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Table 1 Performance of different detection network models

B I/ ms COCO mAP["1]
Cascade R-CNN_ResNet-101 410 42.8
CenterNet_DLA-34 31 41.6
RetinaNet_ResNet-101 32 39.9
EfficientDet-D1 16 40.5
EfficientDet-D3 37 45.6
EfficientDet-D7x 285 55.1
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Fig. 7 Performance of the proposed model for vehicle detection in different scenarios
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Fig. 10 Detection scores of each vehicle in a large parking lot
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Optimized EfficientDet deep learning model for vehicle detection

CHEN Xijiang'> AN Qing' BAN Yan’
1 School of Artificial Intelligence, Wuchang University of Technology , Wuhan 430223
2 School of Safety Science and Emergency Management, Wuhan University of Technology, Wuhan 430070
3 Chongqing Academy of Metrology and Quality Inspection, Chongging 401120

Abstract At present,deep learning has been widely applied in object detection,such as vehicle detection.In this
paper,the deep learning EfficientDet model was analyzed ,and its advantages in vehicle detection were confirmed. A
phased adaptive training model was constructed to avoid local optimum in training process ,then it was used to detect
vehicles from both short and long distance.The detection results showed that compared with detection methods based
on Cascade R-CNN and CenterNet, the proposed model was superior in terms of computational complexity , time con-
sumption and detection accuracy. Meanwhile , further analysis figured out the optimal detection distance and angle.Fi-
nally,an example is given to verify that the proposed method can be applied to a large range of vehicle detection.

Key words deep learning; EfficientDet ; vehicle detection ;learning rate



