Ok B MR T IR L T %S Y
SN AL o 5 PR I ) 11 AR, BV 2 v R i 2
PRt 0 [ BFHR TR AL o0 BT AR RS 11 37 S5 2R A 1
RE, A2 1 5 T 0 IR 5 ML 0L 5 R 75
SR AENS [R] B B3 o Sun 28 A (2019) $2 1Y T — ANk
B AR v] LS A A 3 T RUR Y =
JRM B TR N . Yu %5 A (2022) BRI AN
BLER T AT 55 B AR BE , o0 b T R AT 55 F B9 X eIk
i, XPAS [ G) Ay e b et FH 45 Rl 27 B A 2B
Sl 1Y 45 R 7 vE AT 4 T B S UEPEAY o Zhang 55 A
(2022) [m] i} fiff e 1 T 3 5 A 43 HIR 25 I AR 5%
IEHIF R T —A 1SRG P 28 FL I Rl 9 2% 53
SELG T SUE B Z L EIME B 4518 o R 25
AT A E AR

2 ER#HRIE

2.1 EFHIFETURERZTA
INAIFFE & % TR0 o B ik IR AT 1 38 A
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WFFE . AT TRl AL e HHE 5 e o e A e 03 12
DA RGOR 25 2 Bk 1 307 1) A 24 Tl R S B A
SR EOR I e Jm AT [ N AMITSE B 1 43 B HL 3R
54k,

2. 1.1 ASEEE SRR B A

N T SR b i R LS A S ) AR (R S TR
() Wang 5 A (2021b) fEFE BB T TIA T — AR B
IR R, ENZ5 5 RO A AR B e, f i
PR 2 28 M ) IR A AR, A S5 ROR | TSR A M P AT
JPEG 4555 a8 7% J& 1 & iiad F rh i DL AR B8 A
EBRINRE . AR T ARG T Tt
AR IR P ARG R, B X 3 — R L, I RV Tl R 2
[ Cao 55 N (2023) i 1 & 27 > 114 1 e Mg 7
B, TS LAY AR R v I P IS AT S R T
— o Y #E 51 5 19 1S0 (International Organization
for Standardization ) FH JC M G 7 i, S T —A>
I T bR o AL AR B (1) HE 22 R AE CMOS (Complemen-
tary Metal Oxide Semiconductor) A ¥l & 7% f1f) M 75
Rt

X T A A R BT, H AR ) A R e S
RS py KR T BA (Ren 55, 2019a) 41 1, 12045
RIS T 2 M 52 008, BAR Y

R=B+S (8)
Hof, RACEFE R &R, BAS 43 AR 3145 57 2 0
FHJZ .

T s Hh SR 19 Hu 25 A (2019) i — D AR5 7R
RGOS RS B R R JE il T —FhiE
G| AR, ARBILEE B AL i AR ) T DA B TR
FEARAk, 55 LU TR S I Jd e JO P 3 2 e b ) W A,
)]

R=(1-S-F)OB+S+FOA (9)
L FRRESFE.

LT T R SO 22 VO B A R USSR
KB Wang 25 N (2020) $2 1 5 4 BB 2, i
Ao R A0 55 A A5 i A TR FE BT AU R SRR
HAR Ny

R=(T+T)OB+[1-(T+T)OA  (10)
A, TANT, 3 SRR R AN 5 i AL 14
2.1.2 LGRS G i

[ PN 27 24 [A) B L T Retinex 5 B EF X 1E % 45
SR AL R I TR, ERR R R B AR
WFFE IR Guo 55 A (2017) 4 i 38 3 75 RGB =i i

Hh o3 ) S R R R AR R 2 A A T B — MR R D
HE A, T 04 ' BE P38 o — A5 4 SE 56 1 24 o
AR AL, AR B ARG, 456 LG,
HEATEE 50 IR il , X8 6 BR R AT [T o AR 0
Ay AR e, B 15 B R A IR AE R . TR
) Fu %8 N (2016) £ 1 T — AN AR A5 43 155 81 [m]
A T S5 FDGRR % 5 788 SRIE (simultaneous
Fu % A
(2016) A g X B0 48 T v A AR GF I ROR, | IRt 46
B X (R R ] T — A AL 722 S B AR
TRHEAF A FRAE . XS RAEBE A S E W A5, L
AT AR RN . BTG ACAY  SRIE BE
f T b PR A5 B SRT Th B A Y, TR 3G 5RO B [ il
A DL — 8 B B AR S o FESR P, Fu %8 A
(2016)RHI T 32 M/ MU S

