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Image Dehazing Based on Channel Attention and Conditional Generative Adversarial Network

ZHAO Mao-Jun, GUO Huang, BAI Jun-Feng, LIAO Cong
(School of Information Engineering, Chang’an University, Xi’an 710064, China)

Abstract: In terms of the problems such as haze residues and color distortion in existing dehazing methods, this study
takes advantage of a generative adversarial network in reconstructing image super-resolution and p"roposes an image
dehazing algorithm based on channel attention and conditional generativg adversarial network (CGAN-ECA).
Specifically, the network is based on the encoder-decoder structure. The gen;:rator is designed with the multi-scale
residual block (MRBIk) and efficient channel attention (ECA) to expand the receptive field, extract multi-scale features,
dynamically adjust the weights of different channels;-and impfové the utilization rate of features. In addition, the
Markovian discriminator (PatchGAN) is used to evaluate images and improve the accuracy in identifying images. At the
same time, a content loss is added inte the loss function to reduce pixel-level and feature-level losses of dehazing images,
retain more image details, and achieve high-quality image dehazing. The test results based on the public dataset RESIDE
show that compared wi;[h DCP, AOD-Net, DehazeNet, and GCANet models, the proposed model increases the peak signal
to noise ratio (PSNR) and the structural similarity index (SSIM) by 36.36% and 8.80%, respectively, and color distortion
and haze residue are solved. Therefore, CGAN-ECA is an effective method for image dehazing.

Key words: image dehazing; conditional generative adversarial network (CGAN); attention mechanism; multi-scale

features; deep learning
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single image dehazing, RESIDE), RESIDE Il 25 43,
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GCANet J7¥: (1) PSNR 9 28.42 dB, 7 3072 I IEAE 15
M LY 7, I EET DCP. AOD-Net. DehazeNet Al
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28.24%. 30.65% Al 7.53%. GOANet [y SSIM 7, 4
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DehazeNet il AOD-Net 75 1%, /& S B0 0 SSIM 45 4%
T 13.60%-11.38% A1 11.09%. SZU6% 0, 4204 AR
FHIZG 10 5 M e, 2 BRI, P PEHR T M.
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T B IAE CGAN-ECA [ %k, %4 RTTS
HAREAT UG L BAT5, ZEERWE 7 Frs. WE 7
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B Bt 5 2, AR, Rl 2 e 7(c) 28— IR AE
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J&5; AOD-Net J7iA7EE 7(d) 2 3 TR S X 8L 5
AR, AL Z: B0 10 55, H MG = BE PRI, J A 4
BEVREAIEW . GCANet FIE L Z B EIMIME, FF
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%£EHE ¢ PSNR(dB) SSIM FERFIE R FH 2R v S0 T V3 72 A [ 3 N 3R BURFAE AL
i o B 6, S ARFAER T, BARFAETOAR. (£ PatchGAN
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