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A Vehicle Recognition Algorithm Based on Deep Hashing Network
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Abstract ; According to the characteristics of vehicle recognition tasks,a vehicle recognition method based on deep hashing network is de-
signed, which realizes the retrieval and classification of vehicles when the differences between the classes are not obvious and the size of
training set is small. The data augmentation method is studied. According to the characteristics of the vehicle data set, a data
augmentation method suitable for vehicle recognition is proposed, which effectively improves the accuracy of small sample recognition.
The deep hashing network uses the improved HashNet to quickly learn the binary feature descriptors of the vehicle. The HashNet—GAP
network is proposed to reduce the number of parameters caused by full connected layers. The full connected layer is partially replaced by
the global average pooling layer. Compared with the HashNet, the number of parameters is greatly reduced, and the forward calculation
speed and network performance are improved. The experiment shows that the vehicle recognition method can effectively recognize
different vehicle models with small gaps between classes, achieve 80.0% Topl accuracy on a small dataset,and can significantly reduce
storage consumption and memory consumption of the network model.
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