1R GE Ry 2 M T A T R Ge i T Tkt
JEI AR S T R R . & IR % 1Y Kang
A5 N (2012) i1 57 St > VR it 2 9o T K 1 45 73
fiff AN [R] (0 28 B 4, SR J5 T T Y TR . RS
BIRER T IEUGR i (Fu 55 ,2011) B4 241 11 )4k
Jel (Chen 45, 2014) HY Z T3S . Kang % A (2012)
I RR 9 09 77 1) 6 B B 7 ] (histogram of oriented
gradient, HOG ) FHAIE , 15 UG (0 WT FRIE R AR 43 64T
. TEMZ G, 6 T8 [ 57 i AR K2 1 Chen 1 Hsu
(2013) 1 % 1 —Fh ) SCIR B AR B ok 2 B 15 B9
o 2K, 4R K228 Chang %5 A (2017) F)
FRARTR G S i A5 50 DARR K [BIG k&2 JC R [B144
AU SO Zha 55 N (2017) 32— 45 3 F
KU S50 B9 HK & DA AEZE , T DA K 5 b 25 B

reflectance and illumination estimation) o

2.1.3 BT IR S S e 1 i

Bl N 2 7 )RR A B TR B 27 S AR M i 25 7 55t
WL 58 1 SR o b U S AR K4 B9 Ly 25 A
(2018) & Hh T — /> 3m 3] I (4 22 73 32 5 W) 4%
MBLLEN (multi-branch low-light enhancement net-
work ), 725 T 18 St R AR 2 BB B | 8 R AR S
PR IR RO R IE 2R , B 1A' R 2 10 1
BE . P E R BEAE S TR AE ST U A Ren % A
(2019b) BT T —A™ B 52 4% Ay i 281) i IO 285, G, 936 1] T
L4 PN 25 1 SR P S R e — R R 25 I 2 0 T 1 1R
GGG 2% . 5 Z 2R, Z OGRS M
#% TBEFN (two-branch exposure-fusion network) (Lu



$29% /68 /2024 £6 A

X, BXHE, FEHR, ', KRB
T Hm TR RN S EERA

1 Zhang, 2021) 7E A 73 3 ki 1 — A1 7% e 8L
MR RT LIAG B PSR 25 R . B e, SR ] — R ] A
RS- IR DX P i PR R AT Rl DR ad i 4 Ak B 0T
XSGR BE— DA . AL, T I 2% Bk 2 I 4%
I fi 4 73 (Laplacian pyramid) 4 H T %
RIG 00 o 3K 2077 100 1k R P A 28] S O 248 45 1 A5 2%
M2 SRR IE R

FI 9 i 45 A I 28 S5 A FE AR BT 55 1 ol = T fi
BePE . AP B K2 Y Shen 55 A (2017) F1] FH IR
LRI LA 2 R Retinex 5055 TP iy A%, $2 11
T — MK HE 1 55 X 2% MSR-net (multi-scale retinex
convolutional neural network) . Shen %5 A (2017) A
Ny, 2 M 22 RO AL I A 5 T 12 AT LR ORI v S
GIRZS 1 x 1 EBEAEWA S, T4 i iacE
AT DA > (0 TR o 28 D 284 1) A5 RS VR A 8 24K
(s T B B . MSR-net 1 58X A B H#E T 2 R
JE AR R AR RN SRS G20 EARMN S | S5 A T
. MSR-net AR JEHE T 2 U Retinex 57.1%
(RS 5 7 ¥ AHJ IR 38 0 20 A AR ARG R %]
BT . [FRESET Retinex FEIE , b 50 K21
Wei 55 A (2018) J T 7E#k = Retinex 43 FLIE Y 5%
PE T INGREESE M2, B3t 1 T 1ioxt R B S AR ] |
RS [RIMBA A — 36 38 1) T M 27 2] SRl . b,
Wei % N (2018) 4745 1 —ZH W0 ) 1E O B —1R0G
MBS . X P45 G Retinex IS IR 2% )
MESRATTAE T — RANBAY . O TR, KRR
A Li 55N (2018a) $2 i 1 —Fh I TG B 1A 50
5 AR G M 2% LightenNet, & R 4 )2, IMKE R
ERAE R A SR e Al HOG IR, 3 25T Retinex
e, B A R ER DO B B3 21 5 K118 . Zhang
N (2019) BT T — L35 34> 7 W 45 1 KinD 5
B, o TR o0 RN RS R, 2R,
V7 m a 22 RUBE 5 VR R ek 1 KinD 940
ek B, XA 2 A B A KinD++ (Zhang 2%
2021b),

