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ABSTRACT: To solve problems of artifacts and halos generated by traditional image models in
dehazing, a physically aware image dehazing algorithm was proposed based on online knowledge

distillation and deep learning. First, shared features were acquired by a multi—scale network con-
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structed by physically-aware units. Then, dehazed images were generated by model-based and

end-to—end approaches. Finally, feature aggregation blocks were employed to fuse the dehazed

im—ages generated by the two approaches. Additionally, the learning strategy of online knowledge

distillation was introduced to jointly optimize the network. Results showed that the proposed algo-

rithm achieves excellent performance on both synthetic and real scene images than other dehazing
algorithms. On the SOTS outdoor dataset, it achieves a PSNR of 23.59 dB and SSIM of 0.937.
KEYWORDS: image dehazing; image enhancement; physical model; deep learning; online

knowledge distillation
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Fig. 1 Principles of physically-aware image dehazing algorithm based on online knowledge distillation
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Fig. 4 Experimental results on the SOTS dataset
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Fig. 5 Experimental results on the URHI dataset
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