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Low Light Image Adaptive Enhancement Algorithm Based on Retinex Theory

ZHENG Dichen' , HE Jikai' , LIU Yi* ,GAO Fan' and ZHANG Dengyin®
1 School of Communication and Information Engineering, Nanjing University of Posts and Telecommunications, Nanjing 210003, China

2 School of Internet of Things, Nanjing University of Posts and Telecommunications, Nanjing 210003, China

Abstract Images in real-world environments are often shot under sub-optimal lighting conditions, resulting in insufficient bright-
ness and poor visual experience. Existing low-light image enhancement methods are often complex in structure and focus on im-
proving the visibility of dark areas,but may over-enhance the bright areas of the image and amplify hidden noise. Most methods
based on Retinex theory have problems such as excessive noise,loss of details and color distortion, which affect the visual quality
of the enhancement results. In order to solve this problem.this paper proposes a low-light image adaptive enhancement algorithm
based on Retinex theory,which aims to effectively improve the brightness of the image while restoring the image truly and natu-
rally. Firstly, the low-light image is passed through the projection module to remove noise that is not suitable for Retinex decom-
position. Secondly, the decomposition network decomposes the image into an illumination component and a reflection component.
Finally, the illumination component is adjusted through an adaptive iterative curve and multiplied with the reflection component to
obtain an enhanced image. Experimental results show that compared with other mainstream algorithms, the proposed algorithm
has obvious advantages in objective evaluation indicators,especially PSNR and SSIM: tests on the LOL dataset show that PSNR
and SSIM reach 19. 98dB and 0. 76, respectively, which are 4. 9% and 4. 1% higher than the suboptimal algorithm;tests on the
LSRW dataset show that PSNR and SSIM reach 18. 94dB and 0. 58 , respectively, which are 1. 5% and 7. 4% higher than the sub-
optimal algorithm. On both of the referenced dataset and the non-reference dataset,the brightness of the enhanced image obtained
by the proposed algorithm is significantly improved, the colors are more realistic and natural,and the subjective visual effect is
better.

Keywords Image enhancement, Low-light, Retinex,Iterative enhancement,Deep learning

FIF5 H 11 .2024-08-09 iR H 1] .2024-10-13

HHTH F KA AR S (61872423)

This work was supported by the National Natural Science Foundation of China(61872423).
15 VE T BE4R (shangdy @njupt. edu. cn)



