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Fig.1 Numerical model grid, location of Zhelang marine station, and paths of typhoons
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Tab.1 Comparison of the predicted maximum storm surge error between numerical simulation and two neural network

schemes
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Tab.2 Comparison of the predicted main oscillation process error between numerical simulation and two neural network

schemes
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Fig.3 Comparison between the measured storm surge and the predicted results of numerical model and two neural network
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Fig.4 Scatter plot and fitting curve of MAE in the main
oscillation process

2.3 XHABENIRZERIITIEIRIE

TR A AL G SR B T X T AN TR 5 R A
(R R Sy 5 AEAE R 22 5, AR SOX 16 4> 15 KRR AR 11
PATXE LU B R ZBUE DL R T 30k b 3R b 28
25 ) ZEAE FE  FRATTBETT T — AN P BE AL I 22
PIINRIRES o 508, B A5 (A A0 Y XU 3 K
G
S,. =80, - R, xi,i=1:30 (1)
S, AT AL I 2] A BLELE KA 5 SO, Syt %]
P SELIE K AR s R A AEIX A1 (0, 2) N 3450 3 A B AL
Hm i, HAS 5 S0 — 2, I E R 1R E N th %
XTIV R )i A . F 2 (1) AT ARG 1) 30 41 i 50 4
KL T EATH MAE (BRI R B F- ¥ {H ) A 1~30 cm #
SIARAY o B AR SC T o 28 0 2y % i A O B
P25 RO I K S AT I 25, o] LUIAS 3 &5 K
FEAS T 25 5 MAE Fifi O B HL i 22 - 25 1 79 722 4k
(UL 6) . [RIFE, FRATE XA 5 KU A3 AR 5 3
K SHEAT 10 WK SE 2L A S (A I 2R P F000 , T J5 43 BT
HAPHMAE, 7EIX —I50 4 5 KU A I 21 1 7
MHEFRN AR ZE G T30 2
PN = R R EZ S SR EAE S
) MAE Fifi 28 10 719 O 22 7 B A 00 28 Ak i 44 5 &1 4 1)
TR MR Y w2 I E R N TSR 2
B T 45 S 5 VT T A 2 7 2 i 4 SR R A — 3, i

KI5 PR RIZE 2K )5 20 R TN 45 2R MAE BB i 22 224k
Fig.5 The standard deviations of MAE from multiple
predictions using two neural network schemes

K16 16415 KFEASTIIN 45 5 MAE BE O BEHL I 25 T35 E 1)
Ak
Fig.6 The average pseudo random deviation values of MAE
in the prediction results of 16 typhoons

TR LA RN . h T IX R 22 = 2L T
O AT BEALEL, BR TP A LA, 2% i 20 1 35 5l 2
JCTE TN A, DR IHG 244 T — i 2 50 5 (00 184 7K 14790 50
JINIRE AR 2 TS WA A, i 28 0 245 AR 53 B3R -
P X RE AL LU o T I P 58 2 o 2 1) 2% g
F BT T AR DA 30 S /N, A5 M) T A 2 (L 1Y
B 5E SO 5 R T 07 %8 1o BEAH I 22 F ¥ 1
A2 T3 K, 5 5 2 A5 58 1R I AR AR AL T 0T 1



8 i

D= TR 4 41%

D 22 F- S LAY 45 2R, I HAUH AW, 3 58 04
BT R 2% 10 2 SR AT DU 2 A 4R
MR . BAKRTE , I % 2 F R ZE K L7
2 1/ 1.48 cm, [A] 2 2 Fp I T 4Rad A K MAE
MR —E SX 4502k, iRl R
Hr 5 2 Z R TS S MAE 35 sh 5 B4k € 1
N, IF ELEE XA B XA B P00 AR AR 2 (L
7)o i bR XS He AT RLgE— 5 U A 22 1 2%
TR T e B R S SR A Ak, 3 HLOy
22 2 W TN ZS SRANTE AL MR A S R 1y T , R
TIrE L.

