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Parking slot detection based on surround view
RAO Qipeng, LING Ming, WANG Xin, LIU Chang, ZHAI Shulong
( School of Electronic and Electrical Engineering, Shanghai University of Engineering Science, Shanghai 201620, China)

[ Abstract] For the first time, parking space detection is regarded as a camouflage detection task, and a compact and efficient
neural network model is designed. Firstly, imitating the key characteristics of predators catching prey, the target area is searched and
roughly located, after that the boundary box is accurately regressed, and an end-to—end efficient regression method is designed.
Secondly, the data set is established, so that the parking space detection algorithm can achieve high accuracy and meet the real-time
performance requirements. Finally, through the super—pixel parallel module, the target can be located more accurately. The images
spliced by four fisheye cameras are used for the experiment. The images similar to camouflage are selected from the current parking
space detection data set and some digital processing means are used. After related processing, a total of 10 000 images are obtained
(6 000 for training and 4 000 for testing) , which are marked according to the standard of camouflage target detection as the training
set and test set of the experiment. Experiments show that the proposed network model can accurately identify the parking space line

and return the location in the illegible environment such as occlusion, shadow and dust pollution.
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Fig. 2 Parking space detection network structure
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Fig. 3 The backbone extraction feature map
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Fig. 4 Segmentation effect on the dataset
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Tab. 1 Performance comparison of different segmentation algorithms

on the dataset proposed in this paper %
e J5 ik MAE Fy IoU
FPN 0.117 83.1 70.8
FCN 0.115 79.2 68.1
SINet 0.048 88.3 79.7
AT 0.045 88.4 82.1
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Tab. 2 Performance comparison of different backbone extraction

networks on the dataset proposed in this paper %
FEFR% MAE Fy IoU
MobileNetv2 0.062 74.3 80.0
MobileNetv3 0.069 73.4 79.4
Ef-BO 0.045 88.4 82.1
Ef-BI 0.051 88.3 82.2
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