169

U L AF  FE T Retinex RIS A9 (K B8 BE % B 15 b7 39 5 5%
1 51§
TR A ABARNIEL T . Z B AR DL MAERY

SRR 1SO /N g i i) J87 55 B AR BR ] 5 iy, 23k 1%
TRAR MG T AL L R R AE Ak X L B A L 3 6 R B O A%
HEEE PG . AV R PR S AL IR AR T R 1 R I o 3 5 )
T E AR R A R SOy 15 AR R Sk S AT:
55 (4P RE PRIt o) AT R LR A T SR LA R M AR 8 X
N1
%éj‘fﬁ%iﬁ%ﬂvwﬁ*-#*ﬁ?ﬁﬁ@ﬁmﬂb”ﬂé
R R 00 58 B AL B 59 — 25 5] A Retinex B0 4 g A
g ﬂ&m}\*xﬁlﬁﬂﬁ@1%7/}%jvﬂﬁr“l’§l$ufiﬂf@ I B e
J G 3R 11 2y 45 90 161 9 0 0t L . 15 46 0 16 38 A JR R
P B0 B ST T AR S BT B R AR L o DL 3 B
W, LA B R 2 S AR AR ST I TR )
14 fif R T 8 L % 0 o T LB R R b A 3 B
Lore 25000 $8 Hy — il P81 45 Xt L &7 334 500 1 25 Mk 4 Mk 5 i i 25 1R
FI 3 4 A% 25 78 UK L JF B T I R R T A G R TR B 2 ) R R O R
B 563 . RetinexNet' ™ ¥ Retinex it 5 CNN 454 kAl H-Fn
e HERE Pl D S B PR A 5 A 5 17 TR Ay I S Tl RO
W B T (1) DecomNet £ 3, DL K i #% 18 JF 18] 5 341K O 36 5
i) EnhanceNet # 5k , 3 ] i BM3D #4717 £ B 4L ¥, Zhang
U 3 AT W 4 AT B JE 43 R GT R 2R R A
B FRh KinD, J5 22 R 2 RO % BE R B ) 45 B 28 M 45 SR
Y L SE B [ L BR O KinD+ + 7, RUAS! #] il Retinex
OB PEAT 22 4 B A I R L A5 A e AR TR B R B R
P Joc B . RetinexDIPM 38 3 B AL SR #F (19 11 18 75 28 1
A B S5 4 R BE BE 43 i1, A Retinex 55 %Y SR 3% 53
I BB 1% . R2Rnet'™ R 4 Retinex ¥ ¢ 4% i 4 15 15 5
23 () 5 BB X Lo BE L O B 1 00 O ool 2 96 4 ORI A L 18
AN,
IR 2% K £ HE T Retinex MG H R R4, 5 —K BA
PR T 2k ) 3 F il 2R Al T AR 88 B R . Zhang 451
P — R R 58 2 19 ExCNet, 38 i Al 7 508 A 75 06 #1145
BROGCAY S M 27 ok R B R e BE . Guo YR T Zero-
DCE A5 , 48 5 38 8 40 by — 0 1 % 1l 45 A iy 22 48 34T 55 8%
R G AE SR i A I 7= A e B R A i . Zho 55D 4R
Hy— Bl = 40 32 % AR 28 0 4% RRDNet, 3 i 2 28 9 B 75 35030
K F IR E A R MR, SGZI R T — i X5
S I AU LB 9 0 46 L E 4R RS ST Y IR B OR B T O A
K. Sel-DACE ™ 3T T 3 8 i1 18 58 i 48 , 76 Ab B & 2% O R
PREE T 1 P Ik s R Uel b ok JEE RO B 52 O3 0o 2% R 0 24 0 ok
B P G I
#E Retinex FIfs A28 Al 12 41, Jiang 250 42 H — Pl 3k
F GAN AY G B 5 4 38 9 45 EnlightenGAN, R 7 & 1 5
T U-Net™ R A pli# , Il FH 4 R - Jm) 308 20 5010 25 1 £ 1 i
BRI N B9, SCIFY 51T — Pl 1 45 o I A HE 42, 32 HE 42

) FH LA AL R e T Y I 2 b 2 o) B g e AR . TATC
$2 T — B T MR Y I R [ R 35 A BRI & W Trans-
5 ) A AL AR ML 52 1 [l AL 3L O L R R R
MBS ROk 3 B 4R TR 52 B . CDANSS R T 46 F1L % 4R
EBENBIFMEZMBEEAREHKE TANEL.
Diffusion™ $## i — F 5 T4 H (9 7T 2% > JC Mo B HE 8, % Ret-
inex FL I 5§ WU BYAR &5 & Ok 2 2 K TA) b 5% R G IR B 1R
BRI WK/ S-S ALK SR EREE N 1 AR $i:
Tl %k . CoLIEMY AR 4R JRy 38 b T S0 A% IR B2 R iy — 4t
A o e S5F ) 3 1R B S ok B HT A SCHE R AL A O AL B
2 R R A I AR B IR I AR 7E HSV &5 [A] 7 3 4 4 o)
Je % . FMR-Net') $2 H ] 1IC B8 B2 &) 4% 46 5 1Y bR okl &2
RUBE 5% 2 0 45 5 1o B 0 4 Ak 14 B 22 B R R O 4 S 4 R R
T 5E I AT AR R PR A% 4 38 L 5 A 4R T T R A0 S A
Xt b

U AT 1 I P A4 3 e R IRUAS TR P RR 1
VS FEAE— S [n) B, JE T Retinex BS54 45 4
529 T ARRE J1 25 B T Al LR A T A0 S A R A B R R R JE
T P T PR R M 7 At 5 0k L A A ) R 2R A
IR, M, ARSI T — Bl i T Retinex JH I8 (19 1% IR B2 &
4 F 3 N3 45 RAIC, 22 5Tk 45 -

DT —Ff 3 T Retinex B¢ 9 1% B8 52 814 4 fi 9
2 0 25 A Hh 26 B % 22 3 B R T R ) A TR B Ak s
LR s [ A 1A 48 5 BT TSR B B AN T 24 1) M 7, 0 0 T 45 s
i S

