w1
Haiyang Xuebao

$46% 46 5
2024 4F 6 H

Vol.46 No. 6
June 2024

JA SR, BRSEAR, MR, A AR T S I AT 1L M 22 T 45 Y O 19 Bk 22 R I TR AR B (D). 9 I 4 4R, 2024, 46(6): 14-25,
doi:10.12284/hyxb2024049
Zhou Sangjun, Wei Xiaoran, Xie Xinzhe, et al. A multivariate wave forecasting model for the Zhoushan archipelago using Long Short-Term

Memory deep neural networks[J]. Haiyang Xuebao, 2024, 46(6): 14-25, doi:10.12284/hyxb2024049

ETRKEMIZIZHZE N KA L iEE
S EHRBRMRER
FEZFEV AR, BT, XA,
KIEE, RN, AU LY

(LWL R 24 PR 2F B, WL FR 3160215 2. WiVL K2 W AR5 e, Mg =W 572025; 3. RIS hii s 5 & @O
25 REARWEFE I, 141 458 621000)

A -,

TE: ACLL20194 1 A 1 B E 20214 12 A 31 HA LA S w3 a0 &m0 a8 8% 3
5 % A i 3 B B4R o0 S A8 A Al A K & #2127 ( Long Short Term Memory, LSTM ) # £ K 45 45 2
REFSERTMAEE, KitMNBE T LN EZ R ESEA TGO, A LERE
R ZER, WARKE . HBKE A E e T, 2022 F & RS RCGE e Ak
HE B FERLEA SRR ERG TN, ARERKN, RELMEEFNEN L EZBERT
WAL AL BL AT A AT B TR A A AL M, R A MR LA T, YN R 101
BEAEHERE, MREK Y W ZEZHEA T H BT ARG A B B A i
M 77 #4% 2 ( Root Mean Squared Error, RMSE ) 4 %] 7 0.116 m, 0.569 s 1 24.583°, xt T #% 3% ¥ JL
A R B9 T RMSE 0191 m, Sy N2 20 E oy 3 Ao o7 #t — S RS A E R, 2 A TN B KB
K B A2 3 A Ao A

KEER: R E ¥ 3 LSTM; R T A

FESES: P743.2 XHkFRERD: A XEHS: 0253-4193(2024)06-0014—12

DT AE G2 7 vk B PR AL 1) 22715 i AR B BE 0, P 22

1 W5

Bt 5 T AR R T TR ORI I 1S 2 AL 2 o )
B & J&, ZRPHLas 7 > BOR T )2 W T T S e,
4n 3% % =) &2 AL ( Support Vector Machine, SVM) &1 gk
W B (Decision Tree, DT) 9, A T # £2 W 4% (Artificial
Neural Network, ANN)©7 25 FHL#8 % 2] J5 vk 44 i 50
AR AR S 7 B, ST BRI R, AN X f ]
KRR, AT DAY 4 R iR RS, SR

5 H #3: 2024-02-22; 1&1T H #3: 2024-05-10,

I 28 4 R e Jre TG, L )32 N H T TR T O e B
SR R A AR 5 N e g e

TE AR Z P 28 W 45 R AR vp | K S B2 42 (Long Short
Term Memory, LSTM ) #ft £ % 45 141 ] 45 2404 42 )7 51 4K
Tt v A R AR G R, R T A Y YR S e N A 2
X BB 501 B T R 5 A b T AR AR ) dp VR T Ak 0 R
43 9 AdE FH LSTM #f 28 [ 2% | J 1] £ # ( Back Propaga-
tion, BP) #ft £ ) 4% . SVM Il Z5 i 151 I 165 T2 13 % i 1)

HEWH: BE AR H (42376212); Wi K RHFW H % 1) (XY2023018).
EZ B v JHRA (1999—), &, Wil A AR T, EEMNF BB TAE, E-mail: 22234117@zju.edu.cn
*EEES: AMEE(1980—), B, Wl FIE X IR AR O, BF 55 5, B4, 35 50 350 9 5 55 5000 P 90 AR A9 F 52 . E-mail:

yfbai@zju.edu.cn


mailto:22234117@zju.edu.cn
mailto:yfbai@zju.edu.cn
http://www.hyxb.org.cn
http://www.hyxb.org.cn
http://www.hyxb.org.cn
http://www.hyxb.org.cn
http://www.hyxb.org.cn
http://www.hyxb.org.cn
http://www.hyxb.org.cn
http://www.hyxb.org.cn

