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Abstract

In this paper, we propose a vehicle classification method based on Faster R-CNN, an object detection algorithm using deep leaming,
The Faster RCNN method performs detection and classification simultaneously, However, it is difficult to perform detection and
classification simultaneously due to the amount of data and hardware constraints, In this study, the Faster R-CNN algorithm is used
as a vehicle detection network and an additional network is constructed to classify the detected areas, Faster RCNN performs
detection and dassification at the same time, but the proposed method performs detection and classification separately, For the
proposed method verification, 15400 of 8 types of vehicle images obtained were used as training data and 3,800 images were
used as validation data, As a result, Faster R-CNN achieved mAP of 87,4%(detection) and a mean accuracy of 85, 4%(classification).
'The proposed method achieved a mean accuracy of 89, 5%(classification). Also, the proposed method reduced the variation in the
classification accuracy of each vehicle type,
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Fig. 12. Vehicle detection and classification result:
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