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—shaped Image Dehazing Network Based on

Wavelet Transform and Attention Mechanism

YANG Yan", WU Xudong, DU Kang

(School of Electronic and Information Engineering , Lanzhou Jiaotong University , Lanzhou 730070, China)

Abstract: As affected by suspended particles such as haze in the atmosphere, images taken outdoors often suffer
from low contrast and low visibility. The existing dehazing methods fail to make full use of the local feature informa-
tion of the image, and there are problems such as incomplete dehazing and loss of image details. For this reason, this
paper proposes a T—shaped image dehazing network based on wavelet transform and attention mechanism. Specifi-
cally, the proposed network obtains the edge detail features of the hazy image by performing multiple discrete wavelet
decomposition and reconstruction on the image and proposes a feature attention module that takes into account both
the global feature and the local information extraction of the image, which strengthens the network’ s learning in im-
age visual perception and detail texture. Secondly, in the process of feature extraction, a T—shaped method is pro-
posed to obtain multi-scale image features, which expands the network’ s representation ability. Finally, color bal-
ance is performed on the reconstructed clear image to obtain the final restored image. A large number of experimental

results in synthetic data sets and real data sets show that the network proposed has superior performance when com-
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pared with other existing network models.
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Fig.1 Process of the 2D discrete wavelet transform
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Fig.6 Experimental results of the outdoor synthetic hazy images
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Fig.7 Experimental results of the indoor synthetic hazy images
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Fig.8 Experimental results of real hazy images
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