6 8 JHSAF: BT ARSI SO 25 I 4% 14 F LA S5 2 R VR TR AR Y 15

BERY, 7E 3 AR Y 00 25 5L b, LSTM 455 784 (1% 7 1
B R o e BRDOBR T FH B SR AT 1 2R 3 AR R T T
TR 0 {E % 2 ( Simulating WAves Nearshore, SWAN) [
25 RN GR T — R A 5 LSTM M 2% )2 1Y IR JiE
e SRR I AE 15 i g e Vg Bl A T B 2R U v TN,
T 38 AT B 8] AH H A% G 04 55008 B =X aT ek 2D 98.59%
Fan 4817 38 23 T bE 6 FAS [R] A HL A 2 2 5 R AE AT R
T PO 55 E AR I, HEHE T LSTM i 48 [ 4% 15 4y 21
B SWAN 45 4, #4) H# SWAN-LSTM 45 B i 47 51 fi
W= WU, & 3% 1S T E B R L SWAN AR TR R 24
65%, Minuzzi A1 Farina" fff F§ LSTM #ift ¢ % 4% 52 P
% TP AR I TR e R R B R O, 7E B X 200 m
TR B 6 hAG 80 s T b AT T 12.96%
Y- 24 4 %0 g bR 22, 0T ERAS #5730 AT 45 R/ 1Y
13.31%,

RWFIR R W], LSTM Hf 28 X 45 J2 47 16 TR 114
BT, AT R R, 2505 i i H bR
DA v A X T AR M TR AE S A 38 ] 300 R g 1)
DR OCHE, AN, BN TAE BB 5E X 3ok 2 46 h
FERCRTE, B0 Ko BT 2 v TR VR DA T A5
20T B 5 52 K RN M (R 52 e, 6 3 T 3 B0
S K HAE & KU )5 8 2, DR, 30 2 7 VR 4
X T I R s B I ROR AN e A R
FH L B 2 e B e K B HE 8, Hob A AR BRI I, Bl
Mm%, R, 2K Rk, &2 R EBRZ N %2
Z M, AT S T R L TR TR ] Y E AR A
W0, DA LT 5 0 TR B S 00 Sl A R A 1 VYR
2 T BB S W TR AR MR 52 J 1 3 e AL R AR A, A
RFME. BT RN, RAOTELREH B R
3 5 35 YR A% R A B R ER (] LSTM #f 48 )
2, EF R R T ARG B 2R SRR LIRS
K SCHOE (2019-2021 45 ), #4531 25 il 4R 12 3l A
P A SR A O e o A SO SR ) B A% R O 11X 3 4 H AR
PR 2B R IR IR AL, [ R A R 8
Lb A A 2R 50 X A A T P R A S e . IS
AE Ay A L T8 58 ) 98 TR TR 2 e R SRR, Rl i Ay Ho A
T R T B T VR AR AR S

2 ARSIk

21 BENE

AFFFEHEE 2019 4F 1 A 1 H & 2021 4F 12 A 31
(] B2 N £ LU p 35008 38k — V2 A il S S <4 5
K S LA 25 BB A% T0I0 A5 28008 ver L A Ak R L Dk
] ) LSTM ALY o AT 1 51 Xof K 0% it s 5 40 2t A 7
S (LR T R IR O, A7 TS B AR IR BN S R %

SLA RO, DN B KRR B A IR A B i LS v . &
AL BEAAT 5 KL IR L A OGS 16 TE R A,
BN RFEMRR . R REEFSIHER W T (K D,
e P ) R PBIR R [, ok B AE AU T BRI B E
SCA 00, 4% T 1) LA I Sk 56 o T ) 41 326 34 5 ADCP 3
Ry 2 228 8y 9 3 1) 1fT{X ( Acoustic Doppler Current
Profilers, ADCP) Wl 5 B 848 #1535 i o FR AT fiff
FHAZ S B8 L N 25 P9 45 LSTM AR AL — 5 4%
3N ABER M3 ER N SRR, )&
HERTTMALEMIN M EREN LERE
R, SRR A il — 2, B A R
AR EBALHE T ) LR A S BGE
T AR A3 BT i e A 2

F1 20192021 FALBEHEHEFREESERFEEHITR
(EHIERFEREA1h)

Table 1 Statistical table of each element information of buoy

station in the southern waters of Zhoushan from 2019 to 2021,

(with a data sampling interval of 1 hour)

PUNIIEE A R FIE bR
AR K (m) 7.00 098 049
AR Hh(s) 1510 600  1.48
Wl FE(°) 360.00 113.15  60.46
I hNECRI0 minPHRGE  K/Fbmss) 2050 617 3.07
1 hN K10 min P45 KU BE ) 360.00 171.29 122.52
SR IR KU K/Fb(m/s) 2500  6.58  3.44
SRR RIS XA BE() 360.00 174.51 123.57
SFE HK(m) 3.00 056 025
S () 10.6 467 079
iz e ATAKm™) 32500 20948 3548
AR K(m) 760  1.18  0.54
TP Fh(s) 9.90 496 085
DA T3 Fh(s) 2490 1135 7.57
W {ERE R EHO) 91.50  0.85  2.40
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bR K (m) 2790 2529  1.11
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Table 2 Table of training schemes for neural network models

with different input-output sequence ratios

TEHS WAFIIELS W] G SR OF) /R (h)

