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MAHJOOBI 2% iy fF 55 F W, #6 SWH Tl ] +f
SVM JELEfELLT e ANN A AP HERE . 50044
21 fi ] Prophet F57R12% 5 TR 91 19 A8 Ak 5 1k
S T i X VA TR A A e AT TN 5 R
P T IR A U R R A AL BP B2 9 2%
I FHAE A Vi A S et X VA YR N , it e 1 U
B, B & BH R 15 5 A& ¥ ( Natural language
processing, NLP) [ & Ji& , i 5% N\ 53 & BLAIG BF pif 42
M 2% ( Recurrent neural network , RNN) [i{] 7 571 45 #4)
R 18 T ARG F AR RGBS 5
1%, KE 212/ 2% ( Long short-term memory
neural networks , LSTM ) YE & RNN gk i3k, #% 32
<D VAR £ I 12 VN T N N = = S =
fE o A LAY 45 LSTM 5 ResNet XTL
PRV Y SWH HEAT 40 350 B0, F500RS B2 45 2
iy, (H LSTM Ffj 412 4 B 5] AH 5624 J7 T 1Y) B8 ) A
JE L FECAC I AE ) T, TEXAMELLT, W
AT B SWH 1K IR [R]AH OGP 2 B2 AR Y T30 44
AE Y SC B ) R

UEAER , Transformer A 2 — > BT K 52 4244
BRI 8 A T NLP &> A A&
PLHIRALFLF 51800 . 5T RNN BB 7E 2 Hif
IF 200 8 BRSO AT — I 2 AR A R AR
M, Transformer 4 F 7 5 3 L1 AT LAE 51
ATARTIE 220 )8, S A ) 4 SR 1) 37) 19 4 I i)
MM, WU 4 7 Transformer (1) 3E il L %5 il
R O DR 2% X AR TR ) TN A R A T O, A
TR AR 2% LL SR P PR R R e
P 28 £ 18 2 T LR Y A 3] (Query, Q) 56
(Key,K) , 3§58 1 R HARE Sy, H i T H
JRSZAT R, BRI ) 3 5 52 45 500 P A B ) AR
ZHOU %2 R 1 A2 5 Al 2 e 7 0 4
W EATHRAE  JEAEAR 05 25 v (0 P A B 3 A T
JEEAT 2B . SHEN 452 &3t H 45 &
CNN 5 Transformer 8 HAEFERAF & 1) [R) 2,
$E i T TCCT BERY, 124 B 7L Transformer Y J5147
FEAitl B3R R CNN YRR, iR 1 & RS
P, MADHUSUDHANAN 252 #5401 Yformer 4%
4 T Transformer 5 U-Net AL B, gR iS850 50Xt
Jiy SRS A B R SR B 2 3 R AT T R AE I EAT
PR  TEMRRS S TR AT FoRFE ISR B TN 45 R

TEIETRAT S0 i TR AT: 55 b, BE 2 2% 1&g TR
F 0T R IAPE S Ak, SR X 44 A RS RN
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EolR MBI, G, 1% 581 Transformer i
P VR A 0 R AT 55 A e AN R Z Ak
N TR BRI, B 45 G T 2 E R R AR
L JRYERAE Y SWH T ) 455 A ( Multi-elements local
and global correlation for wave height prediction,
MLG-SWH) , SZ3 X%} 24 F148 h [t SWH =k i
I, MLG-SWH A58 LUAT S0 o S AH ST 22
I F 91 A A, LA bt - e i e 0 2465 254 oy
55 ml, 3 Ry #8-2 R g B ( Local-global
embedding, LGE ) 5 i 1 ¥ 22 52 3 RRAE 1Y I 7] 15
SARARE Sy i 25 3 PR AR R E R A
T RSz B, AT 22 Py s A R T oAk o AH
[T ARIMA LSTM L) K 2t 37 ) Transformer 2575
JEAF ) R 2%, ANAAT DL S i S SWH Y i
[AJAH S, 7 HL AT LA R4 B SWH 5 i ¢ 2
SRR BRI . b AR A T A2 i i
7 LB SWH i — IR 8 T, A RFEAR 1
B SR AL B iR 22 RS

