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Prediction of Wave Breaking Using Machine Learning Open Source Platform
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Abstract : A large number of studies on wave breaking have been carried out, and many experimental data have
been documented. Moreover, on the basis of various experimental data set, many empirical or semi-empirical for-
mulas based primarily on regression analysis have been proposed to quantitatively estimate wave breaking for
engineering applications. However, wave breaking has an inherent variability, which imply that a linear statistical
approach such as linear regression analysis might be inadequate. This study presents an alternative nonlinear
method using an neural network, one of the machine learning methods, to estimate breaking wave height and
breaking depth. The neural network is modeled using Tensorflow, a machine learning open source platform dis-
tributed by Google. The neural network is trained by randomly selecting the collected experimental data, and the
trained neural network is evaluated using data not used for learning process. The results for wave breaking height
and depth predicted by fully trained neural network are more accurate than those obtained by existing empirical
formulas. These results show that neural network is an useful tool for the prediction of wave breaking.

Keywords : wave breaking height, breaking depth, machine learning, neural network, Tensorflow
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Table 1. Summary of historical experimental data set on breaking waves

Source Beach slope Period Deepwater wave height Number
(m) (T [sD (H, [em]) of cases
Iversen (1952)* 0.02~0.1 0.74~2.67 2.7~124 63
Nakamura et al. (1966) 0.01~0.1 1.0~2.5 0.3~25 396
Singamsetti and Wind (1967)* 0.025~0.2 1.03~1.73 6.6~16.0 95
Horikawa and Kuo (1967)* 0.0125~0.05 1.2~2.3 4.7~17.3 97
Galvin (1969)* 0.05~0.2 1.0~6.0 2.7-9.8 19
Saeki and Sasaki (1973)* 0.02 1.3~2.5 6.3~10.3 2
Iwagaki et al. (1974)* 0.03~0.1 1.0~2.0 3.1~114 23
Walker (1974)* 0.033 1.17~2.33 1.0~8.0 15
Mizuguchi (1981)* 0.1 1.2 10.0 1
Visser (1982)* 0.05~0.1 0.7~2.01 6.0~10.2
Smith and Kraus (1990) 0.033 1.02~2.49 8.6~16.8 5
Deo and Jagdale (2003) 0.033~0.1 0.74~1.2 7.3~13.0 20
Lara et al. (2006) 0.05 1.2~4.0 5.0~15.0 12
Xie et al. (2019) 0.1 1.75~2.05 3.0~5.0 25
0.1 0.2
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(2) Relationship between H,/L, and H,/L,

(b) Relationship between h,/L, and H,/L,

Fig. 1. Relationship between wave breaker index and deep water wave steepness by historical laboratory experiments.
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Fig. 2. Relationship between wave breaker index and deep water wave steepness by beach slope.
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Table 2. Results of error analysis
Target Formula SI R’
Wave breaking Rattanapitikon and Shibayama (2006) 0.24 0.85
height Goda (2010) 0.22 0.87
. Rattanapitikon and Shibayama (2006) 0.34 0.79
Breaking depth Xie et al. (2019) 035 0.78
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Fig. 6. A schematic TensorFlow dataflow graph for a training pipeline, containing subgraphs for reading input data,preprocessing, training,

and checkpointing state (Abadi et al., 2016).
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