BT ORI 2232050 rh b 22 ) 28 7 58 2 R B 25 21 MAE
MbRE2E 4L
Fig.7 The standard deviations of MAE from multiple predi-
ctions using neural network schemes in pseudo random
deviation trials

3 i

AR ORI LSTM #ift 28 R 265 1) 5 325, b E 1 L4
T AAELFN BN 3T IEAE P A 58, LA 20 4 X
24 T IR VA e DX R I 2 KR T 3 K 1) 16
A KFEASR 1, R G U B BB 01 45 S F
Frie Ak, X W Rh oy 42 T 45 SR A0 v] SE vk UEAT 4
Bro 4530

OLSTM #1251 25 J5 1 X B AT 0L 45 0 1 el 3%
B2 R R ORI =B R e R R 3 K TN 45 SR () MAE
FIMRE 435317 7.1 cm .8.2% F1 16.1 cm . 34.7%, 4%
{845 X A IR 22 98 /N T 20.5 cm, 27.2% #1 7.9 cm,

13.8%, U35 R B2 43 1) 35 51 74% F133%

@ AHHE TR FH o 28 X 285 5 1k L2 00 384 7K, 1 FH
S 5 (AR AL 45 SR A 1T D (LR A 7 0 R % B o 4o
25 W 28 R BT SR P AN Bff o e G i R R A
TG S JEAS 1 W 3, (75 e 2 1) U 225 SR W
UENCTE T

JRU ) 1 T 4 15R 2 AR R B 1ok R T X B KL
T )l 25, 5 IRE R 1) R i T 0 SR LR B
IR ) S 5 10 AS WK 0 4, X 17 0 T A 2 A A
T HE DL R FE LR 3 53 A, P 2 N 28 Jr 12 75 B
FH R 5 B8 AT U 25 A Re A5 31 FRAR A 45 R0, (H2
AT BN UL i v XU ) 184 7K 8 1 2 1 5 IKURE AR
— A T ILEJL A, XE LA L 2Rk, SEPR I,
QAR & G BRI 2R bl 2 W 45, 38 A4S
ANT7 SR TN 45 1 Fe R 7K MAE #KF 25 cm, 2L
Jede 2 1 AR A 2 N 285 9 A A B R AR 41
SEUL EAT AR v S ) o | A R R T v A
MR AR A RO 58, TR E R T R . R R
ol 2 X 245 % B 45 SR A 1T I AR A T T, B fof 7 5K
EA U HER BT, LA SR ffiik,
A AT S

Sk

[1] A SR B . 2013—2022 4F v [# 7 1 ¢ FE A R[R]. b3t 2013—
2022.

Ministry of Natural Resources. Bulletin of China marine disaster
from 2013 to 2022[R]. Beijing, 2013-2022.

[2] XUEK>%, S Ay, TARIT, 25 . a9 DX s 20 £k 75 UL

SRR B FE Kl HI[9]. 1 24l 2014, 36(11): 30-37.
LIU Q X, DONG J X, YU F J, et al. A high-resolution typhoon
storm surge forecast model covering the whole China's coastal
areas and its application[J]. Acta Oceanologica Sinica, 2014, 36
(11): 30-37.

[3] CHAO W T, YOUNG C C, HSU T W, et al. Long-lead-time
prediction of storm surge using artificial neural networks and
effective typhoon parameters: revisit and deeper insight[J]. Water,
2020, 12(9): 2394.

[4] HAQUE A U, MANDAL P, MENG J L, et al. Wind speed forecast
model for wind farm based on a hybrid machine learning algorithm
[J]. International Journal of Sustainable Energy, 2015, 34(1): 38-
51.

[5] KUMAR N K, SAVITHA R, AL MAMUN A. Regional ocean
wave height prediction using sequential learning neural networks
[J]. Ocean Engineering, 2017, 129: 605-612.

[6] JEK 4, HhmE, AR, 5 T AT MM & X IR P
73], B VA%, 2020, 39(4): 25-33.



