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Abstract

High-speed railway bridges carry a risk of dynamic response amplification due to resonance caused by train loads, and running safety and
riding comfort must therefore be reviewed through dynamic analysis in accordance with design codes. The running safety and ride comfort
calculation procedure, however, is time consuming and expensive because dynamic analyses must be performed for every 10 km/h interval up
to 110% of the design speed, including the critical speed for each train type. In this paper, a deep-learning-based prediction system that can
predict the running safety and ride comfort in advance is proposed. The system does not use dynamic analysis but employs a deep learning
algorithm. The proposed system is based on a neural network trained on the dynamic analysis results of each train and speed of the railway
bridge and can predict the running safety and ride comfort according to input parameters such as train speed and bridge characteristics. To
confirm the performance of the proposed system, running safety and riding comfort are predicted for a single span, straight simple beam
bridge. Our results confirm that the deck vertical displacement and deck vertical acceleration for calculating running safety and riding comfort
can be predicted with high accuracy.
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Table 1 Review criteria of running safety and ride comfort

running safety ride comfort
. . ballast track : 0.35g
vertical acceleration -
concrete track : 0.5g
. . L L L
< = <=
vertical deflection = %0 <%0~ oo
slab twist 1.2~3.0mm/3m -
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Fig. 1 Review process of running safety and ride comfort
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Fig. 3 Running safety and ride comfort prediction system
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Fig. 4 Bridge and train load used in analysis
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Table 2 Learning data set

parameter

train velocity

bridge density

bridge elasticity

input parameter - -
bridge width

bridge deck height

bridge length

vertical acceleration

output parameter

vertical deflection




Table 3 Input parameter data range

input parameter unit data range

train velocity km/h 110~200

bridge density kg/m’ 1,175~4,700

bridge elasticity MPa 14,250~57,000

bridge width m 1~5

bridge deck height m 1~5

bridge length m 10~50
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Table 4 Prediction results

accuracy

case TP | TN | FP | FN %) remark
deck vertical deflection |1.400| 555 | 34 | 11 | 97.75 | | P&
meter
1 -
deck vertical acceleration| 1,268 | 556 | 67 | 109 | 91.20 para
meter
deck vem.cal deﬂectlor.l& 1251 532 | 56 | 161 89.15 2 para-
deck vertical acceleration meters
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