(I S S EER Y 32

1.1 HERRE

ST P A BSCHE R TR T 36 I [E AR VE RTR
A SR I s, 3k SR YRR S 42019 5k R
(27.910°N,95. 345°W ) Lk K% Iy 4 1) Bk 75 41025
2k 5.(35. 010°N,75. 454° W) {E R #F5E 5 4 2
S R TIRE Y AN/ W = W PR VA R - Y i L]
42019 23k K 83.5 m, HIALPGHE 537 BT | 25
W, KRR L, HAAERRAG R, B i
TRA S0 Vo U B0 W 8 A R 5 41025 5 3l i A T i
BRERIRE KR 59. 4 m, S 38 [ RV 17 e K TS
T VTR0 B W AR ST RR T sl s i SR 4R
(AR [a] 5 BE 44 2018 4F 1 J1 1 H %] 2020 4 12
A 31 H B RAERIFEYN 1 b $dli 4 i ds X
H(WSPD) R (APD) UKl (WT) (<
MRCAT) FZER (£ 1),

Fz1 P EER
Tab.1 Details of selected stations

41025 42019
FEiE Variables BRME R/ME BKME R/ME
Max Min Max Min
B E SWH/m 5.31 0.39 6.88 0.13
R WSPD/ (m/s) 19.10 0 21.40 0
WPREYJE APD/s 8.35  3.28 9.84  2.60
JKIE WT/°C 5.20  31.40 32.70  18.50
SR AT/C 30.20 -4.40  33.50  3.40
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1.2 HiEwmaE

HRIYTE 2 2 Fh 5 b B B AR IR R 5
Wi o AL b, XUR A G OIR 25 5 XU XL
Rp AU = B 2 DA OG5 T TR — R A A
AR R, 3T R TR 25 52 3 T8 S b I /1198 o 6 S 1Y
SO o BT RE T H5 0 9K 2l i 1 F 9 T TR A AR
W v BT , 72 A B T8 BN (bR £l A H
) RATReE S SWH A G B &R . Bk, 2k H]
Gty ks SWH 5 & 2838 22 [a] 1Y AH G M ik
FrH B BAIE , 76 PR AE 2 35 KPR S LT, il i
A SRR S SWH Z [H] i) J 7K i#h A ¢ & 5L
(Pearson correlation coefficient) , 3 I {IF 4% 52 £ 5
SWH Z [A] ARG AT

cov(A,B,)
Pom = o (D

Ay SWH A5 B, J92h m DNERFS 5 cov
(A,B,) N SWH 555 m MR FHNNII T 250,
N SWH HJ7 2 50, o m DR FIINTT 2

TR 42019 53l AR A2 iESE 4 000 h 1
HERXEEATIE, YR B R
lpas, | >0.7 HBFEWZEFE P <0.05 i, AT A
NZHER S SWH BA B EM K, fiditiy,
U (WSPD) | /N iz KX (GST) DA T8 TR
SERIFE B (APD) 5 SWH 22 i) i 46 56 25043 5K
0.726.0.774 .0.789; @ # M E R E WK /NT
0.001, 7K (WT) F< i (AT) 5 SWH Z [8] (1) #H
FRZE A 0.343 F10.376, fF WSPD Fi GST
ZIAFEAE A e M, T APD 5 WSPD A1 GST
FHICERAR (CFH G R 803 51 8 0. 226 #10.239) ,
A e £ WSPD fil APD 5 SWH — & fE 28R
FA o

SWH TN Ay A W B i 2 AT 55, O 1 AR
BEAIYI 5 e (80 U R 8540 LA S gk 4 , v e
KB 110 7 2O I e Eidla e AT A B, 427 1
2 L) I ZR4R VIR AE DA SR SE o EAh, B
THEPEA R 2R A BTG E A A] , f ] 2-score #
HEACRT AR AR, (IR TAREIERS S0 A1

2 MLG-SWH f&
K1 J&/R T MLG-SWH 51 2 57 i LGE
BB 4R B0 2% ( Encoder ) A8 B DL K fit B e

(Decoder ) FEHZH Jo 4 i a5 FI1 A b 25 P ) SE AR
BAICHIH 223k 25 1 PR B AR B TE R 2 (Muld-

head dconv self-attention ) | 4% 2% 3% #: KA — 1L |2
(Add & Norm) I Hij 0] )2 1% JZ ( Feed forward )
o LGE BH F X i 1 2 % 3R 7 91 iE AT AR
IR s S DR Y AN S RE = wa kI N I
DA FP 9 1 K ) [8]AH G 1, DA K R 7 22 Ak i
o R AL R T 0T G A s A5 H i S 1Y) 1 4
FRAEDEAT R0, o 20 3% 5 42 3 45 )2 19 3 B0 &5
Ko

