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A MSSA-UNet model for vehicle image segmentation

Zhao Hong'ai'’? Wang Xuzhi'?

(1. School of Communication and Information Engineering, Shanghai University, Shanghai 200072, China;

Wan Wanggen'"’
2. Institute of Smart City, Shanghai University, Shanghai 200072, China)

Abstract; In view ol the problems of ambiguous and poor elfect of vehicle image segmentation methods in actual trallic
scenarios, this paper proposes a MSSA-UNet model that integrates multi-scale modules and spatial attention
mechanism based on the UNet neural network model. In the encoding and decoding stage, dilated convolution is used to
build a multi-scale module to improve the limited receptive [ield size ol the convolutional layer while the output contains
multi-scale [eature inlormation. Belore up-sampling, a spatial attention mechanism is introduced to compensate [or the
problem ol local information loss during the sampling process and improve the [eature restoration ability. Combined
with cross entropy loss and Dice loss, the network learning and training process is optimized, and the segmentation
accuracy ol the model is improved. The experimental results show that the MSSA-UNet model proposed in this paper
achieves 83.48% in the loU evaluation index [or vehicle image segmentation tasks, which is 2. 28% higher than the
accuracy belore improvement, the predicted value ol the model is closer to the real value, and the segmentation ellect is
better, which ellectively improves the segmentation performance of the model.
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