)BT —FOR A I R 3% 1 2 0 1Y 5 0 25 f R R TR
JE 53 e o 45 A T M (5 S 0 91 0% R A I 46 i T T
G5 AT G T IR R R I SR AT 55 — 3 2R T
] /&

DIEELAN TS BB ERA S B E T T8,
BUE T RAIC iz Ak BE )1 . I B R R B 5 (AR e E S
FWVE R A R W AL

former 4

Lighten-

2  E T Retinex I it YK BB Z B & B & 5z 1858 W 4%
AV T —F 3 T Retinex B¢ A9 % B BI% H & N

BASR I % RAIC, HHE R gty a1 1 BRI 2k ad 72 4y P Y
B AT 55— 9 By 8 9 4% A 5 BUE LB Projection Module
(PMD) R B 43 BB B Tllumination Module (LM) F1 Jz 8 43 &
B Reflectance Module(RMD ; 55 [ BE 1S 58 9 45 , A 55 4 3
A F 3 BAL . Adjustment Factor Extraction Module(AFEM)
1A IE 3% A M 28 Adaptive Tteration Curve (AIC), 45—y
B o) FH R ol A T UK R P44 %o I 2 o it D0 5%, I 2 5
S J3 S T 24 T L, p AU R R R4 A5 50 1B B Ay Bk R R S )
55 B Bl AT 5 — B B dar A B 11 R OBE MR X A 4T B —
36 o M 25 5 B I o A B4 A fi A 4% 15 30 IR RE 4 i R R A
grat, MBS e B SR N AT RS 5 RO - B T R
A3 , 15 31 Joe 4 1 1 5 LR



170

Com puter Science THEHLELZ: Vol. 52,No. 10, Oct. 2025

Reflectance
Module

BB R2 }

Sigmoid

[ Conv+ReLU |
[ Lonw'ReLU ]
[ Convd&eLU |
[ Lonv+§{eLU |

Conv+ReLU
Conv+ReLU
Conv+ReLU
Conv+ReLU

BENEL |

Al
z
=
@
na
e
2
1)
&

BENEL2

i

A,M'{' B II

‘ IAI(( ’“’“) ‘

[ Conv+ReLU |
¥

[ Conv+ReLU |
L]

[ Conv+ReLU |

\ Conv+ReLU |

L= AIC(I‘;Ag“-‘ﬂ"}) ‘

DSConv+ReLU
DSConv+ReLU
DSConv+ReLU
DSConv+RelLU

DSConv+ReLU

DSConv+ReLU

DSConv+tanh

:l

+ 0
=3
St
©z
x 8
o)

Pooling

1, A1(

s uvII

Global Average

) | fasen]

1
Fig. 1

2.1 SEMY%
AR SCBE T 1 43 A7 190 46 5 2o g 2 EORE 43 BERT IR LM 0 R S
R RM KT Retinex BlS 0 AL B E B, LM =
B 3 X3 WB R AL, 5T 4 B2 M ReLU ¥4 1 o
BB 5 NEBUZAE L S LM A RS PEAT 5% 22 5 45 L L
U0 B BE T O R = P48 P RE . MR AR Retinex ¥R RIX R,
G.B 3 A~ Bt 38 0 H A A W BB 3 i, 00 LM AT 28 6 A
BRRR L S5 R r By 1. LM LU Sigmoid 2 4E
HEEH Kk th ARk B [0, 1], RM 455 LM 264, R
SRR 5 A BUZ M0 2% A 3 & 7 BB (Channel At-
tention Module, CAM) . - 5%t A RM 1) R 347 5% 22 7% 42
LH35’|‘ RM %ty 25 R A @ B8l 3, 5 AR —2.

EERE IR 2 R E B A~ 1X 1 B
ff’é}ﬁ&i,(&ﬁ:_éﬁrgiﬁk&%ﬁr%‘l,ﬁ ‘ﬁ%u/\%%m&_m%iﬁ
e, S A A B ME B aCHL .

