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Application of improved Faster RCNN model in vehicle type detection

WEI Xiangzhan, SHAO Liping, ZHOU Hua
(College of Big Data and Information Engineering, Guizhou University, Guiyang 550025, China)

[ Abstract] Vehicle type detection is affected by object occlusion and vehicle overlap, which makes vehicle type detection difficult.
This paper proposes a detection method based on the improved Faster RCNN model, which embeds the Convolutional Block
Attention Module ( CBAM) structure of the convolution module in the feature extraction network, so that the feature extraction
network can focus on useful information related to the target and weaken other useless information. It also refers to the Soft—-NMS
algorithm optimization the NMS algorithm to reduce the missed detection and false detection problems of overlapping or adjacent
targets. The test results show that compared with the unimproved Faster RCNN model, the MAP value of the improved Faster RCNN
model is increased from 84% to 89% , which proves that the detection accuracy can be improved to a certain extent by using this

method.
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Fig. 1 Convolutional block attention module
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Fig. 4 The framework of Faster RCNN
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Fig. 5 Feature extraction network graph
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Fig. 6 Curve of loss
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Table 1 Recognition results of different non—maximum suppression algorithms

Method Car( AP) Truck (AP) Van( AP) Bus( AP) MAP
Faster RCNN 0.813 0.885 0.807 0.874 0.84
Faster RCNN+Soft—-NMS 0.859 0.897 0.826 0.886 0.87
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Tab. 2 Recognition results after model improvement

Method Car( AP) Truck (AP) Van(AP) Bus( AP) MAP Time/ms
Faster RCNN 0.813 0.885 0.807 0.874 0.84 191
Faster RCNN+CBAM 0.832 0.890 0.825 0.882 0.86 360
Faster RCNN+CBAM+Soft-NMS 0.891 0.907 0.891 0.890 0.89 385
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