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m The deep learning—based solution is proposed to obtain the vehicle
attributes data in recognizer training. Firstly, with poster images collected, a large
scale vehicle attributes dataset—SYSU-ZTE-CARS, is built to train the convolutional
neural network(CNN)—based recognition model. Then the model is moved to the
monitor and control scene to mark test, and access attribute indirectly. CNN +
softmax classifier is used as the basic framework, and the fine—grained identification
is also used to further optimize the recognition performance. The experimental
results on recognition of five different attributes show that our solution is not only
with high accuracy in SYSU-ZTE-CAR dataset, but also reliable in auto—annotation

under real-world surveillance.

fine—grained attributes recognition; CNN; deep learning; computer vision
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