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A Low-Light Domain Image Enhancement Model Based on Improved CycleGAN
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Abstract: The conventional 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, 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 images without
causing color distortion, thus improving the quality of the generated images.

Highlights:

1. An improved CycleGAN generator architecture incorporating a channel-spatial hybrid attention module
(CSHA) is proposed. The proposed module enhances the feature extraction capability of the network for
important regions and detailed textures in low-light images, thereby improving the detail restoration
performance of enhanced results.

2. A global-local discriminator mechanism (GLDM) is designed to integrate global structural information
and local texture information of images. This mechanism improves the adaptability of the model to complex
low-light scenarios and reduces artifacts and structural distortions during the enhancement process.

3.A two-stage color correction module is proposed and combined with perceptual style loss and content loss
to optimize the training process. The proposed strategy effectively alleviates color distortion in low-light
image enhancement and improves the authenticity and visual quality of generated images.
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Fig.1 Architecture diagram of cycle generative adversarial network
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Fig.2 Network architecture diagram of the generator with U-Net structure
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Fig.3 Structure diagram of the channel attention module
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Fig.5 Flowchart of the two-stage color correction module
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Fig.6 Network architecture diagram of the global discriminator
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Fig.7 Network architecture diagram of the local discriminator

2.3 HKEE
TE JIT B 1) 0 28 455 10 vhfeft Y 3 4> A sk ik <7 A 458 2K I, G ) XA 2R L, B XS R L S
BANR Lo BB YN L0 FRAR I 3X 31400 2% pR B AT IR AL, SR & AR A H A sk Bl0E L an R
L=24L.u+ AqLay+ AwnLeon (6)



1154 R E B L Journal of Data Acquisition and Processing Vol. 41, No. 4, 2026

2.3.1 s#wHFik

XEHUAR O REGEHE Bl A B e A 15 SR 70 A 1o B — SR RE A, A A 1 5 0 ) 2 AN BT R 4T 2l 25
FRH R P, AR AR R SR LA B B 04 A SR, B T Lk A B R AE e OR | 5 B MR LP ok IX
I o ABTURHUAR Lo 2R B/ IR pREC A, R BT R 22 R 2K L oy AR R 2K Ly P B
Iy e AR A Y 4 SRy A O bR ORI 4 R A ) g 1 4 O pR RO ) Dl

LI =E, o [(D*(G(2))—1)] (7)

_yNP(_y)|:( Dglobal( T ) _ 1):|2 + E_I’NP(_I’)[DgIObaI( G( y) )}2 (8)

s RGN IEME |y F7R% 158 658 1 UG LE SRy A s 4 Ry Pt 2, LE! S 4 Jmy a0 1) 28 0 it
B, G R A LR, DO Sy 4 R 8% E R BCF WS P ()R P (y)43 5 32m TR G B B 1% i diE 4 Fn H
PR IE W 8 R BAIE AR o A RS ) Ja) 451 2k BRSO ) 08 40 S 45 ) 452 % R K000 5 ol

Ll{fcal:Eywp(y)[(Dml(G(y))* 1)}2 (9)

global __
Ll = g

2 2
Llr(;cal — EJ‘NP(J-)[( Dlocal( y) _ 1)i| + E ,Np(y)liDlocal( G(I) )] (10)

e ok B AROLIR Y LSRR, y ok FIEHOESE I HS UG, D S Rl A 8% L E S BUE
L& Sy A A8 R X 05 2 Lt Ay Jd 38 0 ) 8 X Pk o
2.3.2 R4 RA K

TR XA 458 % 108 o A A R S A R AE AN [R] J2 4 Ak AR R E Sk DG A A Y, ) = T S 1
AN B o3 AT o FEaE S TSR o A FRUZ BRI TR 22 S, 0 O A i PR DR B A TR A5 B XURS A i s B
LR RS B E R 7E CycleGAN Hhg | A RURS 45 5% L T 85 1 A= B0 4 A6 P 2 35k I B4y o £ 96
FI b PG B0 S0 B0 XA 35 T A Bl P 5 4 o B R 58 388 o SR IR 19 VGG 16 [ 45 31 HURRAIE B 53
DA A PR SCAR R, B E SR

LSWE{ ¢,(f)¢,(1)M (11)

3 T A 8 T A R M T3 BUSE PR L T) 36 A I P o AR 0 55 LR AFAE I ()
R ML SE R T RIS LR I - || B 0 RO (8 2 19 22 5 9 L 8 E R BOF 8
2.3.3 ARMK

5 44 5 1A 22 A S M L L V9 B 2 B 5 A R /D 2 T R PR OB 5 2 L 4 2 40 I A1 400 5
FCS SR | T B TH 90 2 R R S T . T CycleG AN 36, 31 A P4 25 51 2 B 08 B (5 1 761 1% 76
SRR 2 15 b PR 8 1 — 0, DA T A 100 T G o A PR L A L P 4k I R e 4
B AR X BT 7 1 B RS A6 (R A — S A T 4 9 I — Bk, B S

