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I, Preliminaries

1. Related works
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2. MMDetection & mask R-CNN
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lll, The Proposed Scheme

1. Preprocessing of learning data
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Table 1. Classification of learning data

Training Data Validation Data
ltem normal | abnormal | normal | abnormal
Track Track Track Track
Track data 19,371(80%) 4,834(20%)
polygon 17,851 1,520 4,463 371
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Fig. 1. Converting Pascal VOC format to MS COCO format
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2. Deep learning training and inference
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predicted and segmented damaged railroad track
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Fig. 2. Railroad track image and image predicted and

segmented by mask R-CNN
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Table 2. Average Precision and Average Recall of
mask R—CNN
it (AP)@loU (AR)@loU
em 0.50:0.95 0.5 0.50:0.95
Bounding box 0.921 0.952 0.958
Segmentation 0.925 0.952 0.961
IV, Conclusions
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