RG220 i8] ) 51 F0 5 3 1 R AR
LTI BP A UG A R B — A~ 2B, R — K
TR R b — U Bl iy 25 21, Bifi 2 T4 B2 1Y
B AL 2 B R 22 B, T H 25 3
BRI EE I . S, 93 R I A XS0
U A TR A RO R I 2 A O A5 R,
SCIEBI AR IR B Ry N8 2 4E i 18] 51
Y= (y,yasoyn) s Hol y = (o T N5 @ AN
ZIMEA e 2 ER R = [« 27,
xRN B T, 4B, o IR R
B o BB R 4 R OR n DI E KR
SWH 731 ,iefE y = (x3v+1 ,x,}\wz s ’xjvm) o
2.1 FHE-=/%HH

WIE 2 fizs , MLG-SWH i 81R ] LGE #ik
Xof I E) e B A T G ), A5 B i P i i 2
BRI JRy F AR R DL B 28R FH B Ta) 45 6L A9 g
Ho

B, R — 4G R R R 2 EH R
JFO) X = (2,25, ,2y) € R™VHEFT 4, 4 $2 06
T2 BR Z A0 JR i IR R Ak , 2 B4 5 1) 1 P
54 X eR™",

HY 00 8 L T 2 0 A 8 ) o
T F U, dHE O B L E gw Y ( Position
embedding) R N\ 45 PSR INALE IR o L E i
i H Rt BT 9 h T R AR A &, HIJC R
PR 1) A8 B ()45 8, , AR T 1) (1] )3 47) ) A, i
A IR AR AL, 77 41 25 52 30 30 A Ak 1 e 3
HAEW G T , s SR R P 015 0
W, 7843 ) S )45 50T B[] s 471 9 3000 A5 78 4
RERYHRTHA B HERYMER] .

A, MLG-SWH #5752 F Time2 Vec > W40
B A B 1 S R i TR] A L, B 3 A A
pIE] e 5 Y ] 0 S e R R L
Time2Vec Xf KA I [0] 7 51 T R A7 @8, 5E SCH
ECT) FTHRAXINT
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w, T+e.,, j=0
g,m:{ G | (2)
F(w,T+g), l<j<d -1
| I i 0utput|
EEEE FC
/ ) AR \
Add & Nom
I Kol
ﬁﬁEE ecoder
Feature map Feggrggw,fr d o
- ‘ N\ RS
BREEESH— Add & Nom
Encoder /—} Add & Nom ]

e [ BXERS)

MR Multi-head attention

Feed forward
BREERESF—L
) AEER S P ki e e
Add & Nom I

| B L
ZLTFEREREERS HEERS

Multi-head dconv Masked multi-head

\ self-attention j k dconv self-attention /
LGE LGE

Yencoderz(yl’ Yy %% YN)

Ydecoder:Concat(Ytoken’ [XO’ TXn])

1 ZERRH-ER/PFEXRBKNERE SRR
Fig.1 Multi-elements local and global correlation for significant wave height prediction (MLG-SWH) model

LGE

EEER
FC

B
Concat

(2] TR
Value embedding Time embedding
f l
%ﬁ?&%lﬁ]% Time2Vec
i l

E2 RB#-2RHREHER
Fig.2 Local-global encoding module

L& (T) R () TERjATTEF 1A
JEL S A SS BRERC, S8 PR R A S 1E 5% PR 0,
@, M IE 5% PRER AR R RS , 350 AT 2 2 (1)
S8, Time2Vec W11 1E 5% oA AT FH 4 3K 5 1
B, 2t I A] A T 4 AR R R AR, A S T
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il P RS RR BN g 1 A4S 42 8 43 J2 R SR R i 1)
G TR T d, dE =S

Transformer #/1 LogTrans Y% A E A
T3 XN H3CE G 2 A7 e G R AT AL B {EL A Al
AN G 23 B B R L, LGE
REHCRE V1 2L 38T5 4) 19 Jm) P4 45 AL 2t 5 60 1]
PEAT P4 , SR E R Hodan A B 423 4 2 P A5 3 i
KMGIZER D e R™,
2.2 ZIEEENIE

