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Vehicle object detection based on improved YOLOvS method

ZHANG Cheng-Jun'?, HU Xiao-Bing"*, NIU Hong-Chao'**
(1. School of Mechanical Engineering, Sichuan University, Chengdu 610065, China;
2. Yibin R&.D Park of Sichuan University, Yibin 644000, China)

Abstract: In view of the problems of low detection accuracy, poor real-time and robustness of existing
target detection algorithms in vehicle target detection in autonomous driving fields, a vehicle target de-
tection method based on YOLOV5 is proposed. With the framework of YOLOv5s network model, a one-
shot aggregation (OSA) module is introduced to optimize the backbone network structure and improve
the network feature extraction capability. Non-local attention mechanism is used for feature enhance-
ment. At the same time, the weighted non-maximum suppression method is used to filter the detection
frame. The experimental results show that compared with the original YOLOv5s model, the mAP of the
improved network model is improved by 3%, and the AP of different target detection classes is im-
proved, and the detection speed meets the real-time requirements. For dense vehicles and under different
illumination conditions, vehicle target detection can be better achieved.
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Tab. 2 Influence of improved modules on network per-
formance
EIES mAP. 5 mAP. 5 .95  HEPREE] /s
YOLOv5s 0. 6701 0. 4534 0. 008
-YOLOvSs 0. 6947 0. 477 0.010
II-YOLOv5s 0. 697 0.4795 0.011
M-YOLOv5s 0. 7001 0. 4806 0.011
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LB U 28 PERESR TH K I HLBEHR B Bk
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Tab. 3 Comparison of two algorithms

RK) 24 i 7 precision recall mAP HEFLINE] /s
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Tab. 4 Comparison of AP of targets
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