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Design of lightweight network based on YOLOv4 object detection algorithm
HU Liang, HE Xiaohai, QING Linbo, WU Xiaogiang

(College of Electronics and Information Engineering, Sichuan University, Chengdu 610065, China)

[ Abstract] Object detection is an important research direction in the field of computer vision. It has a wide range of applications in
traffic monitoring and human-computer interaction. At present, the YOLOv4 network based on deep learning has improved detection
accuracy compared with traditional object detection, but it has a lot of parameters, which has a large amount of requirement of
computer hardware. In order to reduce the number of parameters and the size of network model, this paper modify the YOLOv4
network, that is, using MobileNetv2 network combine with the feature extraction network of YOLOv4, and using the block of
depthwise separable convolution optimizes traditional convolution in PANet and SPP model. Finally, the proposed model is trained
on the VOCO7 + 12 datasets and tested on the VOCO7test datasets. Experiment results show that the parameters of the proposed
convolutional neural network based on YOLOv4 are reduced by 83.6% compared with YOLOv4 neural network, and FPS is
increased by 5.8 and the mAP@ 0.5 is decreased by 8.5% , which reduce the need for computer hardware and achieve the lightweight
of the network model.
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