Ll GV ) = (G (X) = .Y ) (12)

At Lo, W AR Y FAR EUR ., T 45 1 2 B0 2 000 2% P B 585 ¢ J2 45 E S5 N Ok 45 10F [ 5%
B ||« [P oo BRE 22 R T A

3 KB5S

3.1 LIHIEE
K4 4 i1 LOL \LIME F1 EnlightenGAN 52 55 %048 2 40 il . LOL %4k 82 ey vt (89 5O F00E 6




X% A F ATk CycleGAN #9 4K 5 3% 8 15 3% 7% 42 A 1155

&4 B, 1 LIME Fl EnlightenGAN %046 4543 & AR B AT S . 25 18 3] LOL s 4 B0 1t #5070 HL¥ 2 B
XTI | Ry it — 25 B UE A A A AR ek BRG SRAT 55 b i SR B, SC 58 E DL LOL \LIME & EnlightenGAN 52
50 B4 40 L BN R T R AT SEER A BT . Hrh TR R OB R 3 500 5K AROB IR 3k 1500 5K .
3.2 LIRS

S 96 B T IR B 2 S HESE Pytorchl1.13 MU #E47T B R # # , J9r i FH (% GPU J& NVIDIA GeForce GTX
4090, PR AL BB BE B R 4,24 3] 8 0.000 2 1) Adam #4625 , VI 2k 58 50K 300, 78 e 5 50 4~V
G, 2 ) R A M T B R 0,
3.3 Xk AE

R B E BT 4R KR TR A TR B T CycleG AN A7 () P g 22 B0, 0 I 55 I At 4 b B AT AR 3R M 19 R D6 11
Vel A% it i RS TR A R[] 5090 412 R ST 360 R0 T R AT 8 dk S 30 R R SR, LA X L LA PRI B 40 TR R
Fe 0758 1F 25 05 T B PR REDE 45 o XF e 5 B A0 45 3 T J0 2 % 2% 2 9 Zero-DCE B A JE T 78 1l X4 9
% ) EnlightenGAN'" | Ll ResNet ¥ 4 g A= U8 (9 Ji CycleG AN BERI ALEE T T 27 1 ) KinD #2412
K BT @A LLF low f
3.4 BKRERENESN

SR B8 UE A5 2% oA B4 TOUAN R G AR M R R e, BT T 5 A B A AR B LR TUINAL AL A, Ol
o % WA B % Az R BEAT S BT AR AT R AR R G S AR R 2 R A R K 1R . Gat
ys S5 T G R T RS BB S35 L P9 AR 5 R 8 A 22 1) A AR L {51 3 R S 3 R i 2 R 4% o
PR O LI 3 JAURS — BOHE 2 0T iR o S ®1 REABHNELESZRITNIEIRE R
WS RCR WA & AT S SR A AR popie 1

Comparison of evaluation metric results for

E@ﬂﬁ?*ﬁﬂﬁiﬁi@f? E‘Jgiﬂ%‘ﬁ?iﬁﬁ?ﬁ‘ ttﬁ‘ loss function weight combination experi-
Bt LB 2 fe U S 800 2 o 4 il 2 3 04 2K ¥ Al ments
b AR AL IR G 3 A GRS . RS PSNR/

=}

(AR B 1 5 3 2 0],y e g2 MY A Aw Ae 0 SSIMONIQE
Pt K51 RN GARTRE , 53— J7 HE T X5 45 346 2145 0.744  4.35
I BT MR HEAT I X L . AR R 2 G R S P g 22.05 0.756  4.04
WA ME IR, HE 1N IR E, 328k 21.02 0728 481
B AR GE 5 78 W 555 R 7E 35 45 Ak 24 3T 1 M g 2187  0.739  4.09
R H A 2 FIH A 3TE 3 2K B YA A 4 1Y 22.31  0.761  3.92
HUHE R, 43 S0 4 T P 25 458 2 R IR n IXUAS 453 2% 119 A

