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Research on Lightweight of Night Vehicle Detection Model
Based on YOLO v4

XU Li,LIU Xing-xing,QU Li-cheng

(School of Information Engineering,Chang’ an University, Xi’ an 710000, China)

Abstract; In response to the real-time requirements of the night vehicle detection model,based on the YOLO v4 model, the backbone
feature extraction network is changed to MobileNet V2, which is flexible and easy to implement,and changes all the ordinary convolutions
in the enhanced feature extraction network to deep separable convolutions. At the same time, the model introduces a scaling factor to each

channel and multiplies it with the channel input. Then the scaling factor regular term and the weight loss function are combined for sparse
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regularization training. At this time,a smaller scaling factor is selected for channel pruning. After pruning,some channels of the model
are missing,and the detection performance will be reduced,so the model is fine—tuned to compensate for the loss of accuracy,and after

the performance evaluation,the pruning iterations are performed. Finally,a lightweight vehicle detection model is obtained , which makes
of frames per second can be as high as 42 images.
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the detection speed faster and can better meet the real-time requirements of night vehicle detection. The experimental analysis on the UA-

DETRAC data set shows that the detection accuracy of the lightweight night vehicle detection model can reach 98.29% ,and the number
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