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[Abstract] The Generative Adversarial Network (GAN) is widely used in*the field of image dehazing; however it
usually requires extensive computations and a large amount storage space, limiting its application in mobile devices.To
solve this problem, this study proposes a dehazing method based on knowledge distillation and conditional generative
adversarial network (KD-GAN).Taking the frequency.nformation/as the additional constraint condition for dehazing,
the high-frequency and low-frequency information of the original image are filtered using the Fourier transform, Laplace
operator, and Gaussian filter to generate the corresponding high-frequency and low-frequency images, whereby the fused
image is used as the input of the discriminatorito further improve the dehazing of the fog image.In the process, the
knowledge of the original heavy teacher network is transferred to the lightweight student network generator with fewer
weight parameters, and the lightweight student network is trained to achieve a dehazing performance similar to that of
the teacher network with faster convergence speed. The experimental results on the OTS and HSTS datasets verify the
effectiveness of this method.Under the condition that the parameter scale of the student network is only half that of the
teacher network, the student networkyis iterated 3x10* times. The peak signal-to-noise ratio and structural similarity of
the output image of the generator are close to those of the teacher network iterated 5x10* times , while the training speed
is about 1.67 times faster than that of the teacher network.

[Key words] image dehazing; Generative Adversarial Network(GAN) ; knowledge distillation ; teacher network ; student
network
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Fig.1 Structure of teacher network
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Table 2 Dehazing evaluation indexes comparison of teacher

networks and student networks under different iteration times
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Fig.5 Dehazing results comparison of teacher networks
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and student networks under different iteration times
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Fig.6 Dehazing results comparison among different methods
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comparison among different methods
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