2 AL A P8 T N 2800 Ao 5 T Y A
G B NG P Re A A R A5 5 A BEAL ] . A
S T 3P0 4 R B PG, AR A T R SO TE
) HFROE SR IG A X — BB AT Z R
BEIFOR AT B 22 i il B O T H AR 9 4819 {5 2o
ViR HLTIAR S ) ] e 9 AR, AR e T
BT DAAR S 4 S A IS 1) 5 50 AR G 223k
= ST L] ( Multi-head attention, MHA ) H AN J)
18 Sk J a2~ i) DU B PP 91 o 0 AS ] i TS
ZR TR NP E AT
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(Qi Ki)

Vi
XS Ky Sigmoid K%L Q, = DWY A 4[4
K =DWy MR RELL I V, = DW, N{EHRE b =
(1,2, H Z&KE5], H W, Wy e R W, e
ROy BT L2 S (B

el X ML AR e 2 S 3 3k 4 S AR
W EE 8. FXF0,,0,,---,0, #H17HF
PERAE G TR AT L MR . 161 7 1 2 UG
I HER T R A E B2 L — ReLU 3%
PRELZ
2.3 RIDEEHEH

SR A e phy 4 ZH G2 ME B R 4L
RRDE R 2 A TR 2R E AR RS A S
TIJE VIR R B2 B T2 IS B — A 5k
Kt GH—LR,

(S RE =W LI B g p R S IR I el 1 N
M RZ SR B 3 (a) ], BRI, [
BeItikag 5 F I ] 50 i R 4 15 B, B
PO 24530 4 e B PR 7 LA 458, ) T 2 PR 1 )
FBFAE , — 2 44 3 LI 425 I 4% o A2 B 1] 7
GUTIAE 45 o, 70 AR R A AE Jr T S T B4
BB LI R T RS A S
DL A 22 W 245 55 1 T B I WL AR 25 4, 1D
VIR SR 5 U 20 ) 245 0 4 i 4 2 o P BT
JIHUEN AT Q A K[ & 3(b) ], #4587 A4l

0,=5 Vi (3)

e RERRE R BE S o SR, SR G TR s 2 ) 2%
FE [k M AR ASE %) T s 55080, |l Tz B A5 PR
FEOXE TR P R BRI R, BRI
SRR 25 0 245 T LA 5 S 08T )2 B0k 8
BZ B RN B A FES R K,

R TR R R, Rt T A T R AR A R
ZMg AR Q 5 K[ E 3(e) ], KT H RS
Mz Mg [ B 3(b) ], KKz A hE G2
B M BOIE 3 . 55 1425 R G
BUZHP IR AT (2 - 1) (LB e Rt
FTERRNE, bR 2 B, iRz BB Ak
B VT L AR 4 R K )R A A
FE4 I D S B dE (A8 AR o BRI f6f ] ) 23
TR PR R G R GE 3 T PR SR ¢ 28 1 M Jo < s (0] P 9 7
SR 20 R 5 2 BB Z0 AR R T AR 1 O
LR TEAS RN 25 A rh AN 3 5 D e ) s (i)
M b 7 AR i S5 MR G 2 5 [, 23 3 5 AR
DA L3 1) 5 910 16 I s A L, 7 0 A~ e ] 25
FIEE T AR, BE B, mT DUR HZ B Bl 25 0 R
SRR (Flan R ST, A B T A
I F RS

g Zkm R REHRAEENZE . W
Fy 45 R 5 LGE Yy gt 45 51 D i A 25k 22
HEHS A2, Z 5 8 /s )2 X IE 4 5 E
17784k, FF AR A B 5% 25 % 4 5 0 — 1L 215 5
AW AER F e R,

/N R NE
The input value for an hour

BLERTN ZLERT ZLERN
Multi-head attention Multi-head attention Multi-head attention

NN

<<>4><<>

BRE k

BRE:1 Bk

BB 1 BRE:1

Conv 1 Conv 1

B 1

Conv 1

B k

Conv k

BRZ:1

Conv 1

Conv 1 Conv k

Conv k

coshos oosle

(b) ZLERBRAERS
Causal convolution with multi-head
self-attention

(a) HBEELBERS
Traditional multi-head
self-attention

(o) ZLAFRAREBREERS
Causal dilated convolution with
multi-head self-attention

B3 AREEEHZEELLE

Fig.3 Comparison between different attention mechanisms
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2.4 FRFDERIEIR

