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Vehicle information detection based on improved RetinaNet

LIU Ge, ZHENG Yelong", ZHAO Meirong
(State Key Laboratory of Precision Testing Technology and Instruments, Tianjin University, Tianjin 300072, China)

Abstract: The lack of computational power and limited storage of the mobile terminals lead to the low accuracy and slow

speed of vehicle information detection models. Therefore, an improved ¢ information detection algorithm based on

RetinaNet was proposed to solve this problem. Firstly, a new vehicle{&ox ation detection framework was developed, and
the deep feature information of the FPN (Feature Pyramid thwﬁQyo ule was merged into the shallow feature layer, and
MobileNet V3 was used as the basic feature extraction nc;wo

econdly, the direct evaluation index of target detection

GloU (Generalized Intersection over Union)

task troduced to guide the positioning task. Finally, the dimension

clustering algorithm was used to find the bett of Anchors and match them to the corresponding feature layers.

Compared with the original RetinaNet target ion algorithm, the proposed algorithm has the accuracy improved by 10. 2
percentage points on the vehicle information detection dataset. When using MobileNet V3 as the basic network, the mAP
(mean Average Precision) can reach 97.2% and the forward inference time of single frame can reach 100 ms on ARM v7
devices. The experimental results show that the proposed method can effectively improve the performance of mobile vehicle
information detection algorithms.

Key words: Convolutional Neural Network (CNN); target detection; dimension clustering; feature fusion; Generalized

Intersection over Union (GloU)
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