T CycleGAN RYEScig El {5k 138 4= B

XIMZR, RAE, 1R85, FA

1o B RUHE R R AT R A RE . B Be . IER ) 22 45 fe, g ot 210023;

2. VLOVE SRR A S AR EE TR F0 0, R T 210023

E: 50 7F A s T R% (Cycle Generative Adversarial Network,CycleGAN) 4& 4 —#F L% m it #c 46 &

8 B RA AR, AILBERBIERES T, AEEARBRE T EXR, EHKAURI R T TELHEEK

ZEP, AT, KRBT —#K#tA 6 CycleGAN A, § ARAIKABRBEIERAR. AL, EER

Bt L, BIALRERRAER MR EHREMRR, §EEMIKBERETEH X iR SRR FA.

HRFFBE - REGEEN IR SARKERLE, §AFANIERSIE P XEEEHAELER R hE

FIH Bt b, RA A E-AIAFEX, LML HEES BT GFIAR . REA£MEKHEELT L,

A3 AR K 09 Al b 5 N Bk RAE IR K Ao ) R IR K, 3 — F R £ R BAL 69 L5 AR A B AL E B A, B 5

é’?ﬁ‘#’ﬂﬁﬁ%«'ié’al@%iﬁf’%ﬁ%ﬂéﬁii\%?—%‘iﬁﬁﬁsﬁrtb SFI SR RN, ZAL R KA B B R A BT 0935 5% 2K
R, RBAEREARGERTEAB @Y, ANASHAEHRE, RaTERBRGRE.

KR AT AR % BREE: EHURE; BE-ZHEEN; ERNERL

H[E 5325 TP391

A Low-Light Domain Image Enhancement Model Based on Improved CycleGAN
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Abstract: The conventional Cycle Generative Adversarial Network (Cycle Generative Adversarial
Network,CycleGAN), as an image style transfer model that does not require paired datasets, in the task of low-light
domain image enhancement, there are problems such as the loss of details in the generated images, color distortion,
and poor adaptability in complex scenarios. Based on this, this paper proposes an improved CycleGAN model which
aims to enhance the effect of low - light image enhancement.First, in the design of the generator, a two - stage color
correction module is integrated during the upsampling phase to alleviate the problems of color distortion and quality
degradation in low - light environments. Second, the channel - spatial hybrid attention mechanism is embedded in the
skip connection layer to achieve the adaptive strengthening of key information during the feature fusion process. Then,
in the design of the discriminator, a global - local discrimination mode is adopted, enabling it to take into account the
discrimination ability of both global information and local details. Finally, in the design of the loss function,
perceptual style loss and content loss are introduced on the basis of adversarial loss to further improve the structural
fidelity and visual naturalness of the generated images.Through the subjective and objective experimental evaluations
and comparison with various representative image enhancement models, the experimental results show that this model
has a good enhancement effect on low - light images. It can effectively enhance the overall brightness and local details
of the images without causing color distortion, thus it improves the quality of the generated images.

Key words Cycle Generative Adversarial Network; Image Enhancement; Color Correction; Channel-Spatial
Attention; Convolutional Neural Network



I

TER AR IHESN N, FMGAE R R RS, AR AE BT PR DGR R, UGG 5RA) 2
R TR . BB, BT IR SR brdg s, SRR BRI E, B9 T E 5 i &t 5 it
RETTENAEHEA SIS 2 E ik, BAOCEIRAE T 1 EBUE R &1 5K SR8 — MR AR AR, 7EMIK
FeIRAEE T, B IR AR« XF ECRE PR TR0 A (2 2 B0 1), I AN IS5 7 A0S i,
ST 5 SRAT S5 a0 BRI . R0 BRERIRE R ARECT — M BRI SR AT 55, ROk PG 38 s i 1 o B 2 %
MIPkAR: EAETZ 0, EHE A A R SCEE BE R PME AEHE RE, W7 ST R I [ B S I 1 OR B
A fEOEEM, AREHRAETEBREESMAEREER, HHEEIEGEEAY, 555 REFEImBE R
B, A3 5 MR K B SR B AR, AR, TR S SBR[ PR A fe o RGBS sy ok 1T AR U B 21,
TR P A R 22 I 28 1) 5 15 R e b i 50 v o o) MR VB AERRAE ,  DASEIRNT B2 437 55 1) L B ARAK.

