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Abstract: The traditional detection method for highway traffic volume needs to take long time and manual
assistance. Based on the advantages of deep learning in target detection area, a vehicle detection method for
high-resolution remote sensing images was proposed. Firstly, the remote sensing images were preprocessed
and segmented to extract the road area and to reduce the interference in other regions. Then, the deep
convolution neural network was trained by high resolution remote sensing image data set to obtain the
detection model and vehicle detection system. The experimental results show that the method can detect
the vehicles in the road area of remote sensing images effectively and has a high accuracy rate.
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Table 1 Comparison of experimental results with different methods
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