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Abstract: In order to solve the problems of high cost of visibility instruments, insufficient deployment den-
sitys and difficulty on detection of clump fog in highway visibility monitoring, a visibility measurement al-
gorithm based on multiplexed deep convolutional network was proposed. Firstly, with reference to the at-
mospheric degradation model, a multi-task convolutional neural network was constructed to estimate the
image transmittance, atmospheric light and image scene depth, respectively, and finally, the atmospheric
extinction coefficient was solved according to the visibility detection principle to obtain the visibility of the

image. Experimental analysis shows that the accuracy of algorithm is improved for over 4% compared to
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traditional methods, and the average error is less than 10% compared with the visibility meter measure-
ment, which can meet the practical requirements and is more applicable to a wider range of scenes.
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