LRI 4 (Convolutional Neural Networks, CNN) #Ef5' H B JZ IRALEFEFREUIHLE], 75 BG4 553 40
WIS, il 2 EERE SRR R RIS, CNN B A BB EUR M S A S, B2
FRFARDCHIR IR M TS S R R 505 &R, ZET CNN [ U-Net [Agnfidas i e g5, Bt Bkik
TSI 2 REFFERLE, ARG T BRI AN I RE ). ST, Al CNN AE SR R0 B o e I %A
NHIBREE e BT U R A S BRI AT A7 1E R PR

AT ZS (Generative Adversarial Network, GAND {E y—Fdd X P 2% > 1 AR sl AR B, FHAR TA%
GBRE M %, EEUGIRATES T, HESTRER AR, BeM ] E R R G R, I FE -1
SR SR BB F AR E. o, CycleGAN (Cycle Generative Adversarial Network,CycleGAN) {1 N—Fh G
BT YN RFEAS (%) BEUG 21 R B R, i e RGBS 5 o] A 3 R L. SR, AR R TG
BRI EUR EFZ I, A — AR Z AL, W EUR AT Bk AR R DL RN 4437 s s LR 7
2, BR&I T AR R R )2 R

N FR ), ASCEEE T R IE TR AR I CycleGAN (G Hs EUG G s AR Y . A SCi 3 B 7L T
PEaR:

1) ARSCRTLL U-Net 2514 A A il 1 X 28 B Al HH R st 87 SR AE R BB B o B B AR T A
Ht (Two-Stage Chromatic Correction Module, TCCM), & 7E 2K IR FE A8 S BN R 8 B 5 iR (L ) . H
W, {EBRIREREZ NN EIE -2 AR A 1E B /155 (Channel-Spatial Hybrid Attention, CSHA) , SZEURFERL&
T AR R DGR B S N 5.

)TEHIN R LAY |-, % CycleGAN HERA T RIS, X4/ R EEIA 2. ARSCRH A R-
SRR AR S, A4 0 4 [ B e 4 R 4 U2 5 SR R A T AU BE J7,  DABR AR R R o i

J)TEF AR KA TS TH, FEXTPUAR R LA b 51 N JB N XA F32 5% R H50R Y 2540 0 R B, DA 5 A o PRI ) 45 4 £
FLIE 53000 AR

RSO BT 4 ) SR AR Y AT A I, I8 AR S B A Ak

1 HxXI{E

ARG GG 538 77 920 T AR L S R B R B =28 R T BT RIE T, 5T Retinex HG 7 VABIA
BEFIREESA S5k S E T TR B R e A, OREGE L RCR. AR e g tRIE LB
SEREIAT R B, (EHR 2 DU gt EEANAR Y AR 1L 2T Retinex BARKIE, @0 BGHS KA
oy R B UGS SR, HA G R R BAL G5, T HAERIGE B L&A, mTRe tH IS 4
TP S A ORI RS,

LR, BEEIREE S S BOR MRS, ARG ENR G 5 U AR UG 1 12 35 ki IR P 2 ST VAR
JesE BRI BB LB 2 F S R IE SR A 55 B 1 IR PERED), Horp DI AR 22 X 2% 9 A% L
DR IR BE S IR 2 7 . R B IR B 22 2T IO R 55 07 K2 R I 5UAE >, RR B
X ARG BUE AN E T e IR MR AE VI ZR8E . Biltn, LLNet®sIRFH 17 —Fh it T-IRFE A St 2 (N 25 254, Jlid
5 SR BRI 8 G IR R 2 TRV R R A 5% 2R S B 5 A0 R LLFLOWI 38 1 22 45 11 ol P& B R
oA, SRR R AR R AR S A 4 R R R, AT S v B A PR Y o



%T%&Vﬂﬁ%ﬁﬁ&ﬁ&ﬁﬁﬁmmﬁ,%“ﬂ$7ﬁ&L$%Lﬁ%x%E i, CycleGAN fE
NPT B AR O B 2, Bz N TROE G AT 55, el ) AR — SRk, HidR TRtk
AR H etz () 4 i A2 Hp R R N 25— ﬁﬁﬁﬁijMMNfﬁﬁ@%m SR ATV JTTHAEAEA 2.

