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Flaw Evaluation of Bogie connected Part for Railway Vehicle Based
on Convolutional Neural Network
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Abstract The bogies of railway vehicles are one of the most critical components for service. Fatigue
defects in the bogie can be initiated for various reasons, such as material imperfection, welding defects,
and unpredictable and excessive overloads during operation. To prevent the derailment of a railway
vehicle, it is necessary to evaluate and detect the defect of a connection weldment between the car body
and bogie accurately. The safety of the bogie weldment was checked using an ultrasonic test, and it is
necessary to determine the occurrence of defects using a learning method. Recently, studies on deep
learning have been performed to identify defects with a high recognition rate with respect to a fine and
similar defect. In this paper, the databases of weldment specimens with artificial defects were
constructed to detect the defect of a bogie weldment. The ultrasonic inspection using the wedge angle
was performed to understand the detection ability of fatigue cracks. In addition, the convolutional neural
network was applied to minimize human error during the inspection. The results showed that the defects
of connection weldment between the car body and bogie could be classified with more than 99.98%

accuracy using CNN, and the effectiveness can be verified in the case of an inspection.
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Fig. 2. Weldment specimen with 2-class flaws
(a) FBH (b) BN

A 2

Fig. 3. Ultrasonic testing methods using wedge angle
(a) Half-skip (b) One-skip
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Table 2. Flaw signal data

Flaw type Flaw #
FBH 71
BN 102
Total 173
Table 3. Augmented database
Flaw type Flaw #
FBH 1065
BN 1530
Total 2595
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Table 4. CNN structure

Filter size| Feature . i i
Layers / stride map # Dimension | Padding
1 Input - - 20481 -
2| Conv1 [161/ 81 32 25632 Same
3 | Max Pool 21 - 12832 -
41 Conv2 |31/21 64 6464 Same
5 | Max Pool 21 - 3264 -
6 |Drop-out 1| 0.25 - - -
7 Dense 300 - - -
8 |Drop-out 2 0.5 - - -
9| Output 5 - 5 -
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Fig. 4. Data augmentation by time-shifting
(a) original signal and time-shifted signal of (b) -50
(c) -100 (d) +50 (e) +100 points
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Fig. 5. Data augmentation by add-noise
(a) original signal and SNR (b) 20 (c) 15
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Fig. 63} Zt}.
Table 5. Database division for K-fold cross validation
Flaw Type Training Validation Total
FBH 965 100 1065
BN 1380 150 1530
Total 2345 250 2595
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Table 6. Confusion matrix of validation dataset
Predicted Label

FBH BN
True FBH 100 0
Label
BN 0 100

Table 7. Classification of bogie weldment crack
signal with trained CNN

Ultrasonic Data Flaw Type Probability (%)
FBH 0.01

Bogie data (1)
BN 99.99
FBH 0.02

Bogie data (2)
BN 99.98
FBH 0

Bogie dat

ogte dara (3) BN 100
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Fig. 8. Inspection zones @ and @ for connection
weld between carbody and bogie
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