MoO1 1 1:1 1
MO02 3 3:1
MO03 5 5:1
MO04 7 7:1
MO05 3 1:1 3
MO06 9 3:1
MO7 15 5:1
MO8 21 7:1
M09 6 1:1 6
M10 18 3:1
M1l 30 5:1
M12 4 7:1
MI13 12 1:1 12
M14 36 3:1
MI15 48 5:1
M16 74 7:1
M17 18 1:1 18
M18 54 3:1
M19 70 5:1
M20 98 7:1
M21 24 1:1 24
M22 72 3:1
M23 120 5:1
M24 168 7:1
M25 48 1:1 48
M26 144 3:1
M27 240 5:1
M28 326 7:1
MAPE = 10012M, (3)
n i=1 |yl|
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Fig. 4 Model subsample partitioning for predicting waves in the next 3 hours using 15 hours of historical data
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a. Training set subsample division, b. test set subsample division
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*4 FEEBE RMSE 3ftt
Table 4 RMSE comparison of two types of models

AR R m ARG R B/ Wem/(°)
VES 1o AR /h LA

=EE EEE SEER HEE =R EEE
MO1 1 1:1 0.116 0.116 0.569 0.564 24.583 24.296
M02 3:1 0.116 0.113 0.561 0.548 24.875 24.571
MO03 5:1 0.114 0.112 0.564 0.548 24.568 24.882
M04 7:1 0.114 0.114 0.566 0.550 24.975 24.746
MO5 3 1:1 0.149 0.146 0.704 0.678 31.565 32.424
MO6 3:1 0.150 0.147 0.701 0.678 32.409 32.086
MO7 5:1 0.149 0.147 0.702 0.676 32.861 33.492
MO8 7:1 0.149 0.147 0.699 0.680 32.682 32.526
M09 6 1:1 0.181 0.174 0.850 0.818 45.581 44.824
M10 3:1 0.187 0.173 0.846 0.811 47.467 44.643
M1l 5:1 0.186 0.173 0.836 0.816 48.320 45.477
M12 7:1 0.182 0.173 0.830 0.818 47.837 45.824
M13 12 1:1 0.232 0.223 0.954 0.943 48.260 46.127
Ml14 3:1 0.231 0.224 0.944 0.938 47.521 46.212
MI15 5:1 0.236 0.230 0.945 0.951 48.184 47.818
M16 7:1 0.235 0.219 0.941 0.938 47.982 49.797
M17 18 1:1 0.255 0.244 1.022 1.020 50.168 51.799
MI8 3:1 0.257 0.254 1.007 1.005 49.488 50.330
M19 5:1 0.258 0.253 1.001 1.005 49.442 51.580
M20 7:1 0.264 0.260 1.010 1.026 51.358 50.763
M21 24 1:1 0.295 0.296 1.107 1.120 54.430 50.218
M22 3:1 0.308 0.294 1.105 1.077 55.247 52.649
M23 5:1 0.302 0.303 1.085 1.078 54.854 52.503
M24 7:1 0.292 0.300 1.095 1.080 53.823 52.248
M25 48 1:1 0.372 0.366 1.218 1.218 58.143 53.154
M26 3:1 0.381 0.373 1.208 1.170 57.361 53.212
M27 5:1 0.408 0.389 1.284 1.241 58.145 54375
M28 7:1 0.388 0.362 1.258 1278 57.736 54.693

o 55 S X TR AT K Y R s R e (IR
12 h), = ZER BRI A W68 R IR 7R B L I
) E AL R, b I h BRI = AR E R W
RMSE B 1% J3 0.117 m, 0.563 s, 24.861°, ifij 1124 JiF i
B B RIS Ry 0.091 s5 4R 1T >4 19 4 i) 4 38 K B (o
12 h), = ZR AR E R 0 B (R 21 B0 R 0 Ok
DR L R BE AR AR B4, 48 h BRI R 2 K &
0.372m. 1.218 s, 58.143°,

4.3 1Ri%E R EE R IS IE

B 7 s T i AR PSR 10 1, BRI 43
B4 1h, 3h, 6h 12 h fY = Z R BRI G KCFF R
w2022 9H 1 HE6H), “#fE” (202249 H
12 HZ 15 H) B a5 69 34 H bR 22 B 3 45
Ho B g @B R 3ROR 32 G KU A i B[] B, 2166, 9]
52 R B 3 m DA VTR A A R B 3 i SR
T S Vs 0 TR A A0 R AN 1 m SR T & 4 m, A R