XL 4 CycleGAN AR, N1 H T — R ¥t 7775, Cycle-Retinex!'145 45 | Retinex H & Al
CycleGAN HAY , KR GG AT 25 0 fiff o HEL S8 PR 38 5 R e i P 52 i B S F-AE 55, DT 7 348 5 ' R 11 [ B B
UMbk 2 PG I S5-I 40715, Cycle-Interactive GANUUIE L 5] N 5506 5] 5484, 7E3 550 GAN FLR{L GAN 2 [a)f%
HEGFRIE, SC TR EUE S 1EH S G Z R A R0 155 5 1A Rtk i, HAFIERENLIL S e gE %
A RE SRR, IR T ORI &, CycleGAN-Turbol!2b CycleGAN S B 45 &, Sl br
HETETEY U B R S AN B 51— B A2 B 265, 3w 7 B R AE E ont B 6 44T 55 R IR R R .
A FF L AEA A NN B R R3], BT B 6% B 4 M PR R A R AR IO R, A 5
IR B B 2 AR RSG5 R M5 B, A 528 2 ROBERFIERLA 1 AR B e, e i ad i 70 28 et 5T N 2 RBERFAE
PRSI, R BB [R] I A 3 B IR 4 SR RRAE R R 34T, T3 e A= i B I i i

2 RHAREI R4

BERHAR SR R DT 28 AE ARG I B (R 55 b R 6 B 2R R R R AR IR AL, ASCH T —Fihdk
TIRETER I/ CycleGAN RIS E B IG smA AL, 12 AL T LA U-Net 28 US4 il a3 2%, JF45 S 1EE 1AL
AR AL AR, B AR5 2R s XIS R el s AN R M B R s [R5 2 R 4 /- FRy Jf )
UL, A SHe 4 SRy A JER R 2T (R U W R 0. RS 5N R XU 45 SR A P 5 45 2 T R 4 2K R

— BRI A R BB 1 Sl A PR R AL E AR

Lsty + Leon

TR IRE Gx BRI } RIS
’————h\

—_—
EHAEE —— Gy fEAHRE (R } E#EER
/l\— Dx
Lad. *#iik
Lsty: AR

Lsry + Leon Leon: PIFA%

Gx . Gy: i
Dx. Dy: #1513

1 JEIE RO TR0 2% S84 B
Fig.1 Architecture Diagram of Cycle Generative Adversarial Network

2.1 U-Net PLRHYE AR 25

CycleGAN ZRI\K ik Z 44 M 4% (Residual Neural Network, ResNet) U6IE 25 i g ki 4%, U HAEH I
PGS IEAS R B E P fig s (HAEARO eI B IG 58 A 55, 2L W%EA§ﬁ$W§A%FmTﬁ%é H
SoRAEANIRALTT HAFAE R, T ResNet BRI, BRI ZRIEATIEZRALIRIG HAERIRLE
HA RS2 B Rk, R0 5t B2 A 00 R b 8k sz B9 Xk DU R 3 B XS SCBRF I, R BOR
TREFEMER, ZIRTMA—MWEM 2 RGHRE, ResNet I TEMIRAR G N 25 5 7= A B 18 (] € R 2k L.
IR RIEAIRE AL, ResNet ZURH = 175 X ISR BEAOCVE @R, 3 BUE s B IR i g B R 4 55
ROl

FECZ T, U-Net ZEH4 FEAS LG 25 - i G 0 PR A6 14 5 8 SR BRROE RN, RENEAT R OR B LR (10 R A 4 1
FEHRTHT A JRRFIE AL RE . AR SCHR I SO ) U-Net IIZ5284, R T Gt gmitas- s et 454407, 18



BRERIERZ M TR G R IR, 154 i ds BENS F & B 1 48 R AN R IXSONEE 38 VR 5 0 70 A1, AT 58
WEESE . SO 5 AR E B IR, R, R ERAER BOsi IR T B B R E ik, BRI
BRI S R, DLk PRI & .

