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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.4 Structure diagram of the spatial 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

Jay Vi 30 5 T 2 AL G 1L 7 I s SRy AR R vh 4 RRZ A, )2 0 R B R AE A Lea-
kyReL U i pRECAL I, R/NVER N 44 20 RO 20 AN Ta) T 4 Jm 40 5ol 0, Jmi 8 P 5l s AN ) B A PR R AT
PIA T AR SR i ) PR AR e S PR AR BEATL AR BT /N DX SRR AT Jey 30 A o X /N XK/
N AX A Patch, il 1 22 J2 8 BURAR U0 458 32 25 318 US4 = B0 A0 40 AR AR o 4 /B 9 AR S 45 2R
i 3 A A A B AR AR, e T AT /N S B AR A (B BE AT SR R P AL, AR D B A TR A ) ) S 4
A i o

FIBIEAR

Realtk Reali}%>

Fakeb|[Fakebk|

Conv
LeakyReLU
Conv
LeakyReLU
Conv
LeakyReLU
Conv
LeakyReLU

|
|

PE7 el 0 T3 i 1 4% S A ]

Fig.7 Network architecture diagram of the local discriminator
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Table 2 Comparison of quantitative experimental evaluation indicators results

- A X I i AR E[FARORTIIFFEWIS
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' 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

TG4 Jm SR A i B 20.56 0.669 4.72
TR XA A58 % P 25 41 20.92 0.681 4.55
A SR A 21.08 0.695 4.49
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A Low-Light Domain Image Enhancement Model Based on Improved CycleGAN

LIU Shangdong"?, WU Jian'?, XU He"*, JI Yimu"?

(1. School of Computer Science, Nanjing University of Posts and Telecommunications, Nanjing 210023, China;2. Jiangsu HPC and

Intelligent Processing Engineer Research Center, Nanjing 210023, China)

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.

Key words: cycle generative adversarial network (CycleGAN); image enhancement; color correction;

channel-spatial attention; convolutional neural network (CNN)
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