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Table 4. Average performance levels for 1-6 h predictions.

Measure REG SNN-Dense SNN-LSTM MIFENN
MAE (m) (.286 0.289 0.256 0.208
HIRBLE s ERE/KFEEE A RE 2R tMAE 0.077 0.078 0.069 0.056
RMSE (m) (.653 0.480 0.383 0.317
rRMSE 0.176 0.130 0.103 0.086
MEoal CE (.855 0919 0.949 0.965
R 0.924 0.966 0977 0.984
1. =8 B EEEESENA EW, (%) 7.822 10,979 7.686 6.150
TW, (h) 3.333 1.792 1417 1.167
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Table 3. Hardware equipment of the experimental systems.

ﬁ,._ﬁﬁl 2% 5 E ?H%l Equipment Cluster System Standalone PC
5F T = o= 2 Brand and model ASUS-TS300EY GIGABYTE-P55
1. BUSESFABEERIEENE: CPU E3-1240v6 (3.5GHz) [7-6700HQ (3.5GHz)
2. BiIESE:85; BT i Chipset Intel C236 i'hiplfet Intel C236 (;'h'ipl_:,ﬂ
BUBRAERRN S TER G Memory DDR4-240016G DDR4-240016G

Number of computers - 1
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Table 5. Evaluation of the optimal models using Case 3 data under each angle.
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. Optimal Model Case ~ RMSE (mmf/h)  Optimal Model Case ~ RMSE (mm/h)
05° XGBoost with Case 3 2807 XGBoost with Case 3 2
14° XGBoost with Case 3 2750 XGBoost with Case 3 2102
24 XGBoost with Case 3 2832 XGBoost with Case 3 2087
34 XGBoost with Case 3 2.782 XGBoost with Case 3 220
43 XGBoost with Case 3 2636 XGBoost with Case 3 2016
60" XGBoost with Case 3 2520 XGBoost with Case 3 2289
9g¢ XGBoost with Case 3 2584 XCBoost with Case 3 2093
14.6° XGBoost with Case 3 2649 XCBoost with Case 3 2802
19.5° XGBoost with Case 3 2761 XGBoost with Case 3 2532
All XGBoost with Case 3 273 XGBoost with Case 3 3.050

Average of all subcases 2706 Average of all subcases 2359
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Nearshore two-step typhoon wind-wave prediction using
deep recurrent neural networks

Chih-Chiang Wei and Ju-Yueh Cheng

ABSTRACT

Because Tawan is located within the subtropical high and on the primary path of westem Pacific
typhoons, the interaction of these two BCors easily causes extreme climate conditions, with strong
wind camying heavy rain and huge wind waves. To obtain precse wind-wave data for weather
forecasting and thus minimize the threat posed by wind waves, this study proposes a two-step
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