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Abstract: Aiming at the low detectio&iency of real-time road vehicle detection in intelligent transportations

system, this paper proposes to design

platform, convolutional neural
Secondly, the layer structurg,i
parameters and layer st

Experiment results show

road’ehicle detection algorithm based on deep learning. Firstly, based on the built
is used to train the collected vehicle image dataset to obtain the trained model.
he"model is visualized. Finally, the model is optimized by adjusting all of the network
trained model has been tested by experiments to detect pictures and videos respectively.

tlie proposed model can be applied to the detection of real-time traffic systems with high image

recognition accuracy, fast detection speed, and high tracking accuracy.
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Tab.1 Comparison of parameters of each layer
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Fig.3 Model training flow chart
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