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Abstract: Accurate and convenient Visi&nonitoring has always been the focus of reducing traffic accidents.

Traditional visibility meter has the effectyof hi‘ cost and small range. With the continuous development of deep learning

research, deep learning is used to isibility in reality. This paper proposes to establish a VGGnet 16 convolutional

neural network model. Afte t (discard layer) and data enhancement optimization, monitoring image and its

corresponding visibility va to train it. The results show that the optimized model can effectively improve training

accuracy, and it can also ac ery good visibility estimation effect on small data sets.

Keywords: visibility; deep learning; convolutional neural network; discarding layer; data enhancement
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Fig.1 Diagram of different visibility values
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Fig.2 Schematic diagram of convolutional neural network
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