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High Precision Traffic Flow Big

Data Prediction Based on Deep Learning
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Abstract: To predict and analyze the massive traffic big data efficiently to improve the road traffic rate and
the intelligent level of urban traffic, a high-precision traffic flow big data prediction model based on deep
learning parallel convolution neural network has been proposed. Firstly, the model preprocesses the data to
obtain the effective data set, and transforms the one-dimensional time series samples and images with reg-
ular time intervals into two-dimensional pixel grids with one-dimensional time and one-dimensional posi-
tion, and builds a parallel convolutional neural network model to predict the traffic flow through a certain
road section and apply the prediction factors model the traffic flow data. Experimental results show that,
compared with other models, the proposed model is better than the compared methods in terms of average
absolute error, average relative error and root mean square error.
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