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A Proposal of New Breaker Index Formula Using Supervised Machine Learning
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Abstract : Breaking waves generated by wave shoaling in coastal areas have a close relationship with various
physical phenomena in coastal regions, such as sediment transport, longshore currents, and shock wave pressure.
Therefore, it is crucial to accurately predict breaker index such as breaking wave height and breaking depth, when
designing coastal structures. Numerous scientific efforts have been made in the past by many researchers to iden-
tify and predict the breaking phenomenon. Representative studies on wave breaking provide many empirical for-
mulas for the prediction of breaking index, mainly through hydraulic model experiments. However, the existing
empirical formulas for breaking index determine the coefficients of the assumed equation through statistical analy-
sis of data under the assumption of a specific equation. In this paper, we applied a representative linear-based
supervised machine learning algorithms that show high predictive performance in various research fields related to
regression or classification problems. Based on the used machine learning methods, a model for prediction of the
breaking index is developed from previously published experimental data on the breaking wave, and a new linear
equation for prediction of breaker index is presented from the trained model. The newly proposed breaker index
formula showed similar predictive performance compared to the existing empirical formula, although it was a sim-
ple linear equation.

Keywords : wave breaking height, breaking depth, machine learning, supervised learning, breaker index formula
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2006; Lee et al., 2007; Chella et al., 2015). CFDE o]
&t 7] AlE o] S Hutel] WAl BAE AL JE,
el A, 71A19) o W Al e st 5o
a2 4= Q= o] ol sk o%3] CFD7INES] 4=
AR W2 Ax]go] AQHThE S A8 S 7
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2.1 2fxtof| cHst S2[ZF Hof

SkA] 713 mis} o] 57k Htel] st Ry
A oy AFAEel Qdl FEs] FaEo] ghom, A4
& AAET ST sHARE, Hukr] g e] ool A
R ehsiA dXx|ehA] gkt =, Tt HolE EEet
ARE HTkE A olshe A5-9F 9kde] ddo] Ao] Hi=
ARE Aot A olshs A5, 52 sbeollA e A AE]
L7t oS RIS A5 ATk Yshs -polth
wpeba], Sopr ] Aol wt Hututare AAxtsER oF
ZF2doldl 4= ek, Ak A A (still water level,
SWL)Z} 3= (mean water level, MWL)2] 28 o] H-of
upe} Aole 4= gl

2 ATeAE 7129 | EEAE Ayl dist #kse] A
ZF B-E-S Smith and Krasu(1991)2] A7-2HE 53190
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Table 1. Summary of historical experimental data set on breaking waves
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Fig. 1. Definition sketch of wave at incipient breaking.

(2003), Lara et al.(2006) ¥ Smith and Kraus(1990)%] <1
TE FEste] A5l B3, - ArellM= 57K Ishida
and Yamaguchi(1983), Sakai et al.(1986) % Kakuno et al.
(1996)¢] 7258 Agdas #7712 d53813lt & AT
oA o]-ggt AHAES] 231 9 WS Table 100 Btk
7IE ATEREH F 860712 AHUelHE F5813lon A
H BAR= 0.01~0.22] H91E 2=t} o, Ishida and Yamaguchi
(1983)¢] AAdolEl= Avlralel tigh JRE Algskar 9l
#] ¢ka1, Whdef| Xie et al.(2019)2] A HloE+= 2+ v}
spaze] tist RS Algstal QA o m R Zhze] Hloly
= Auptae} ekl S clSehe Ao Aldeitt. &
H, Table 1914 *2 Smith and Kraus(1990)Z4-E 2535
AT
2.3 X[ 0| CHet SHEMH M
HAzte] 71 71ws] flal Hutakare} Hupaate] vl
Hy/hy, H5Fka19) HjuiA] oM o] spgate] v Hy/L,, St}

Source Beach slope Period Deepwater wave height Number of
(m) (T [s]) (H, [cm]) cases
Iversen (1952)* 0.02~0.1 0.74~2.67 2.7~12.4 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 3.1~11.4 23
Walker (1974)* 0.033 1.17~2.33 1.0~8.0 15
Mizuguchi (1981)* 0.1 12 10.0 1
Visser (1982)* 0.05~0.1 0.7~2.01 6.0~10.2 7
Ishida and Yamaguchi (1983) 0.1 0.68~1.5 2.66~7.58 6
Sakai et al. (1986) 0.033~0.02 1.78~2.21 12.2~23.7 19
Smith and Kraus (1990)* 0.033 1.02~2.49 8.6~16.8 5
Kakuno et al. (1996) 0.033~0.1 0.88~2.00 2.2~13.2 55
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
Total number of samples 860
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Fig. 2. Relationship between breaker index and deep water wave steepness by historical laboratory experiments.
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Fig. 3. Relationship between wave breaker index and deep water wave steepness by historical laboratory experiments.
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Table 1°f] K21 3323 dlolH 2] 60%E dHH A 285}
Rom, LHA] 30%2] H|o]E](test data)= ShyEl
7Feb=dl ARS-SEoATt. sHAIEE, g E 7} vlo|E & o] &5}
o] MLO| A5 st st E sk d-9olle 3
7} dlolefel] Fo A gto] st 4= Qlt}. olefst MLOlA] &
A 7158k IS WK|sl7] Y3l A% (cross validation)
< Agslelth 2SS Fshs A9l Bt Unkske
2aE 753 5 glom Askd doje® st AT
(under-fitting)& WA & = &= FHo] U
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Fig. 5. k-fold cross-validation.