00 2 B AR Y 2 A R AR B S R e - AR S 5 ), e e DO S TR SRABERT BLAL i, AR 2% DU A R B
R B TRFEMT B 353 B LeakyReLU i s AL UL K i KL Z AR, 3>8 AR A ROt HUR B s
fiE, LeakyReLU i BRE ST NARZAEAFAE LAKG s B RIEBE T, SRR HAL 2 97 B B IR 2 TRV 4 52 O DR B S B e
fE. A FRFEM B8 I 5 B AR 3>3 BRI LeakyReLU Ui R 5 55454 58 BN 4TI 5 B G
BHTREEGRIZ R 2R, 38 BRI ST G BRRIER FHAHEE R, IRt — DAL, HE55 7 0k

—
= — A
Tl = a

Nl

N

| = -

Conv Maxpool ConyTranspose
| D CSHA ‘ Ij TCCM Leaky ReLU

P 2 U-Net 2514 4 Rl 2 I 458 2 1
Fig.2 Network Architecture Diagram of the Generator with U-Net Structure

1) VR AER IR

PG B G, EHE RO @ R IR E R ) e, HAS B R IR SR, RIS
OoE BAEAE S P TR AR DX, 1 At XU R REA R 75 BT R AR o e L. A AT R AS [ X
FEVEZ SRR Z FINEE ST, W o) BTN H AN e RE R 7S Dy AN 20k, A SCHE AR B I 4% R Bk R T
JZEHOIMON DU IE 7 & U815 23 ()3 2 0O B VR AR I HL] (Channel-Spatial Hybrid Attention, CSHAD .

B IETE R IR B S . 1 AR DL & LeakyReLU 1 Sigmoid i B #UZH &R LR, SBIETER S
PR GER AN IE] 3 o, P BEE i B 45 )RR e, X T IETEE S ok, AT DLLEREE 4 R A PP A %1
TERIALE, T AR R e 8 I A Rt i E BV R R 2 RE . D BRRAMERD TRAEEIRZERE, &
Hom TR RIABE ). 455 LeakyReLU A1 Sigmoid 0% B %, AERAENS 51 NARL LA, IETER /1AL
HF AT AR R

M(F) = o (W, - 8(W, - AvgPool(F))) (1)

Horr, WoMiw, R 14 BRBLERERE, 53t LeakyReLU Wuf %, o3&/ Sigmoid % R 4L,
F Ros 2 ARHIE .

A NN

—» 3
L1}
g o = o
= 3
[

K 3 i A A

Fig.3 Structure diagram of the channel attention module
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Table 1 Comparison Table of Evaluation Metric Results for Loss Function Weight Combination Experiments

RS Aad Asty Acon PSNR SSIM NIQE
1 1 1 1 21.45 0.744 4.35
2 1 2 3 22.05 0.756 4.04
3 1 3 2 21.02 0.728 4.81
4 2 1 1 21.87 0.739 4.09
5 2 2 3 2231 0.761 3.92
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Fig.8 Experimental Result Diagram of Low-light Domain Image Enhancement for Paired Datasets
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Table 2 Comparison Table of the Results of Quantitative Experimental Evaluation Indicators

[RaplmeS FEAC xR 4
Ay

PSNR SSIM NIQE PSNR SSIM NIQE

CycleGAN 18.76 0.592 6.13 17.14 0.565 6.68
EnlightenGAN 21.42 0.734 4.39 20.37 0.712 4.53
Zero-DCE 20.04 0.672 4.74 1831 0.629 4.91
KinD 19.58 0.625 5.83 17.97 0.590 6.11
LLFlow 21.63 0.738 4.01 20.59 0.671 4.57
Nt 22.31 0.761 3.92 21.03 0.694 425

2% 2 AT W, SO AE 2 MPEAS FaFR PSNR. SSIM BAAZ NIQE _F, AN A2 B bt i 45 34 & AR it xsf
HAREA T IR CycleGAN AR Hofth JUABE R, ELAKR), 7ERCHIIRAE 771 PSNR. SSIM L& NIQE 43 5iliAs %
7 22.31. 0761, 3.92, rEIEECAHIREE 7T PSNR. SSIM LAz NIQE 43 5liA3] 7 21.03. 0.694. 4.25, X
AR SR 42 H 1) CycleGAN ARGk e b A A 7 A e B 5 ) o /AR T HAm S A
3.7 FE SRR L SEI

