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Vehicle Target Detection Algorithm Based on Improved YOLOv4
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Abstract: Aiming at the problems of misdetection and missed detection, which often exist in the detection of high-speed
vehicles on the highway, the YOLOv4 algorithm is improved and optimized in this article. Firstly, CSPDarknet53-tiny is
used as its main feature extraction network, and the residual edge of ResBolck body module in the network is combined with
GhostModule module to replace CSPDarknet53, so as to simplify the network structure and improve its detection accuracy.
Then, the structure of SPPNet module in the original algorithm is replaced by ASPPNet to increase the network receptive
field and reduce the calculation of parameters, so that the model could be more lightweight while maintaining the accuracy.
Finally, the structure of the attention mechanism module SENet is embedded in two different positions of the feature pyramid
PANet, so that it can deal with features of different importance. The AP value of the model obtained by the original YOLOv4
algorithm after training is 88.27% ,and the AP value of the improved and optimized YOLOv4 model is 90.96% . The AP
value of the improved YOLOv4 algorithm is 2.69% higher than that of the original algorithm. In actual real-world dataset
experiments, the AP value of the improved YOLOv4 algorithm is 3.31% higher than that of the original algorithm. Experi-
mental results show that the proposed method can effectively improve the accuracy of YOLOv4 algorithm for vehicle target
detection.
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Tab.1 Results of contrast experiment
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Tab.2 Ablation experimental result

GRS EERERE /% BR/ % KR %  F, FPS
YOLOv4 88.27 62.11 95.76 0.75 58.1
GhostModule 89.53 68.51 96.23 0.80 552
ASPP 90.26 67.49 93.84 0.78  67.9
SENet 89.71 69.36 94.68 0.80 62.4
ARSI 90.96 70.11 95.90 0.81 63.2
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Tab.3 Experimental result of network model in real scene

Bk SEERERE /% HR/ % KER%  F, FPS
CenterNet 88.22 69.35 92.34 0.79 376
Faster-RCNN 90.98 75.26 94.66 0.84 373
YOLOV3 87.42 73.92 95.28 0.83 486
YOLOv4 92.57 79.75 95.84 0.87 60.4
AR 95.88 83.33 96.93 0.89 65.7
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Fig. 8 Comparison of detection effects in actual scenarios
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