FEHET Retinex FIG X BRI 1T 43 ik B 38 5 R 23 %5 JE g
P B RS BR AIK BR B BSOS R A T S B R, R
TR IR BE 0% o o Hb i R, 32 Fu ST R & L AR SCBIAT
AT PM K i e 1) 1% R B G 5 46 R 38 5 40 i (4R 5
R HE5 5 LM 28, R R @ EHCY 3. PM WIEH
AT DL 15 25 T A IC Y A R SR AR R, 43 LR 1 B B eR ART
PLRR R

argl Ir?nin | 1—L

R—¢| =argmin|| I—i+i—L+ R—¢|l
1.R

<||I—i—el +arg minll i—
1.R

LRI D
Horp, T RREIR IR R, i R MR e Rom i S
R AR 22 L AR 43 3 327 43 A A5 310 1Y B BE 43 42k 0

ghorat. msCCORA, 23 i il B 2 2 B 0 TR SRR HY 18 22
BRI L T PMOGE AR BEAT $5 52 TIUAL 2 K5 50 25 M2 ik B B 5%
B T H B B Tﬁéhﬁ% Y n BG5S UG AR v B2 AR Bl A
R R 1 AN TG AT E AR BRECE AT BARES T
Retinex 43 ff# T 55 @ZQAEHTJ?Q‘WEEHET“IEH% B E B A
TR E R R N R TE B L R R R O B2 0 A

RAIC [ 25 &5
Network architecture of RAIC

& BIAR R ARDBU/ N L TR 5 5 52 PG R UG P 150 2 30T
I 2 TR AR R BE PR A 45 5 T4k 2
Fig. 2 Projection preprocessing of original low-light images

2.2 ESRM %

A SCBET 0 1R I 2% 5 L R R T Ay i S IR R R A
GG B 1 5 SRR B R AN T AR A T R R

PERBL e AFEM #1338 A7 2 4R i 26 AIC Sk SE 334 5 H Ar .
AFEM 20 T 3k BUE & /9 J= 38 B8 {5 8 3% 90 s T ok DI fit
AIC 17 A& M % . AFEM 2 — B H B BR & 3 102% U-

Net £544 T AR FRAT 28I/ 89 a0 A TR H A8 BRERAT by %8 2
Al 4 AR ReLU sR AL L. R J5 — %6 BLUGE I

anhﬁéﬁzﬁ%@iﬁ%ﬂ% PR R T RIS R SRR A TR

HRINE AICVEN —RW %I S, 55 BE S = ER
Eibij;&o

B3 B % AR 2 ALC B i R AR DA T AR R
B IE T B BRSNS PR B 5 2) o T T R 45 I A%
T, RN TR HOAT . ATC AT K R R AR N

L) =1, () +A, ()T () — 1, () (2)
Hor, A, (o)~ AFEM #2041, 5 % A BRI Kb
P4 —3L 1 () Fn AIC 5 GnG R EA R M E %, 1, (o)
FoR AIC 5 n—1 Wk R TR EIE .

B3 JoR T F s I %Al 26 8 R R R 5 B O T A R0
PERZ M . o EURAR AT IH — L) . 24 0R 5 R P i
— 1 B X BRI AR B R T B, 45 2 R IR AR RE 68
0 B T I DX A A R 2 R IR B O B X T A R
B AR R 0 B TR W, AT DA G g A X e kB IR O
B i 5 AFEM 35 BB (7] Ja) 38 1) I8 3% B 7, 52 3004 () B
W5 DX 1 3 N4 R L AT LA 4R T TG R R S B Y D o 2
Jai R TR R A B A [



A5 T Retinex B 4 (1% B8 RE PRIIR B 3& 1oy 489 568 55 vk

171

L(2)=1, 1(2)*+ An (D)2 (2)-124(2)

10

09
08
07
~ 06
5
~ 05
~ — A (2)=-08
04 — A,(2)=-05
03 An(2)=-02
— An(2)=0
02 An(2)=02
01 An(2)=05
Z T Aa(2)708
07 08 09 10

0
0 01 02 03 04 05 06
I,4(2)

P 3 AN IR] IR 4 TR 7 1Y 1 3 Dk R £

Fig.3 AIC with different adjustment factors

2.3 MKREH

2.3.1 H—MEHR DK

B — B B3 Ak R 265 e B R BT L L ST — BOdE 4 2k
Le #1 Retinex 564 29 AR B R e L o 05 16 BEUEE P8 00 il by
T B8 7k A0 B

D#EEHK Ly A BRI T PM KR 22 5 By B
R BN BY By B NI B BR AN 16 Y BB, 1T DAFROR O

Le=11—il} (3

2) S — BB % Lo : Retinex B8 5 15 1% B8 EE 4% %)
T2 W B W B Pk, IR G Le AT DA 90 4% 50 30 A 8] 60 52 S5
S A LLRR R .

