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Fig.4 Comparison of two different neural networks for storm surge events 1 and 2
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Tab.1 Comparison of errors between NARX models with different delay numbers and BP neural network for storm surge

event 1
BH NARX 122 [ 45 BP i 22 M 2%
FER /D 3 6 12 24 36 —
R 0.81 0.90 0.91 0.94 0.89 0.29
Equs/cm 54.91 41.32 38.76 32.09 42.05 107.96
Eyafcm 42.10 30.92 28.17 23.08 33.63 90.01

F2 RNBHEGH2NARX REERHIER 5 BPHEMKIRELE
Tab.2 Comparison of errors between NARX models with different delay numbers and BP neural network for storm surge

event 2
ZH NARX #li 2 [ 2% BP Hft 5 [ 2%
FER/h 3 6 12 24 36 —
R? 0.58 0.67 0.78 0.95 0.93 0.78
Epys/cm 67.60 59.99 48.71 24,55 26.70 48.19
Eya/cm 54.40 46.64 35.02 19.62 21.02 37.61
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Extreme storm surge event forecasting based on a NARX neural network

ZHAO Hongkai, CHI Wanqing', YANG Jie, ZHOU Tao
(First Institute of Oceanography, Ministry of Natural Resources, Qingdao 266061, China)

Abstract: Using hourly tide level measurements from 00:00 on January 1, 1979 to 23:00 on December 25, 2003,
meteorological reanalysis data, and reconciliation analysis of the forecast results, a storm surge forecasting model
based on a nonlinear autoregressive model with exogenous inputs (NARX) neural network is conducted and
validated in two storm surge extreme events with the largest water gain in Cuxhaven harbor from 2004 to mid-
2018. The effects of the model parameters on the model's performance are quantitatively assessed. The results
show that the model's accuracy is the highest when the NARX neural network's delay number is 24 hours, and the
R? is 0.94 and 0.95 for the two extreme storm surges, with errors of 57.78 cm and 26.55 c¢cm at the highest tide
level, respectively. The model's accuracy gradually increases before the delay number reaches the threshold of 24
hours, and gradually decreases after the delay number exceeds the threshold. The temporal duration of the input
data also affects the model's accuracy, and longer input data series leads to higher accuracy of the model, but such
relationship becomes weak as the temporal duration of the input data exceed a threshold.

Key words: NARX neural network; storm tide elevation; tidal level prediction