TEZEFH T, R EFOR R Fufs A (2017)
i tE TR EE AN YT N 2%, A AIF 5 AN 22 U R R T
(Zhang A1 Patel, 2018 ) W % 7 T~ R i 2 & . X W i
KA FE AR A HE T BT R R R . btk
Yang 55 A (2017) # Hi FH 38 42 25 9 B 36 1 242 %0
#% (recurrent neural network , RNN) 2844 .+ [l K2
Li 58 A (2018b) IMA T B R SCRG M % . dbst Ko7

Liu %5 A (2018) 31 1 JAR-Net 8 | & 4 T4 43
AT P A R, I ZRIE Tl K% Ren
S5 N (2019a) TR EXARER LTI 25 B4 T —A>
17 17 P 228 U1 Joe 4 22 R 45
2.2 EGHETHREBERA

Bl PR AT 5038 X T 2 TR B 2 > B R ) 5
Y s S PR AT T BN IRARIBTSE

BEXIOE B3 57 T 04 JC M B el AT 55, 1 i
538 K21 Cui 55 A (2021) 42 ) MAET (multitask
auto encoding transformation ) , ¥ #HHL A4+ A 5L
AF 2D Rl DR RAW 5 31 RGB B (1) 725 46t
5 Wy PRI 0 e ] 23 A R o7 ) AL, AR fE
O MR P B B EURRIE . BRI S, MAET 4E
A B G AE 5 Ab B i B2 (image signal processing,
ISP) A S B0 A R, I M IE 3 6 IR Y RGB
R0 2, 35 S 1) ISP o AR A RAW Jal iy 2 4 o Jo
R A ARG RGB B . BEARLYI R, MAET
KT 2 AR5 IR, BITE O AL Wy A AL 55 /Y
[ IR, ESRAGE Y Aol P 5 e o 1 FH ) 28, LA )
JCHRAR DG HAE B2 T e 45 o Sl 1 RES M 55
FRIE R B2 228, MAET SR ] 1 IEAS P14k 0 1k 29
WORHIE , e RAAS TR 55 i 1 i) DD 48 22 ) f) TE S8
MAET HEZR AT DL 32 M W FH T 4% 28 H A A ) 55 72
BOIRIGE BRI PERESR T

FEXMEOE IR 57 N R B AEA AT R4 55, ALt
REAE) Luo 55 A (2023) #y i T — 9 S R A Y
PR 22 T AR AR LI die /N — B RRE R . TR IR 2 T
%0y g A WA R A T S A )
I R A R AR R f D, LR R B
TEASE R b, 1207 1% 08 i de R AL A 3 R Y
FEAEARALE | LASE S R 7

X T ERFMT W EHERAN, &R R)
Huang 55 A (2021) $& H T — X5 2%, A 46—
ARG T AN — RS TR o XA 2% AT LGE a2
A ] DL SR AT 55 A A ARAS AT 55 1T 24 55 5 )
W2, AT B A2 AR A I 2% o T N R Y
Zheng 55 A\ (2022) 42 i 1185 5| 332 H. /M 2% 1% ™
25l it = BB M 7 5 T SID A ok Z (6]
M FE 5 38 ., RIVHLIG 25 /T (38 SUfF BRI 3R L1 &
ZEI 3B, A9 B T A RN IR R TR Lo H
R
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2.3 BEHETURBENSERHEITE

TE [r] 490 5 %R 5 B e 1 P Tl 158, N B B
HMWPAT T — R JE 5 K% Guo 5 A
(2020) #2 th TAESF IR SR, it T — AN i
SORS A AR 5% 22 W0 268 FIORT AT 79 9 B v SRR 5 1)
SR VR 1 25T I 2%, AT LGB 2 R A 435
S5 AR R A Li 5N (2022) 38 5t — 4> 1
By A EmE A T g, AT E
AR 3 FIAE 55, X FHE S8 SOV I S T4 55 AH B
P DT 2 Tt A P fE o IR K % Zheng
S5 N (2022) 1 1125 19 W 48 245 G SRR EE 27 2 [] I
R PR £ TR TN SUArHEIRE DT