22

GREREE

46 %

— P

------- Hi\ 48 h 4ty 48 h EMSE = 0.372 MAPE = 26.216% — Hi\ 6 h ¥t 6 h EMSE = 0.181 MAPE = 12.683%
——#i\ 18 h#iH 18 h EMSE = 0.255 MAPE = 17.404% —— i\ 1 h 4 1 h EMSE = 0.116 MAPE = 7.373%

3.5
3.0
£
P 2.5
=20
Ir 1.5
1.0
0.5
2021-10-11 18:00 2021-11-04 10:00 2021-12-03 04:00 2021-12-31 21:00
i 1)
a. SERBIRIHIN AR =
— SEE
------- B\ 48 h ¥4 48 h EMSE = 1.218 MAPE = 14.976% — 4\ 6 h fijili 6 h EMSE = 0.850 MAPE = 10.219%
——f#fi\ 18 h % 18 h EMSE = 1.022 MAPE = 14.491% —— %I\ 1 h4iii 1 h EMSE = 0.569 MAPE = 6.329%
14
12

A3 A s

ri“‘ '

| r l | ‘. ].‘ LR
6 Ry 2 ." A ER Rl 'i‘ --'.!l“'r! ‘| !” l ‘ T 3: T, |
4 Wl ¥ wLE WY I 2 ;
2021-10~11 18:00 2021-11-04 10:00 2021-12-03 04:00 2021-12-3121:00
i i)
b. = BRI AT Rk A 3
«SJE
B8O\ 48 h Y 48 h EMSE = 58.143 MAPE = 30.267% - 4fi \ 6 h4fitli 6 h EMSE = 45.581 MAPE =25.118%
SN 18 h iy 18 h EMSE = 50.168 MAPE =29.017% %A\ 1 hiithi 1 h EMSE = 24.583 MAPE = 11.062%
350 o S 13 s .
LN 3y 2 : & : 1 :
300 L ;ﬁfg : ¢ { ' ¥
250 o *, .o -t
:%200 . % . .
E3 . - ne. L :
150 ; . G B} O T
100 . ) s Y L .
5 WG 4 W T
0 e G P s { ) Fi
2021-10-11 18:00 2021-11-04 10:00 2021-12-03 04:00 2021-12-31 21:00

JE B R 10,10 s0 BT b v i i 1R 32 3l 1w #1
2, AP IET 1m, AR THEESs it .

I il
c. ZEEFERITI B 17

Pl 6 =TSR U IR TR A 25 7 A s e 90 40 I ) T 245 5455 S92 00 L 94 % LG i
Fig. 6 The comparison between the predicted results of the three-element wave prediction model

and the measured values during non-extreme sea conditions
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Fig. 7 The comparison between the predicted results of the three-element wave forecast model

2022-09-03 9:00

during Typhoon “Hinnamnor” and “Muifa” and the measured values
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A multivariate wave forecasting model for the Zhoushan archipelago using
Long Short-Term Memory deep neural networks

Zhou Sangjun"?, Wei Xiaoran', Xie Xinzhe"?, Zhi Honghuan', Zhou Yifan',
Zhu Zhengtao3, Li Peiliang”, Bai Yefeil?

(1. Ocean College, Zhejiang University, Zhoushan 316021, China; 2. Hainan Institute of Zhejiang University, Zhejiang University, Sanya
572025, China; 3. Institute of Space Technology, China Aerodynamics Research and Development Center, Mianyang 621000, China)

Abstract: This study is based on the meteorological, oceanic, terrain and other physical quantity data covered by
the observation points in the southern Zhoushan Islands from January 1, 2019 to December 31, 2021, and uses long
short-term memory neural network (LSTM) to build deep learning wave forecast model. We explore the impact of
the input-output sequence ratio and the number of input elements on the prediction performance of the model, real-
ize the short-term forecast of the three elements of waves in the Zhoushan sea area, that is the significant wave
height, the significant wave period and the propagation direction, and use the data during the 2022 typhoons “Hin-
namnor” and “Muifa” to test the model’s prediction ability for extreme sea conditions. The research results show
that the multi-element deep learning wave forecast model trained based on measured data has good prediction accur-
acy and stability, and can realize the prediction of extreme sea conditions. When the input-output sequence ratio is
1 : 1, the model accuracy is higher. In non-extreme sea conditions, the three-element model with a prediction time
of 1 hour accurately predicts significant wave height, significant wave period and direction, with Root Mean
Squared Errors (RMSE) of 0.116 m, 0.569 s, and 24.583° respectively. In extreme sea conditions, the prediction
RMSE for the significant wave height is 0.191 m. The increase in the number of input elements can further improve

the model accuracy but also increase the training cost when the prediction time is long.

Key words: deep learning; Long Short-Term Memory model; wave forecasting; Zhoushan
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