-0} (leave-one-out), 7158 k-7 (Stratified k-fold) 2}7]
% o] Alek=]o] QA ¥kArlot and Celisse, 2010), - AAF-
oM Fig. 59} 7ro] WAFHZOA] b kA o7 AME)
= kAKk=5) LABFE A8a,

4.2 5f0|| mf2m[E] =[X=}

ML 2219 5355 FA717] fl8iA= ML ¢arg]
=98] T2 Aojsh= stolH shebHlE ol thgk 2 3}
o] ar¢t}. stos sheprE] H A slell= AR E A€
Z3he A% Zoh)]:= Manual search, S2pHEof] T3t 2 &
ZRrom R HA O 235 Fohll= AXF M (Grid search)
4 slolu] mhebe|E 9] A8 7hs W9 UlellA] 2R vhE
FEolo] HA Y 23S ohl= T2 4 (Random search)
59 W o] 2tk (Bergstra and Bengio, 2012).
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Fig. 6. Grid and random search of nine trials for hyper-parameter
tuning (Bergstra and Bengio, 2012).
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AFo)Z & (Scikit-learn)> 3F0] % (Python) 0.2 24 H W&
HAled gfojBe|g|Z vloly HAg, e 55 9 F7}t
ol disk tekst ol EgjAlold 2 QIEIFo] X~ (AP)E
A&3kaL 3l Tth(Pedregosa et al., 2011). <= ] Tensorflow,
Keras, Pytorch®} 7+-&- Heldo] E3l9 glo]Helg]7} vk
3 Holol ] AFH 0% BEH T YA, AIUBL B
9} 3|9, Y HY, AhFLS} T2 MLS Y3 dosE &
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Fig. 7. Process for cross-validation and hyperparameter optimization using Scikit-learn.
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0%7%1 x,% Exg ye A5 9 vy 47 Sxge
1, i HlolE ] = o|w, AYAIGFE 3
%kﬂr 04] o go) FEgS oJu)dic
%*d, At nA % 7, A5E flE ML gaesel ueE
3| AAFt AgAG] A3HE Table 201 2.oFstc}, 74 &
ML Edo] H3WHGFE Fdohe A 52 ARH AAT=

Table 2. Summary of ML training and prediction results for breaking wave height

Tarcet Regression coefficients R
aee Model Hyper-parameter —
variable W w, W, Training data Test data
LRM - 0.002 0.081 0.853 0.884 0.865
a=0.1 0.010 0.073 0.593 0.804 0.797
RR a=02 0.015 0.067 0.455 0.697 0.695
a=03 0.018 0.062 0.369 0.607 0.608
a=05, e=1.5 0.002 0.062 0.904 0.878 0.855
a=05, e=2.5 0.002 0.074 0.868 0.883 0.863
HR a=05, e=3.5 0.002 0.078 0.853 0.884 0.865
I, a=10,e=15 0.002 0.063 0.892 0.879 0.857
a=10, e=25 0.002 0.074 0.856 0.883 0.864
a=10, e=3.5 0.003 0.078 0.840 0.883 0.865
iter = 150 0.002 0.081 0.853 0.870 0.845
RANSAC
iter =300 0.002 0.081 0.853 0.850 0.826
c=1 0.002 0.064 0.906 0.932 0.854
SVM Cc=10 0.002 0.057 0.937 0.932 0.845
C=50 0.002 0.056 0.938 0.932 0.845
Table 3. Summary of ML training and prediction results for breaking depth
Regression coefficients R
Ta'rget Model Hyper-parameter £ —
variable W, w, W, Training data Test data
LRM - 0.001 0.005 1.220 0.876 0.834
a=0.1 0.012 —-0.004 0.849 0.795 0.795
RR a=02 0.019 —0.008 0.651 0.795 0.685
a=03 0.022 —-0.009 0.527 0.795 0.594
a=05, e=15 0.002 —0.003 1.206 0.875 0.833
a=05, e=25 0.002 0.001 1.207 0.875 0.835
HR a=05, e=3.5 0.002 0.003 1.199 0.875 0.837
a=10,e=15 0.003 —-0.003 1.180 0.874 0.837
a=10, =25 0.002 0.001 1.183 0.875 0.838
a=1.0, e=3.5 0.002 0.003 1.176 0.874 0.839
iter = 150 0.001 0.005 1.220 0.844 0.756
RANSAC
iter =300 0.001 0.005 1.220 0.856 0.776
c=1 0.003 —-0.012 1.173 0.897 0.837
SVM Cc=10 0.002 -0.011 1.220 0.897 0.828
C=50 0.002 —-0.010 1.232 0.897 0.827
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Fig. 8. Comparison of the predicted wave breaking index using test data.
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