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Deep fly neural network and its real-time visibility prediction
XIAO Yinghui' , ZHANG Zhuhong®

(1 College of Big Data and Information Engineering, Guizhou University, Guiyang 550025, China; 2 Guizhou Provincial
Characteristic Key Laboratory of System Optimization & Scientific Computation, Guizhou University, Guiyang 550025, China)

[ Abstract] Visibility prediction is a problem in the field of time series prediction, and how to implement the processing of time—
series data and capture the temporal long—term dependence in the data is the main focus of current researchers. In order to solve the
difficulty of constructing visibility prediction models, a deep fly neural network, based on video surveillance images is proposed in
terms the biological principles of the fly visual system such as image perception, learning and information feedback. In the design of
the model, a feedforward fly visual neural network is designed to extract the image—based visibility feature, and then the acquired
feature information is fed into a multi-layer perceptron to obtain the mapping relationship between visibility and video frames with
regard to unknown weights and thresholds. These, together with the gradient descent method, derive the deep neural network for real
—time visibility prediction. The comparative experimental results show that the neural network can accurately predict the visibility of
the foggy environment, and has great application potential.
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Fig. 1 Flow chart of visual information processing in fly
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Fig. 2 Schematic diagram of the Fly deep feedforward neural

network
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Fig. 3 Example of sample images at different visibility levels
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Tab. 1 Comparison of error performance of algorithms
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Fig. 4 Modeled visibility predictions versus observed values at different visibility levels
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