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Damage detection of bridges by means of neural network-supported FEM
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1. Introduction

There are currently about 730,000 bridges in Japan, of which about 660,000, or more than 90%, are managed by local
governments and local public agencies. Approximately 34% of them are over 50 years old. This is expected to increase to
about 59% in 10 years. Of the 27938 structures inspected between 2018 and 2021, 13833 (49.5%) have been identified as
having abnormal deformation, and they need to be observed for a certain period ". Therefore, the maintenance of bridges
is a serious problem.

The structural integrity of engineering structures such as bridges and buildings exposed to man-made and natural
environments is constantly changing due to various factors. To ensure the safety of the structure, close-up visual inspections
should be carried out once every five years 2, as well as conducting the Finite Element Method (FEM) based SHM.
However, even with improvements in computing and sampling methods, updating the complicated finite element (FE)
model with higher degrees of freedom is time-consuming. The large uncertainties can lead to large discrepancies between
the measured physical response and the response from FEA, which can reduce the reliability of the predictions. This study
aims to propose SHM using a data-driven FE model that combines machine learning and FEM to avoid updating the FE
model, reduce the amount of FE calculation, and increase the validity of the prediction. The artificial neural network (ANN)
is adopted to solve the problem of inconsistency between the results of FEA and observed data. The feasibility of the
proposed method is discussed using data from laboratory experiments on a model bridge and FEA.
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Fig.1 System of the proposed method.

3. Target bridge
The bridge in the experiment (Fig.2) is a simply-
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Fig.2 Bridge model for the in-house experiment.
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supported steel bridge with a span length of 5.4 m. A vehicle moves on the bridge at a speed of 9.4m/s. Sensors are set the
under the bridge to collect real-time acceleration and displacement. The sampling frequency of the measurement was 200
Hz. Reinforcements were installed on the bridge. The damage on the bridge is simulated when reinforcement is removed.

4. The surrogate model (ANN)

The ANN has three hidden layers of 512, 128, and 32 neurons. The input layer is a flattened 62X7 matrix. The number
of rows is determined by the time step in FEA, and the number of columns is determined by the number of sensors. The
learning rate is 0.001.

The activate function is the rectified linear unit (ReLU), and the error function is a combination of softmax and means
square error (MSE).Updating of the weight W in the ANN from layer Q to layer R could be summarized as:
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where wf ij is the weight of the jth neuron in layer Q on the ith neuron in layer R, 7 is the learning ratio, and k is the
epoch of the calculation.
A scaling operator consists of a kernel and a Hadamart operator. The expression of the kernel K is given by:
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The expression of the Hadamart operator H is given by:
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6. Conclusions
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