434 A A A5 < R T 22 N 2% (LSTM) Xof XU I B(EASEADL 1 Ak o 9

ZHOU S H, HONG X, LIANG C X, et al. A method of tropical
cyclone wave height calculation based on Artificial neural network
[J]. Journal of Tropical Oceanography, 2020, 39(4): 25-33.

[7] ZHENG G, LI X F, ZHANG R H, et al. Purely satellite data-driven
deep learning forecast of complicated tropical instability waves[J].
Science Advances, 2020, 6(29): eabal482.

[8] BEEE), VD SCEE, TR, 45 . A A28 0 2% A6 KU W 3 K Tt o
0 [9]. TR TR, 2005, 22(2): 33-37.

XUE Y G, SHA W'Y, XU H B, et al. Application of the artificial
neural network in storm surge forecast[J]. Marine Forecasts, 2005,
22(2): 33-37.

[9] LEE T L. Back-propagation neural network for the prediction of the
short-term storm surge in Taichung harbor, Taiwan[J]. Engineering
Applications of Artificial Intelligence, 2008, 21(1): 63-72.

[10] CHEN W B, LIU W C, HSU M H. Predicting typhoon-induced
storm surge tide with a two-dimensional hydrodynamic model and
artificial neural network model[J]. Natural Hazards and Earth
System Sciences, 2012, 12(12): 3799-3809.

[11] KIM S, MATSUMI Y, MASE H, et al. Development of real time
storm surge forecasting using artificial neural network[C]//
Proceedings of the 1lth
Hydroscience & Engineering. 2014.

[12] KIM S W, MELBY J A, NADAL-CARABALLO N C, et al. A
time-dependent surrogate model for storm surge prediction based

International  Conference on

on an artificial neural network using high-fidelity synthetic
hurricane modeling[J]. Natural Hazards, 2015, 76(1): 565-585.

[13] KIM S, MATSUMI Y, PAN S Q, et al. A real-time forecast model
using artificial neural network for after-runner storm surges on the
Tottori coast, Japan[J]. Ocean Engineering, 2016, 122: 44-53.

[14] FR U, 22 /04%, S 78 . LT BP B2 I 4% 1) 51 1) 0 98 XL 1)
T N7 [3]. ¥ T0idi, 2016, 33(4): 9-16.

LU J F LI S W, YUAN F C. Application of storm surge
forecasting by BP artificial neural network off coast of Xiamen
[J]. Marine Forecasts, 2016, 33(4): 9-16.

[15] skAf, JOKAe, B E, 45 N T ZE AL & KUK B b
PRV [3]. 3T TR, 2016, 33(2): 60-65.

ZHANG J, ZHOU S H, HUANG B X, et al. Interpretation of
numerical storm surge model results using the artificial neural
network[J]. Marine Forecasts, 2016, 33(2): 60-65.

[16] SAHOO B, BHASKARAN P K. Prediction of storm surge and
coastal inundation using Artificial Neural Network - A case
study for 1999 Odisha Super Cyclone[J]. Weather and Climate
Extremes, 2019, 23: 100196.

[17] JAEAS, X5, SR 36T TSA-BP AR A4 i N 3 £ KUK 8
K T[], HEPERREERL:, 2022, 41(5): 807-812.

ZHOU Y J, LIU Q, ZHANG X Q. Prediction of typhoon storm
surge at Wenzhou station based on TSA-BP model[J]. Marine
Environmental Science, 2022, 41(5): 807-812.

[18] AR, SR, A K BH, 45 . BT iek VA b 2 o0 45 g DAL 48 7K 5

M. B R R G4k, 2017, 12(5): 640-644.

LEI S, SHI Z W, SHI T Y, et al. Prediction of storm surge based
on recurrent neural network[J]. CAAI Transactions on Intelligent
Systems, 2017, 12(5): 640-644.

[19] HEHT, ZRME Y, BT bR . R T 220 b 2 T 265 110 AU 1 1 K B
R0 AT [I]. R ), 2019, 38(3): 290-295.

