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An Image Dehazing Algorithm Based on Multi-teacher Guided
Knowledge Distillation

CUI Zhigao, LAN Yunwei, WANG Nian, ZHANG Wei
(Rocket Force University of Engineering, Xi’ an 710025, Shaanxi)

ABSTRACT: To solve the problem of serious color distortion caused by existing image dehazing
algorithms, a single image dehazing algorithm based on multi—teacher guided knowledge distillation
dehazing network (MGKDN) was proposed, which combined the complementary advantages of
prior-based image restoration methods and deep learning—based image dehazing methods. In the
proposed MGKDN, two published models namely principled synthetic—to-real dehazing network
(PSD) and enhanced pix2pix dehazing network (EPDN) were used as teacher networks. Moreov-
er, to build an efficient student network, a feature attention residual dense block, which improved
feature extraction and keep the student network compact was adopted. Compared to other dehaz-
ing algorithms, the proposed algorithm achieves excellent performance on both synthetic and real
scene images. It achieves PSNR of 23.57 dB and SSIM of 0.934 on the SOTS outdoor dataset.
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Fig.1 Structure of the image dehazing algorithm based on multi-teacher guided knowledge distillation
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Fig. 2 Structure of EPDN image dehazing algorithm
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Fig. 6 Qualitative experimental results of the proposed method and contrast methods on SOTS dataset
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