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Content Feature and Style Feature Fusion Network for Single Image Dehazing

YANG Ai-Ping'" LIU Jin' XING Jin-Na' LI Xiao-Xiao' HE Yu-Qing'

Abstract Although recent research has shown the potential of using deep learning to accomplish single image de-
hazing, existing methods still have some problems, such as poor visibility and color distortion. To overcome these
shortcomings, we present a content feature and style feature fusion network for single image dehazing. The dehaz-
ing network consists of three parts: Feature extraction sub-network, feature fusion sub-network and image restora-
tion sub-network. The feature extraction sub-network consists of a content feature extraction module and a style
feature extraction module, which can learn image content and image style respectively to achieve pleasing dehazing
results and maintain original color characteristics simultaneously. In the feature fusion sub-network, the channel-
wise attention mechanism is adopted to weight the feature maps generated from the content feature extraction mod-
ule in order to learn the most important features of the image, and then the weighted content feature map and style
feature map are fused by convolution operation. Finally, a non-linear mapping is performed to recover the dehazed
image. Compared with the existing approaches, the proposed network can obtain superior results on synthetic and
real images, and can avoid the color distortion effectively.

Key words Image dehazing, convolutional neural network (CNN), feature fusion, color-maintaining, channel-wise
attention
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VNS WIRIA 31.10 0.9776 30.74 0.9774
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(d) MSCNN; (e) AOD-Net; (f) DCPDN; (g) EPDN; (h) FFA-Net; (i) Y-Net; (j) Proposed; (k) Clear images)
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Experimental results of the synthetic hazy images (MSD) ((a) Hazy images; (b) DCP (c) DehazeNet;
(d) MSCNN; (e) AOD-Net; (f) DCPDN; (g) EPDN; (h) FFA-Net; (i) Y-Net; (j) Proposed; (

) Clear images)
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Fig.6

Dehazed results and corresponding feature maps ((a) Hazy image; (b) Dehazed image; (c) Content feature map

(RB1_index 59); (d) Content feature map (RB7_index 13); (e) Style feature map (RDB3_index 10);
(f) Fused feature map (index 53))
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Fig.7 Experimental results of real outdoor hazy images (
(d) MSCNN; (e) AOD-Net; (f) DCPDN; (g) EPDN; (h

)
(a) Hazy images; (b) DCP; (c) DehazeNet;
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Table 2 Comparison of PSNR and SSIM
tested on SOTS (indoor dataset)

LI H PSNR (dB) SSIM
CF 28.57 0.9703
WCF 29.76 0.9730
WC-SF 29.85 0.9774
SF-WCF 31.10 0.9776
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Fig.8 Comparison of ablation experiments ((a) Hazy
image; (b) CF; (¢) WCF; (d) WC-SF;
(e) SF-WCF; (f) Clear image)
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