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An obstacle detection algorithm for guide system based on YOLOv5s
LIU Xinfei, ZHANG Rongfen, LIU Yuhong, LIU Yuan, CHENG Nana, YANG Shuang

( College of Big Data and Information Engineering, Guizhou University, Guiyang 550025, China)

Abstract: Because blind people lack visual perception, they are at greater risk when traveling outdoors independently. In order to
enhance the environment perception ability of blind people in outdoor scenes, this paper proposes an obstacle detection algorithm for
guide system based on YOLOVSs for the practical application of guide system. Firstly, in order to reduce the calculation amount of
the overall model, MobileNetV3 is used instead of the backbone feature extraction network of the original network. Then, the CA
attention mechanism is introduced to make the model pay better attention to the effective features in the training process. Finally, the
EloU bounding box loss function is used to replace the CloU of the original model, and the regression speed and accuracy of the
prediction box are optimized. Compared with the original model, the experimental results show that compared with the original
model, the algorithm proposed in this paper reduces the calculation amount by 59% , the number of parameters is reduced by 49.3%,
and the mAP is increased by 2.3% , which has certain practical value.
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Fig. 2 The overall network structure of the improved model
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Fig. 6 CA attention module structure
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Tab. 2 Comparison of different algorithms
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Tab. 3 The overall impact of different modules on the model
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Fig. 7 Comparison of detection performance of YOLOv5s model
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