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Detection of small obstacles in urban rail transit
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Abstract: Obstacles are an important factor affecting train operation safety. Due to little size, small
obstacles can be ignored easily. To solve above problems, an automatic detection algorithm had been
proposed based on convolutional neural network. Data augmentation was used in this algorithm to
balance the sample size and then convolutional neural network is used to feature fusion, combining the
location information and semantic information of small obstacles. The experimental results show that

the algorithm mentioned has good detection effect on small obstacles.
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Fig.1 Track images in different environments
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Fig.3 Region proposal network
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Fig.5 Structure diagram of feature fusion network
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Tab.3 Comparison of detection results with different
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Tab.4 Effect of the algorithm in different environments
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