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DEVELOPMENT OF A MODEL FOR DISCRIMINATING BETWEEN
SECTIONS ON A BRIDGE DURING VEHICLE VIBRATION

&F EA
Naoki KANEKO

(FEEHEA 1WA )

Bridges, an important component of the transportation network developed in recent years, are facing problems due to
aging. As a method of monitoring bridges using vibration, we installed sensors on vehicles and ran them over bridges
to measure bridge vibration. Vehicle response analysis, a monitoring method using vibration, has been proposed as a
method for managing aging bridges. Vehicle response analysis has been applied to damage detection and noodle
pavement investigation, and research for social implementation is underway. However, the existing researches have
analyzed only the section where the vehicle traveled on the bridge, and there is still a problem in identifying the bridge
part of the measured vehicle vibration. In this study, we use a technique for estimating the bridge vibration from the
measured vehicle vibration to estimate the section that passes over the bridge. In this paper, we apply the method
studied by Shin et al. (2021) to the vibration data of vehicles traveling over multiple bridges. In this analysis, we were
able to increase the correctness rate to 90% using data limited to bridges with one span. The results show that we have
succeeded in estimating the bridge positions of some bridges, and it is expected that the social implementation of
bridge monitoring technology using vehicle response analysis will become more realistic.
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3.2 Recurrent Neural Network (RNN)
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3.3 Long Short-Term Memory (LSTM)
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