Le=|Ri—R, I} (4)
Hoo Ry Al R, 271K IR GO 1 5 5

3)Retinex Joi AW 2k Ly .30 (5) 1, 45 — 0 A28 — 100
HRAE Retinex B KH8 T 9 45 43 » 55 — T00 0 R 53 ¢ I 19 4%
B R T A R 0 Bk, R AR A5 B R Ay S AR R
Retinex Bt #4770 R M BR 1S 2 & 5T /0 1ok 18 5 RM 70 . )5
98 T S R 4 e i ST 1 AR G Ak Y SE

Le=lReL—ill}+ |R—i/L| 4+ | L—L, | i+

I v, (5)
Hrp Lo FRoRMREE 52 9 ta kit @ 718 R, G, B E 1
WKAEI, VERK - IE B,

B — B B R BB AR wo o s wp IIALRIR N -

Luges =wo Lp T Le+wy Lg (6)
2.3.2 HoMERE SR

W B R R 4% i A L100)| SSIMEY 5 k| B 6 i
R Lot s LA BB TR Z AR B0 5 BE AR5 Ly M 25 H
PTGy oF T 2 HE R 43 B - B g 184 3 PRI 00 LB 5OR

DBUOARR Lo 8 T 48 5 W 2% VT BE 3% 5% KR S % J
1§ 2Z 18] /Y B (6 f5 2. . SR A iR AR AL B R Al it P MR R Z | Y
I S AR 25 5 AT LAROR

La=1= % (Eq; Hap) @
SO B, A Ho, Fem R QR 55 RS ¢ 15 )
RF oD FRRPA 1) & B R 5Z AL .

2) ST Ly - 38 38 BRO 225 R N % 2 A A3 R Y
SPGB, Zhang S YE MBI T R R LK R T DL SR
TRH

Li=1— 3 3 (b(Ei,)—min(b(Ei )

cER.G.Bi=1,j=1

O(HG.;,) —min(b(H¢.;,))) (8)

Hoh, e £R 3 ABEEIE 0 (Eq ) M b(He ) Fom g £
Eq.p M Hep A omg g,

DEEF IR Lo, - 2519 5 B 38 F i H M 327K, Zhang
SEDSTR AR BE AR Lo P 52 BEAS B, /0 T W 5t A op
JBE 4% 1 A b 5 50 A R T, T DR R R

Lan=1— % 3 (W(VE.,)—min(b(VE., ).

c€ER.G.Bi=1.j=1

O(VH{.;,) —min(b(VH{ . ;,))) €D
5 I B AR AT s s 0 s IIALERR O
Lsmgez =L+ Lssiv T s Lo F i Ly F w5 L (10)

3 EBWERKRSN

3.1 XWMRBERHIESE

A3 A RAIC 7£ 45 2 NVIDIA GTX 1660Ti GPU Al
Intel™® Xeon™ Silver 4114 CPU MR 55 #% I fi | PyTorch #E
BEAT ISR, YIZh T P ACHR U 8E B LOL™ #0448 A SICE™
ByEde . LOL Bl 4 B W AE B 50 3 S 48 AL & (ROL R iE
HOCHX B4 SICE Bl RS E WM E SN 5 T £ 8
HeEMG T3, BEA P S04 3 5] 18 FkAS [R] MR K B (9 A% X b
E 1%, BEMLEEBL LOL 1 SICE Il 4: 4 vh 1E % IO i =% 1/
G AU R Y W EAS JE BX 57 R4 19 1200 3KAIC IR B B8k 1
AYNGRAE . 55— B B A 0% BB GO0 BE DL 5y 128 X
128 183 IRttt R/ 8, i R b2+ S 228 1 X 107" 11
Adam AL, 2 AR B & A 300, 151 2% bR AL O 100, 1,
1, 5B Bl gpdit i KNy 8, (i )t 2 > R 1X 10
W) Adam PEALEE , AR B B 300, 1K B E N 1,

