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Key Laboratory of Information and Communication Security Disaster Recovery, Kunming 650500, China)

Abstract: In view of the large amount of parameters of the vehicle detection model,the detection of multi — scale
vehicle objects is difficult, and the overlapping objects,small objects and occluded objects are easily missed. A light-
weight YOLOVS5 — MobileNetv3 detection algorithm is proposed. First,the K — means algorithm is used to improve the
effect and detection speed of anchor box dimension clustering. Second ,replace the original backbone network CSP-
Darknet53 of YOLOvS with MobileNetv3 for feature extraction. Thirdly, in the detection network, the CIOU loss
function is used instead of the GIOU loss function to quickly and accurately locate the target area of the image , gen-
erate bounding boxes,and predict the target category. Use Cross Entropy Loss as the classification loss function. Fi-
nally ,the K — means algorithm is used to improve the effect and detection speed of anchor box dimension clustering.
The results show that compared with the YOLOvS network , the improved YOLOv5 — M3 improves the detection ac-
curacy by 5.0% ,reduces the number of model parameters by 46% ,and reduces the training time by 44. 9% . The
improved YOLOvS — M3 network is smaller, has shorter training time,and recognizes objects more accurately, which
improves the accuracy of object detection for vehicles and pedestrians in autonomous driving systems,and also pro-
vides an option for implementing intelligent transportation systems.

Key words: object detection; YOLOVS ;deep learning ; MobileNetv3 ; autonomous driving
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