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ABSTRACT

Purpose: In this study, various methods of deep learning-based automatic damage analysis technology
were reviewed based on images taken through Unmanned Aerial Vehicle to more efficiently and reliably
inspect the exterior inspection and inspection of railway bridges using Unmanned Aerial Vehicle.
Method: A deep learning analysis model was created by defining damage items based on the acquired
images and extracting deep learning data. In addition, the model that learned the damage images for
cracks, concrete and paint scaling-spalling, leakage, and Reinforcement exposure among damage of
railway bridges was applied and tested with the results of automatic damage analysis. Result: As a result
of the analysis, a method with an average detection recall of 95% or more was confirmed. This analysis
technology enables more objective and accurate damage detection compared to the existing visual
inspection results. Conclusion: through the developed technology in this study, it is expected that it will
be possible to analysis more accurate results, shorter time and reduce costs by using the automatic
damage analysis technology using Unmanned Aerial Vehicle in railway maintenance.
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Table 2. Specifications of UAV and camera devices

Items Description
Hovering Accuracy (P-GPS) Vertical: 0.5 m, Horizontal: +1.5 m
UAV Max Wind Resistance 8m/s
Weight 9.5kg
Image Sensor 35mm Full frame
Camera ) .
Number of Pixels(Effective) 42.4MP(7952%5304)
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(2) True Negative(TN): A4 Fte AAlo|11 HEO] oS G AAIQ1 7%
(3) False Positive (FP): AA| g2 730t BHEO] o= gho] el 754
(4) False Negative(FN): AA]| g2 Foluf R o] ol % gho] AR 7

Table 4. Definition of confusion matrix

Prediction
Confusion Matrix
True False
Actul True TP(True Positive) FN(False Negative)
ctua
False FP(False Positive) TN(True Negative)
A5 A

= ﬁ—?"ﬂ/ﬂ THEF 26,4767H—°4 A oln]A] HolB5:20%0] g k=5 2957H°ﬂ tfistod %_“J%} @% = 4% 45k

P
Re C(ll l = m ( 1 )
FP+FN
Brror = P ENT TN @
TP+ TN
Aceuracy = 5 P FNT TN A)

Table 5. Analysis results for each damage

Items Crack  Concrete Scaling/Spalling Reinforcement Exposure ~ Leak  Paint Scaling/Spalling
. Recall 02325 0.1693 0.1306 0.1346 0.3350
Dez;“_ogcl\g%md Emor  0.5776 0.7438 0.7080 0.7376 0.4308
Accuracy  0.4224 0.2562 0.2920 0.2624 0.5692
Segmentation ~ Recall  0.8936 0.8853 0.8967 0.8570 0.9022
Method Error  0.0991 0.1091 0.1125 0.1408 0.1008
(FPN) Accuracy  0.9009 0.8909 0.8875 0.8592 0.8992
Segmentation  Recall  0.9074 0.8923 0.8155 0.8104 0.9559
Method Error  0.0879 0.0983 0.1908 0.1863 0.0446
(PSPNet) Accuracy  0.9122 0.9017 0.8092 0.8137 0.9555
Segmentation ~ Recall  0.9601 0.9818 0.9458 0.9247 0.9479
Method Error  0.0371 0.0208 0.0495 0.0712 0.0497
(U-Net) Accuracy  0.9629 0.9792 0.9505 0.9288 0.9503
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