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Vehicle Multi-attribute Recognition Based on Faster R—-CNN

RUAN Hang,SUN Han
(School of Computer Science and Technology ,Nanjing University of Aeronautics and

Astronautics , Nanjing 211100, China)

Abstract: We put forward a vehicle multi—attribute recognition model based on Faster R—-CNN. First we use vehicle images to train and
obtain vehicle detection network for detection of vehicle targets in image. Then we put detected results into vehicle attribute recognition
network and infer attributes including color,type and view. In order to evaluate the accuracy of vehicle detection precision and vehicle
multi-attributes detection,we collect 8 000 vehicle images under actual scene as test set for testing. In terms of vehicle detection net-
work , we compare the detection precision of R—CNN and Fast R-CNN, and for vehicle attribute recognition we compare the accuracy of
different network , different image definition and different number of attributes. Experiment shows that the proposed vehicle multi-attrib-

ute recognition method based on Faster R-CNN can learn more features fully with higher accuracy and precision,as well as better versa-

tility and robustness, which can be used for vehicle multi-attribute classification.
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