XUE M, LI X F, CHENG F L. Comparative analysis of storm
surge water prediction methods based on multiple neural networks
[J]. Marine Science Bulletin, 2019, 38(3): 290-295.

[20] XUk, wemm, 254, 45 . JET 2728 i LSTM 25 o 25 55 44 14 JXL
SR AT TR [9]. VA I, 2020, 39(6): 689-694.

LIU Y'Y, ZHANG L, LI L, et al. Storm surge nowcasting based
on multivariable LSTM neural network model[J]. Marine Science
Bulletin, 2020, 39(6): 689-694.

[21] WAIBEL A, HANAZAWA T, HINTON G, et al. Phoneme

networks[J]. IEEE
Transactions on Acoustics, Speech, and Signal Processing, 1989,
37(3): 328-339.

[22] HOCHREITER S, SCHMIDHUBER J. Long short-term memory
[J]. Neural Computation, 1997, 9(8): 1735-1780.

[23] WANG B, LIU S C, WANG B, et al. Multi-step ahead short-term
predictions of storm surge level using CNN and LSTM network
[J]. Acta Oceanologica Sinica, 2021, 40(11): 104-118.

[24] THPRAE, TR, A, 45 R I b 22 I 248 A6 Ji 1] IR
AT S T [9]. o R 2424, 2022, 52(9): 10-19.
MIAO Q S, XU S S, YANG J K, et al. Application of long short-
term memory neural network in Xiamen storm surge forecast[J].
Periodical of Ocean University of China, 2022, 52(9): 10-19.

[25] BAJO M, UMGIESSER G. Storm surge forecast through a
combination of dynamic and neural network models[J]. Ocean
Modelling, 2010, 33(1-2): 1-9.

[26] WANG Q, CHEN J H, HU K L. Storm surge prediction for
Louisiana coast using artificial neural networks[C]//Proceedings

recognition using time-delay neural

of the 23rd International Conference on Neural Information
Processing. Kyoto: Springer, 2016: 396-405.

[27] CHEN C S, BEARDSLEY R C, COWLES G, et al. An
unstructured grid, finite-volume community ocean model:
FVCOM user manual[R]. 2013.

[28] sk, B HHERL, 45 . ST AUE R AR Y & KX A8 7
[3]. T TR -4 (A Sk B4R, 2014, 53(2): 252-256.

ZHANG Y D, SHANG S P, XIE Y S, et al. Typhoon wind field
model based on the radii of wind circle[J]. Journal of Xiamen
University (Natural Science), 2014, 53(2): 252-256.

[29] AR/ANNI, 2P 2RI, KAR, S5 . TR ARG Xl v 15 IRUXL A
FR52 0 [3]. 7 TR, 2020, 37(4): 30-37.

LIN X G, LUO R Z, ZHANG J, et al. Effects of wave-current
interaction on storm surge simulation in Shanwei Port[J]. Marine
Forecasts, 2020, 37(4): 30-37.

[30] KAREVAN Z, SUYKENS J A K. Transductive LSTM for time-
series prediction: an application to weather forecasting[J]. Neural
Networks, 2020, 125: 1-9.



10 WO W 41%

Application of Long Short-Term Memory neural network for optimization of
numerical simulation results of storm surge
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Abstract: Using a combination of Long Short-Term Memory (LSTM) neural network and numerical model, two
sets of prediction schemes for typhoon storm surge at the Zhelang marine station in eastern Guangdong have been
designed. Compared with the measured data, the LSTM neural network can significantly improve the accuracy of
the numerical model results. The average absolute error, average relative error and average improvement
amplitude of the prediction results for the maximum surge and the main oscillation process are 7.1 cm, 8.2%,
74% and 16.1 cm, 34.7%, 33%, respectively. Further analysis shows that predicting the corrected value of
numerical results using typhoon information can effectively limit the instability of neural network, which is more
accurate and reliable in comparison with predicting the storm surge level directly.
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