T B UE RAIC M4 B8, AR SCTE & 2 % A JF 8 i 4R
DICMP® , LIMER" , MEF®$), NPEP®! il 5 & %/ I ¥ 4 4
LOL Al LSRW™) [ A7 I35, 37 A AE Hk be 55 A0 2 2 AR i
T AT 5397

AR SCRF HG I 30T 4F R ) 32 9 5595 A2 45 - RetinexNet'™ , Zero-
DCE'", RUAS", EnlightenGAN!®, SCI*, PairLIE®",
R2Rnet'?’, Sel-DACE""!,
3.2 ZWIFHRERIER
3.2.1 RAFXHREETLR

A HE DICM, LIME, MEF, NPE ¥4 4 | % RAIC A0
At 32 0 S AT IR, Hh Tk S B AR AN A A IR R R
PR 3 A 32 WP 4 A AT R T 43 BT R E AT

ARSCHAE T 6 A7 MR N B X 45 53 vk 1 3% i 25 SR R AT 4T
Sy SEE 0 3 10 43X R IR 22 B 4F . R 1AM T
25 Tk 3 R B R0 F AT 2315 0, LR RN TR S 4R 43 ) R e
AR LR . RAIC # DICM, MEF.NPE iX 3 544 I
WIS T i RITE4, 7 LIME 3086 48 B 1T ILiT 4. 1
o525 BRI PEA 18 b b, e 8 A 2R BESO%  PE Al NIQE™
Ok Ay e 1K PR R0 38 A 09 R . NIQE 42 BORR I 1B 4% 109
AIE s 3R A 22 6 w8 57 5 00 ke o B3 A T 1144 5 900 50 2 ST A A T
Z I Y 2 S, R R B AR Y S LR B R (B /N U R
R 0] P15 b B2 0T LS AL AR . 3R 2 B T A Sk R 2
i) NIQE #5 b » {4 A0 F K 28 43 50 26 7m f5c 00 R Wk o 45 5L
RAIC 7£ DICM FI LIME ¥4 4 b ¥ HUAS T feflh a5 4, 45 3
IR R B VEBEAR 0. 06, 0. 0855 ¥E NPE #0445 IS Tk
iR iR RS 0. 09 7E MEF #4845 T HRUAS T 58 =19



172

Computer Science THHEHLFIZ  Vol. 52.No. 10, Oct. 2025

S5, 43 5 B R MR B R R AR S UA B R 0. 05,00 124, RE
RAIC B4 18 4 A6 4 A0 ORI p 25 31 1 3 e 47 4R B
TR EE R BRI SR A 0. 032, HL7E WA BURS e it
SERM B - 5 H AR R M 22 15 R KL X R RAIC
B — 8 ARG R B ST A AR B RE T L 9T B A Bl
ZS ],

® 1 HERSHEEE LHITRT L

Table 1 Comparison of scores on non-reference datasets

r ik DICM LIME MEF NPE
RetinexNet 6.92 6.38 6.88 7.26
Zero-DCE 7.55 8.25 7.98 7.40
RUAS 6.12 6.25 6.63 6.55
EnGAN 7.23 7.45 8.02 7.38
SCT 7.43 7.87 7.84 7.18
PairLIE 8.03 7.98 8.22 7.68
R2RNet 7.88 6.97 7.83 7.52
Self-DACE 7.27 7.46 8.05 7.73
RAIC 8. 12 8.07 8. 41 7.82

*®2 EESFHHIEE LK NIQE b5

Table 2 NIQE indicator on non-reference datasets

07 DICM LIME MEF NPE Average

RetinexNet 4.152 3.725 3.881 3.978 3.934
Zero-DCE 3.357 3.556 3.612 3.947 3.618
RUAS 4.107 4.412 4.234 6.928 4.920
EnGAN 3. 405 3.606 3.913 3.951 3.719
SCI 4.893 3.988 3.863 4.762 4.377
PairLIE 3.395 3.575 3.686 3.642 3.575
R2RNet 3.762 3.885 4.619 3.917 4.046
Self-DACE 3.291 3.811 3.865 4.113 3.770

RAIC 3.231 3.471 3.736 3.732 3.543
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Fig.4 Test results on non-reference datasets

