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[ Abstract] With the improvement of railway transportation capacity and the increase of traffic volume, the safety situation of train
operation is becoming more and more serious, which also raises higher requirements for the safety guarantee of train operation line.
In order to solve the railway safety problem caused by the intrusion of track foreign objects, this paper obtains the track image by the
combination of UAV aerial photography and manual collection, and uses the special labeling software to label the foreign objects in
the track, applies the deep learning YOLOVS algorithm network model to train the track foreign object data set. Thereafter the paper
detects the designated detection area through the training model, and achives good test results. The experimental results show that the
average accuracy of this algorithm for the identification of foreign objects on the railway track under the experimental conditions of
this paper is 99.6%. It is demonstrated that the results basically meet the requirements of railway train operation safety for the
identification of foreign objects on the railway track.
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Fig. 4 Track images samples processing
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Tab.1 Comparison results of the model %
RIlERES P R mAP
Faster RCNN 84.3 86.9 87.5
YOLOv3 86.7 89.4 89.7
YOLOv5 99.8 99.4 99.6
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