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Detection of pantograph fauits based on YOLOV3—-tiny
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[ Abstract] In order to avoid the train running safety problems caused by falling off pantograph and missing amniotic horn, a
method of tracking pantograph is put forward. It can track falling off pantograph and missing amniotic horn through surveillance
video, and give early warning when pantograph fails. In order to solve the problem that the target is lost and cannot be recovered in
the tracking process of KCF algorithm, a detection mechanism is introduced to correct the TRACKING algorithm of KCF. About 20,
000 pictures and 3 videos captured by the camera are used as training samples. The training samples are used for offline training of
Yolov3-Tiny network to generate a prediction model. Finally, the trained model and the improved KCF algorithm were used to track
the monitoring images of the camera online in real time, and it was found that the accuracy rate of tracking and detection of
pantograph falling off and missing ram horns was 91.3% , higher than that of Yolov2-Tiny algorithm and YOLO-Tiny algorithm.
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Fig. 1 Normal operation diagram of pantograph
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Fig. 2 Schematic diagram of normal ram horn
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Fig. 3 The pantograph falls off
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Fig. 4 Ram horns are missing
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Fig. 5 Manual detection of pantograph
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Fig. 6 YOLOv3-tiny network structure
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Fig. 7 Flowchart of pantograph fault detection
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Tab. 1 Test results on the dataset
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Fig. 8 Display of horn detection results
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Fig. 9 Display results of pantograph detection
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Fig.10 Early warning of abnormal conditions
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