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Vehicle Detection Algorithm Combined with Attention Mechanism

XIE Bin-hong,ZHAO Jin-peng,ZHANG Ying-jun
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Taiyuan 030024 , China)

Abstract: Aiming at the problem of fast detection speed and relatively low detection accuracy for the object detection algorithm in the
scene of vehicle type detection,we improve the CenterNet algorithm. Firstly ,ResNet is used as the backbone network to perform feature
extraction on vehicle images,and the channel attention and spatial attention are introduced into the feature extraction network to carry out
the weight division of the features in different channels and at different positions,to obtain more features that need attention and suppress
useless features, thus improving the classification and positioning accuracy of vehicle detection algorithms. Secondly,in view of the
problem of low detection accuracy of small target vehicles, we integrate the features of different scale vehicle to better extract fine—grained
vehicle features and improve detection accuracy. To verify the effectiveness of the vehicle detection algorithm combined with the
attention mechanism,experiments were conducted on the dataset of KITTI and BIT - Vehicle. The mAP values reached 94. 6% and
95.5% respectively. The results show that the improved algorithm can significantly improve the detection accuracy with little influence
on the detection speed.
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