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From Global to Local: A Dual-Attention Fusion Dehazing Network
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Abstract: In terms of the problem that the existing dehazing methods based on the convolution
neural network employs attention only from a single perspective, causing difficulties in generating
a clear image with vivid details and the propensity to give rise to color distortion, this paper pro-
poses a global and local attention fusion image dehazing network is proposed, in order to obtain a
dehazing image with normal definition and no color distortion. The input haze image is first divid-
ed into two parts in the channel dimension by using the channel attention. One part is sent into
the channel pixel attention channel to extract local features, and the other part is sent into the
Transformer channel to learn global features. Then, the pixel attention is used to fuse the fea-
tures learned by the two channels, and the above modules are combined as basic units into a
multi-level U-shaped dehazing network, residual connection is added to alleviate the loss of detail
information caused by upper and lower sampling, and finally, a Transformer module is added at

the bottom of the network to learn global information. The effectiveness of the method proposed
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is tested on several publicly available dehazing image data sets including RESIDE SOTS Indoor
and RESIDE SOTS Outdoor. The results show that compared with the classical dehazing meth-
od, the image generated by the method proposed is more detailed and has the least color distor-
tion. On the RESIDE SOTS Outdoor data set, the PSNR is 1. 16dB higher than that of the classi-
cal FFA-Net, and 3. 68dB higher than that of the GridDehazeNet. The global and local attention

fusion method proposed in this paper can effectively remove haze and improve the contrast and

clarity of the image; the designed multi-level U-shaped dehazing network and residual connection

structure can alleviate the loss of details and improve the dehazing effect, so that clear images are

obtained.

Keywords: image dehazing; local and global information fusion; channel pixel attention;

transformer module
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Fig. 1 Schematic diagram of channel attention
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Fig. 2 Schematic diagram of pixel attention
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Fig. 4 Dual attention module
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Fig. 7 Comparison of haze removal effect of haze image on lake surface
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Fig. 10 Comparison chart of dehazing effect with alternating bright and dark areas
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Fig. 11 Comparison chart of dehazing effect with alternating bright and dark areas
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Fig. 12 Comparison chart of dehazing effect in indoor dark light environment
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Table 2 Effects of channel and pixel attention modules on

network dehazing performance
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Bl
WETE BRITE RREER

BH i; 1+ Ji+ Ji+
Wl H A HEEH WEEES
R, /dB 33. 50 33.92 33. 89 34.54
SEMAMRIE  0.9825  0.9840  0.9839  0.9854

T LR FOR AL R .

Fo4 ) B Ak A R A 60 Yo
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Table 5 The model complexity comparison
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