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Abstract: In order to solve the problem in recognizing the fake-licensed vehicles. by using deep learning technology and combining
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the channel attention mechanism and position attention mechanism, based on ResNet-50, a accurate identification method of similar
vehicles based on three-dimensional attention mechanism is proposed . At present, most attention algorithms focus on one-dimensional
channel attention and two-dimensional positional attention, while the images are processed in three dimensions. Therefore, these at-
tention mechanisms cannot focus on all attention areas, which result in the loss of some key information. The three-dimensional atten-

tional mechanism works well in a variety of visual tasks, with the improvement of 1. 12 % over the SENet on the Cifarl00 dataset,

and the improvement of 2% over the SENet on average on the PKU VehiclelD dataset.
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