WO 1S 9 U7 T, K% B TR 2% Y Lin %A
(202D #2174 H i 80RO B BB 5
M 2% RUAS (retinex—inspired unrolling with architec-
ture search) . %77 L) Retinex LS A LAl , 1y So 2
BT ARG IR PR Y N TR R BG4 4, - A At
FRJETF LI 8 AL B 4540 . BEJS , RUAS jd 2o #if
28 25 R RO R EHR Y Je B 284, DL
DI SECE AT R A ERLTR
S Ma 55 N (2022) W42 H 1 —Ff A I BRI (sellf-
calibrated illumination, SCI) %% M AELE | 5 AE 41 % B 5
AR 2 R RO B 5t SEl b | R0 HL
BRI EIGIG SR . SCIAEZE A% O AE T - — D)
I 0 BB 2 o] e B, SR A R L= L, A7 8 Ak 3
OCHREUER IS8T 55 . 5 B BN PURA ] BEH R Y
AR AT T — A B RCERTR, i
W B 1 45 R SR i) — RS, DA T3 A . it
Hb, SCIHESR i it 7 ST BRI ZRgbi 2k | g o 1 B Ay
T N — M7 S RE T o Gl A T Y IS, B9 AT A
JE7R T SCIHEZEXTAHBLER A 15 B 0 R o M AR X A A
TC o3 M . 3 26 g PR A By W5 v
2 BN T e AR B 7 A M O
SCIHEZRAE ARG HR KA 0 AR (] 1 S 53 31 45 S B
BRI 58 0 A 3 55 v B B i S 8, 0 T8
AR () B 5 T R A v 28 L M B PR i o3 A B R
2.4 ERSMARHEREILE

KWLk, 55T 98 B 5 B — B
AR T T O . FE IS, B R 3 L
S TR E AT BUR b M2 BHA R IR TR 2
28 B TR S G R AR . BB TR 2R 2T 4

ARG D4, [ P R AIF 5 3 70 45 1 5T B 34 o
PR G CEEA Y06 N A pAL R (i
o BT H 2 30 T AR HA PR 1% S
SN B AN B O T L B AR R . [ AN AT
BRTHAEARB R, AR B T F 2 5 h R
R 7 ZE R RO R S A . Y
B BN R I M e 98 B s o T IR R
TR T Ik, 43 1 P A A 2 3 2 [ PR
K

3 AREBERE

SRS s L B B A R e &
J& | FE T X AR 3 B RN R AT S5 e, B 5
PSR AZ B . A, N TR R R R 4o
S B R AT SR T RPLIE SEk i . AT RT
T SORT AR AR & R A 2, S ER N 4 Hst
D SN 5 PR AR B AR T 1]

1) T 7] 52 24 B T S 5 o A T G 020 20% 4 Joi 3 3¢
A, B S S A R AT RE 2 R A 32 3 2 R K 2 G 3
M), A5 2 B4 TR 25 O R sh A5 A8 Ak AR R R B A A
TGRABIIR 33X fiff A A58 50 T B2 Ak BHR JHURN 2 RR AR 1 L
FRIE.  HETRIPREAE T HE 4 A B ST R
Femi s it 5l T R Se g i, xfE D A T
e BIAn , 55 2 BRABE L 7 I 48 HEZ rp ik
AT WE—TF 52, BARTEW 5 KBRS L
FEIH RAFRCR B IC LIS T PR LR
GHAMAT S5 . TF R RBAE - FE I 2 i I 425 3T 1) /5
B TR 7 % R UG oo SR L I A 55

2) T [ AT R WHAT S5 . B 4 1 b B A
LAY (048 AR T AT 5515 8. B4 B bRl s o3
A RS S IR A FUYI 25 0 AT S5 A AU 4 e A i3]
XA BAT 55 B AT Rt . SR, ZEBSE I F v
FURAE SR EMELAMER AR I, BLAk , 2807 R R
FHRA BRI BT U S5 , IR AL EHT
W TS5 . Mo — PR AR ZEE I E AW T
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