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Research on HDR reconstruction method based on CycleGAN
XU Man, XIE Wei, YAO Binrong

(School of Computer Science and Technology, Zhejiang Sci—Tech University, Hangzhou 310018, China)

[ Abstract] The HDR image generated by the reconstruction method based on the single exposure LDR image has the problems of
missing image details and inaccurate color. This paper proposes a single exposure HDR image reconstruction method based on cycle
consistent generative adverse networks ( CycleGAN). First, the structure of CycleGAN is improved, DenseNet is used to replace
ResNet in the generator, and multi—scale discriminator is used to replace the original discriminator. Then, a hybrid mechanism of
dual attention network ( DANet) is added to the generator to form a DADB ( DANet Density Block) module to solve the problem of
missing texture details in the generated image. Finally, the improved model is applied to the task of HDR image reconstruction, and
the obtained results are compared with several classical algorithms. Experiments show that the model in this paper has excellent
performance in various indicators.
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Fig. 2 Generator structure based on DenseNet
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Fig. 3 Final generator structure
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Fig. 4 Network structure of multi-scale discriminator
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Tab. 1 Comparison of evaluation index scores
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Tab. 2 Comparison of evaluation index scores
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Tab. 3 Comparison of evaluation index scores

) PPN FE bR
Jiik:
PSNR SSIM HDR - VDP -2
Marnerides 77 12.289 9 0.796 5 62.124 5
CycleGAN 19.245 4 0.698 7 64.253 6
" g5 21.365 4 0.821 0 65.986 5
ARSIk 24.136 5 0.862 1 68.478 5
4 LERIE

AR SOK etk 4 A B BT 4% T HDR &%
FHATS, IH ] PSNR SSIM #1HDR - VDP - 2 i
WA XA [ 3 5 T IR [ Sk b A7 b, il
XiF ELAIHIT , AR SCHRE S 4 455 50 B8 A 30k A B0 2 1) 240
WEE e FE, R, 2l A ScH
BT Y R 28 LDR K144 i HDR #1147
2 ARG,

&% 3k

[1] WEI Z, XU J. Single image HDR reconstruction using Generative
Adversarial Networks [ C ]//2021 International Conference on
Culture - oriented Science & Technology ( ICCST ). Beijing,
China:IEEE, 2021 134-138.

[2] KHAN Z, KHANNA M, RAMAN S. FHDR. HDR image
reconstruction from a single ldr image using feedback network
[C]//2019 IEEE Global Conference on Signal and Information
Processing ( GlobalSIP ). Ottawa, ON, Canada :IEEE, 2019

1-5.

[3] CHEN Xiangyu, LIU Yihao, ZHANG Zhengwen, et al.
HDRUnet: Single image HDR reconstruction with denoising and
dequantization[ C]// Proceedings of the IEEE/CVF Conference
on Computer Vision and Pattern Recognition. Nashville, TN,
USA:IEEE,2021 . 354-363.

[4] GOODFELLOW I, POUGET - ABADIE J, MIRZA M, et al.
Generative adversarial nets| C |// Advances in Neural Information
Processing Systems. Montreal, Canada ; NIPS Foundation, 2014
2672-2680.

[5] ISOLA P, ZHU Junyan, ZHOU Tinghui, et al. Image—to—image
translation with conditional adversarial networks[ C |//Proceedings
of the IEEE Conference on Computer Vision and Pattern
Recognition. Honolulu, HI, USA .IEEE,2017. 1125-1134.

[6] ZHU Junyan, PARK T, ISOLA P, et al. Unpaired image—to—
image translation using cycle — consistent adversarial networks
[ C ]//Proceedings of the IEEE International Conference on
Computer Vision. Venice, Italy :IEEE,2017. 2223-2232.

[7] DENG Hongxia, ZHANG Yuefang, LI Ran, et al. Combining

residual attention mechanisms and generative adversarial networks

for hippocampus segmentation [ J ].

Technology, 2021, 27(1) . 68-78.

ZHANG H, GOODFELLOW I, METAXAS D, et al. Self -

attention generative adversarial networks [ C ]//International

Conference on Machine Learning. Rome, Italy : PMLR, 2019.

7354-7363.

[9] ASLAN S, GUDUKBAY U, TOREYIN B U, et al. Early wildfire

smoke detection based on motion — based geometric image

Tsinghua Science and

—
oo
[

transformation and deep convolutional generative adversarial
networks[ C]//ICASSP 2019-2019 IEEE International Conference
on Acoustics, Speech and Signal Processing (ICASSP) . Brighton,
UK :IEEE, 2019. 8315-8319.

[10]HUANG Gao, LIU Zhuang, MAATEN V D L, et al. Densely
connected convolutional networks [ C |//Proceedings of the IEEE
Conference on Computer Vision and Pattern Recognition.
Honolulu,HI, USA :IEEE,2017. 4700-4708.

[11] HU Jingfei, WANG Hua, WU Guang, et al. Multi — scale
interactive network with Artery/Vein discriminator for Retinal
vessel classification[ J]. IEEE Journal of Biomedical and Health
Informatics, 2022,26(8) : 3896-3905.

(12T XVE BT, BE A I PAES. BT Xy ik G TR 2 KRB AT 2%
JEMTELT]. R B 4) ,2019,24(03) :483-492.

(13T, M/ XU, 45, 2 RO 8 =5 DX Sl ) 11 4 I 4
[J]. o E S EE 2442 ,2020,25(01) :31-42.

(1418 B ok B XN (5 BB IIA 466 2 25 8 P4 B i 3
W], EERETEH,2014,19(02) :201-210.

(1SRRI, AR, R, 45, i 3l A5V Il 18 0 WL 4 T4 7 15
(1], THAHLRI T ,2017,37(03) :695-698,745.

[ 16]MARNERIDES D, BASHFORD - ROGERS T, HATCHETT J,
et al. Expandnet; A deep convolutional neural network for high
dynamic range expansion from low dynamic range content[ C]//
Computer Graphics Forum. USA: Wiley & Sons Ltd., 2018, 37
(2): 37-49.

[17]HU X, SHEN L, JIANG M, et al. LA-HDR: Light adaptive
HDR reconstruction framework for single LDR image considering
varied light conditions [ J]. IEEE Transactions on Multimedia,
2022 487-293.