H, BIEAHE AR S AR, AR B 5 S0P RS X % 38 5 vk G 0 R RS2 . @ ot — & A9 Xt b, mT
T8 7% AN [R] 28 453 20 JeF 1 5 B 5 45 A R L 22 ) P A G 3R s A AR TR BT HUR L S0 TR AR AR A
ST PT IR B T Y PR AR R B 5 41 5 7E R AR X T 5 RURS B 1 2 A5 AR 1 [R) I 3 B AR N AR R AL
i, BRI R 3R AL ST AT S5 25 04 3 B 2 1) A B R) 5 SR o AR SR 3 i P14 5 7 U
WA AR, o0 IR T15% 2 R 22 50 M 0 W (45 M L (PSNR) (51 A HIR 400 JE R0 A 114 45 g A 0 1 4 5
(SSIM) LA Je T 2 25 # 1 SR G I i P A 45 (NIQE) o PSNRE i3 7153 5 4 EE 5 b 30 R 0 34 07 iR 2%
AR HAR P %R RGBS OE I OEOC R JUBE A e, R A R T A . A S A R
55 750 Aok T X PR 4 A B BE A S0 . SSIM M AE B O b B A K 45 4 15 8 3 4 4 3 b o 0 L2 S A i 70 %7
HARAREICN [0, 1], BOE B4 T 1, W0 3 BT b 341 PR % 7 00 5 JR R 2 T 5 D 0 RV e BE W) 4 . NIQE W5
T AT AR B [ SR 37 5 G RRAE 57 20 2 R DA R R R E T R R R Y B AR S

g W N =
ST N R S e
N =W N
W o= N W




1156 R E B L Journal of Data Acquisition and Processing Vol. 41, No. 4, 2026

AP FEVRAL o AR 1AL, 2 AU — O R R RSP AR(E T 5 R I FA 5 2 SRR KU A5 R AR i g
PSNR.SSIM K NIQE #& #5247 it T i , 2 W] (R S0 810 56k B A7 BT 12 71, R (A PRI A5 i 32 B2 i 5 24
PN B 408 % R BORUEE i s I, NTQE $5 AR 42 1 B8 5 24 X ST 450 6 AE $2 TH I, IR T A 48 b AR A T AL 14
A S TY, Uk B R S A B TR T R A B R TR S 2545 SR AR R B, 45 5T RLAE 3140k pR KK
Z ) IR B G 18 S d 2R T A S B0V R 0 2R ek B L B 7 3%

3.5 EMEHELE

B R R R R S A EDOE 5 IE WO
JE XoF OC 2, B Kt Rl 43 A E 0T 5 A AR e
PO A€/ ST 75 WS N LI TP O /TR e S 3
U8 T LOL %4l 4 i =lE Bic % %5 4 48 W & A
EnlightenGAN 525 £ 46 4 . & TS0 45 2%
A5 0 32K i A v 25 BE B A 4 R AR R AR
BRSCR AT T A B, HEXE B4 R 43 5
& 8 FnIEl 9 FIr 7 o

K 8JER TTEAR S R THENRET,
A S o #E A5 R CycleGAN, Enlighten-
GAN, Zero-DCE . KinD DA ¥ LLFlow i f 5
RUFE B H I 4 LX) H S ge g R . R
AT LLE H, BARJE CycleGAN i a3 X4t Il 45 512
BT S 1] e S (8 2R i R I RCR R A R
FE, B BRI ACR AN 2 . A, A R R
FEAE JR) T 2R LR AH 19 BORA 1 [ S8, ) 4, 76 5
— A T 0 A R e A B A TG, R 3R
) TR0 AR 5 T AE 5 = U AR R, |
HB I BT B RS AR R LA

EnlightenG AN i i3 42 Ja o't JEUSE IS B 12
Thag Uk 5 B, 5w B B s U T Cycles
GAN, H A Bl i P8 i A7 76 X5 LE BE AR LA
Fe 6 % A% A= g 9 Tl B8, Zero-DCE 3 3o 7T
ok b 28 3 92 B0 W B O R R E S
g Wt o, HEAE TR X 3 4 5 R R B R
AR R R 2B LAEAE AN o o AE
S5 — sk AR W Y A BURICR L 4R X R
7R IR, 100 % RN 40 5T AN 85 3 I, VA AR 4 b
I A R IO U SR S U A RE A R R T

KinD 7 )6 B34 5 1 3 % B 38 4
R TF AT BT SR, SE R 4 R BN, HAE
O3 il ok B TP 1Y S 56 24 BRORT RE T B0 [ B
b JCIR RO LK B AR B A R SR R A T R
IR RS AN 0 o B TR L B e

CycleGAN

EnlightenGAN

Zero-DCE

Input

CycleGAN

EnlightenGAN

Zero-DCE

KinD

LLFlow

ALY

Input

P8 I X e 4 A1 ' 4 ] R i 5 4 45 2R
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Table 2 Comparison of quantitative experimental evaluation indicators results

- A X I 3 AR E[FEARORIIIFFWIS
PSNR/dB SSIM NIQE PSNR/dB 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 18.31 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

ENS'q B 22.31 0.761 3.92 21.03 0.694 4.25
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Table 5 Comparison of evaluation indicators results for the ablation experiment

F A4 PSNR/dB SSIM NIQE
CycleGAN(ResNet) 18.13 0.573 6.21
CycleGAN(U-Net) 18.45 0.594 6.06

JC TCCM 18.70 0.636 5.67

J& CSHA 19.87 0.658 5.05
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