TR VPl 5 SC Fr 4 R8-S (AR AR B AR A RO R B 5 AT 55 OB, AR SCHE AR e 18k
PR ZE 2 ) I NAN RSB v = R4 T 06 LU 5286, 40 3] e BRLl iy 2 A 18] ( Squeeze-and-Excitation,
SE) . RHREH—4GHERSERLMURKSHEN R ER P I@EEE S /1B (Efficient Channel
Attention, ECA) VLK 3T B AR g M LA G AR IHE 5 2% (R RFEY) CBAM FER191 (Convolutional Block Attention
Module) . M1, 5 CBAM #tk, ACHEH K CHSA BHRFEL M GiT B R, WIEERE S AUEH
RS 1X1 B, HEIN LeakyReLU & bR A ISR FHRFIE AR RS /5 S (A & 1 a1 X1 B
454 ReLU 5 Sigmoid B0 B8 405 BOIMBLERTE, A R0k 9o KGR St BB R I TR 1T 5

FHER 3 Al L, FHE T HAhyF: & /18, CycleGAN 5| A SC Al i B /E PSNR. SSIM LL & NIQE |- #§8
HAE R RI. 5IEEIEE BN SE fl ECA B AL, CHSA [R5 N2 [a)yd = ], A Bh T
RILEAR G MG SRS b A7 OB X 3, AN T30 R R4 15 (PR R BE 7). i AHES T CBAM #idk, CHSA X
HRREMEHETT, ERERBAT R ER, WA ER A RE /). Rk, CHSA BLHEEMS 3 7555 Hh
F2H8 R R IE 5 2 B REIE, ARG B AT 53R L SR AR 7 &

% 3 IFVE R AP Sae AN R bR s AT £

Table 3 Comparison of Evaluation Metrics for Different Attention Modules

Bk PSNR SSIM NIQE
SE 18.73 0.615 5.82
ECA 19.02 0.632 5.75
CBAM 19.27 0.641 5.60
CHSA 19.35 0.663 5.38
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B SR B EAT AR HEAT T AT, FURTIT 35, IR RS T L BT AR 10 BRI
W 11 26 5 A4 I LA S T B S PR (07 S0 AL PP A (0 V90 ], 7P R
ST .



H1%% 4 AT L, J5 CycleGAN BERL I ZR SHEFE SR AN B, 1A ST i s e 51 IR SR L
il 5 B B OB IR S Al b, S ECE AN R, BRI MAG R 7. BARUIZRIN A A P
I, AEFCAEHERE B B SR (A B R B AEORSF BUER IS s BOR RN T 7B T80, Boag SR i Seimy kb B
BE. XEEAGW TN H ResNet BN EA REEEIRE 2 RIERHERI G EE M U-Net 22844, HLL
ResNet IR ZHES:, U-Net HIBMIRERLREW 4 FL (5 B IAE, D TURVES, M sHERACE. 1t
b, PPN EAAENGRI BeZ 5L, S BoA S 5 -G G R, R4 )R- = B P I LA AN 2 i HE S
If. BTEL, R G R SR (A AT B0, (B T, RENSAE ORI PG 5iR 5T 2 ) [ P i 2 B i P S
I AL B 5 5K

2 4 ARSI PRI G 5im Ak PRI [ R X b 3%
Table 4 Comparison Table of Time Efficiency for Image Enhancement Processing of Different Models

it YN ZRI 18] (h) BETRIN [E)(s)
CycleGAN 14.6 0.62
EnlightenGAN 10.3 0.54
Zero-DCE 9.8 0.49

KinD 10.2 0.51
LLFlow 17.4 0.46
AR AR 159 0.45
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Table 5 Comparison Table of the Results of Evaluation Indicators for the Ablation Experiment

REAE/TE S
s

PSNR SSIM NIQE

CycleGAN(ResNet) 18.13 0.573 6.21
CycleGAN(U-Net) 18.45 0.594 6.06

J TCCM 18.70 0.636 5.67

& CSHA 19.87 0.658 5.05

TG4 Ja- R 0 ) A L ) 20.56 0.669 4.72
TN AR 53 S F1 A A4 5 20.92 0.681 4.55
ALY 21.08 0.695 4.49
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