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[ Abstract] In the automatic driving scene, it is very important to realize the accurate and timely identification of the vehicle in
front. In this paper, the backbone network of YOLOv4 is modified to form a YOLOv4-Efficient target detection algorithm, which
improves the detection speed under the condition of ensuring the detection accuracy. By using a lightweight algorithm EfficientNet to
replace the backbone of YOLOv4, the network CSPDarknet53 is extracted. The parameters of the improved model are nearly four
times less. Through experimental comparison, the average accuracy of YOLOv4-Efficient is 96.27%, and the parameter quantity is
only 60.52 M. The results show that the improved algorithm has better recognition ability and detection speed, is more suitable for
transplantation to devices with general performance, and the overall performance is better than other algorithms.
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