3.2.2 HAXBBEFEE

ASCAE LOL Wi 48 b %) RATC FI iy 3 0 55 0k #E 47
DI, I f 1 5 45 5L 3E A7 22 5k 43 AT o 43 AT 46 A A0 6 04 i £ 1k
Fo PSNRUUY | 45 #4 A b1 SSIMEP Y 2 3 J8% % 18] 4% B AH 1
JE LPIPSM'*, PSNR M\ 4 Rl m s B3 5 5 % B &1
g ELFE BE G B O D) AR B BE 8 . SSIM I #E 5% BE L X I
JEE N 25 K A5 R (R g U B A R R T BB A4S . LPIPS i

et U 5 00 VR B 2 0 TR0 Sk T A B 2 R 5 % I B %
Pl 4 2 Tt A0 AR 0L M AR 5 95 3k 0 A
P 5 R T 4 500k 0 B3R 45 SR X LT AL RAIC 76 18 % 42
T AT B T (9 P S JE 1 T SR S T B0 € % 20PN A B
eSO U AR MR D LR RO RLAT

W T R RAIC BYIZ AL E J1 . A S8 76 LSRW $04R 4 I
HEAT TR, 1 6 AT, RAIC 76 4 90 (G 8 e [ J 8% fh



U A FE T Retinex BLIG iYMIR AR EE TR 35 107 184 5 530 1%

173

TR 0 s e BT < B 5 AR AR IR DX IR K A AR X B,
B8RSR AR T H AL Sk E I T oz AR R ) A e e R AT

F 3G T HHEAEH S H IR LI L ik
AN A £ 4 i 3R R B R R Ik OpE 45 2R . RAIC 4 LOL A
LSRW X P~ 3088 4 -3 IS T 5 1) PSNR 48 47 1 SSIM
FehR 4 W3R ) 19. 98dB, 18. 94dB 1 0. 76,0. 58, A% T WAL

BV 19.05dB,18. 67 dB 1 0. 73,0. 54 439 TF T 4.9%,
1.5%M 4.1%.7.4% , 78 LPIPS # 4% b, RAIC 7& M > %k i
£ EY IS T R OL AR 0. 231 Fl 0. 387, H 5 B4R W
0.212F1 0. 367 HZER K., 4G 5. & 6 1R B 5K 5 a4
AL 3 IEM 8 45 T A0, RAIC 76 35 WA 2 W43 B 1 %) L
EM%;H&&E—%%E@E@

-a-- ____u_,

L

----IIE‘“ S

Input Retinex ZDCE RUAS

EnGAN

PairLIE R2RNet SDACE RAIC

B 5 78 LOL Bdi 4R b Ayl e

Fig.5 Test results on LOL dataset
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Table 3 Comparison of evaluation indicators on reference datasets

R LOL # 4 % LSRW # 4 %

i PSNR  SSIM LPIPS PSNR SSIM  LPIPS
RetinexNet — 16.77 ~ 0.46  0.474  16.81  0.38  0.471
ZeroDCE ~ 14.86  0.56  0.335 16.40  0.47  0.367
RUAS 16.40  0.50  0.272 15.73  0.49  0.525
EnGAN 17.48  0.65  0.322 15.93  0.48  0.405
SCI 14.78  0.52  0.343 15.69  0.43  0.399
PairLIE 18.74  0.72  0.243 18.67  0.53  0.437
R2RNet 18.13  0.71  0.286 17.25 0.5 0.396
SelfFDACE ~ 19.05  0.73  0.212 18.53  0.52  0.418

RAIC 19.98  0.76  0.231 18.94 0.58  0.387
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Fig. 7 Comparison results of ablation experiments
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Table 4 Comparison of indicators of ablation experiments
H koL 5 PSNR SSIM LPIPS
wE A 19. 02 0.70 0.283
#*EB 16.37 0.59 0. 404
*E C 11.50 0.55 0.734
#*ED 18.96 0.74 0.237
%EE 17.99 0.72 0.242
%EF 18. 14 0.73 0.245
RAIC 19.98 0.76 0.231
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Fig. 8 Ablation experiment of adjustment factor
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Table 5 Comparison of indicators of ablation experiments on
adjustment factors

R E R PSNR SSIM LPIPS

A, (x)=—0.2 11.34 0.55 0.305
Ay(@)=—0.5  18.85 0.69 0.259

A, (x)=—0.8 14.94 0. 64 0.299

RAIC 19.98 0.76 0.231
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