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[Abstract]In order to improve the real-time and accuracy of parking slot detection in automatic parking, this paper
proposed a lightweight parking—slot detection algorithm based on collaborative attention and graph neural network. Firstly,
This algorithm used a lightweight network structure and the improved MobileNetV3 as the feature extraction network,
obtained the location information and feature information of the parking—slot marker points through depthwise separable
convolution, combined them to obtain the fused features of the marker points, then constructed a graph network structure to
enhance the internal relationship of the parking—slot marker points, and combined the cooperative attention mechanism to
integrate multiple attention. Finally, the algorithm was tested on the public parking-slot dataset PS2.0. The results indicate
that the detection accuracy is better than the current mainstream algorithm, the average reasoning speed of each frame of
image can reach 10.1 ms, with good accuracy and real-time performance.
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