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In modern engineering, Artificial Intelligence (Al) and several data analysis techniques are frequently used and
developed in various fields. These quantitative approaches, however, are somewhat focused on the assumption
that sensor data properly expresses the physical phenomenon. Besides they still have limitations such as
nonlinearity, different environmental condition and complexity of response. Another issue is that the data can be
obtained through experiments, but due to the constraints of time and cost of experiments, obtaining a large
amount of data that may be able to fully explain diverse natural occurrences is impossible. To deal with the
aforementioned issues, we propose shoreline prediction techniques using a combination of physics and data
analysis models. The physical coefficients of the existing differential equation are optimized through a genetic
algorithm and approximate solution is obtained through the Euler method. This was used as prior knowledge and
combined with a data analysis model to predict the shoreline position. As a result of the experiment, when there
was enough training data, the performance of data analysis model was better than that of the proposed method,
but the performance of the proposed method was better in situations where the training data was insufficient.

Keywords: Shoreline Prediction, Ordinary Differential Equations, Genetic Algorithm, Physics Informed
Machine Learning
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T Kim et al.(2021)0] &84 R 2 3 E4
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Ala¢ s W1 98 Al4(beach response factor)9} 3 ¥l
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Figure 1. Temporal Series of Shoreline Change on Tairua Beach,
New Zealand
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Figure 3. Prediction Results via ODE and Actual Values of
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Table 1. Optimal k, values corresponding to the Several

Window Sizes

Window Size Optimal k,
500 0.0056
1000 0.009
2000 0.015
3000 0.014
4000 0.012
5000 0.013
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3000 4.474 4.170
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Figure 9. Performance Comparisons between Data-driven Model
and Physics-informed Data-driven Model with the
Different Training Sample Sizes
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