FRAE AR B R FH 5 4 5 2 A Bl 2544
FERRIS AR 1 22 3 23 1 PR AR B R B i B TR
(HERDRLRE M e R BT A = fMoc R B
N - oo, HKHEHE Q, Ky HFE A& AR S B
W43, M M 3E T Softmax pREGTHS , T b
“AITTEMNEYE R O, FR ARG EAS ST
RGN -WIL i 88 i AENCI =

T8t 22 20 T J v 2R PR AR T , 25 3 3
BRI R0, LG 2 T K 3 0 184 2= s 2
R RIS, B, B % Informer ) L
FEUR A= BI04 B ) 5 A5 ke 1 8 3
W AME ARG YA B, 5 1 AR ES H AR #
J7 5 AR ) ) 2260 B 2R A7 PF 42 I S st (] 45 5L PR
RS RS A L RS O e R S R
43 ( E BRI BE ) VE Ay TR0 45 5, 25 70 A fi
B 1 YO T AR 3] 2245 T 45 5, A A i A5 e
Bl 4 i o

[ 7] 5l Prediction |

IE‘E
[ﬁ@ﬁ%’a%&]
Decoder
l

LGE

A5 B Start tokenl[ F|HE[E Zero matrix
A

A

C Y N

ST oToJo o o o

LTI PP |
Bf1E) Time

B4 RS
Fig.4 Decoder module

MLG-SWH H5 51 R ] 24 ) i B Hedag A 22 2R
Fe A ) J 2 B e i e ) B, 0 5 1K B H AR
J7 9\ AR ] ) R R R AT Pf 4 T A
Yjecoter = Concat (Y, [ Xy, Ty, D) (4)
Y o AR LGP B, 7E 24 148 h B FIIAT: 55
H, Y e R I FE 2350 6,125 X, K EEFIH
o PBEIN 7 ) R ) B 2 R 5 T, o E PR S50 7 51 Y
B IA]
PRI 45 R A B LGE B HE4T
T, A Gt 5 O Z5 2R D S A\ Sk it o 155 Bk R 47
fiftth . TEMRRDIN 5 e it 2k ARG H T
HIEXS D FATRES: ) U gk 22 4 5 10—
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TLIZFESERE Z e R, R 2 K R i
Gt it e P R 1 1) e AR R AR S5 AR P Z 22 1) P
IR A SR R BZ . e, TR g
PR I A R 2 B G ) e AL R e ZE AR5
TESRA R EA T i A% i (9 45 R AT 2k MR
PS5 1) R 2 0 23 (s T 58 ) B Sy o
4R

30 5L

3.1 XBMES5SHILE

BRI FS G, SR I T Pytorch T JiE 2 ] HE
28 JFEREAE Tesla-P100 IR 55 4% LizdT. RHIF
By MR ZEAE R O B A T Adam A4S
FOJRULE N 0. 001, B s i 4E JiE 4, BE N
S12, it 4E s d, BB N 64, Z 3K TR P
ISR EC H BB 8o FEREARLYIZRIT, R A% HL
il s S A Y R UK 22 HE B S
3.2 ZWIFMIEHR

SEHG R A 3 77 1% 22 ( Mean square error, E )
FISE 4746 %5} 5% 2% ( Mean absolute error, E\, ) E R
PEM TR, TR AT

1 & ; i
EMS:;£§1<HP_H,)2 (5)

1 & ; ;
EMA_;;;lH"_H‘l (6)

bl i %) SWH R FINAY ; H, 5 SWH 1y
FLAE s PN A BE o AR 00 BORS v , AN
FEWR E s Eyy FIERE/N
3.3 XWHERSH

J T AR MLG-SWH A5 5 i 751 I 2R, ¢
MLG-SWH # %1 5 ARIMA | LSTM , LogTrans L) &
Informer HEATILER . X T Bk 7k, ] 168 h
{19 17 SL B T Ak 24 Fi1 48 b fy SWH, Horfr,
ARIMA SZAE5E B[] 3 41 BU AL 5 LSTM. & SWH
T e SR AR 2 ) Bk ARG P 8 R 2%
AOERL EAS I T BT A T] T L R AT
DA Ak G B2 T 2% LA S Aeh B8 o A7 R 18 52 i)
LogTrans J&1F Transformer )35 _F #F 1700k, R
FT RER A A A 1 0 B ] 4 5 A5 B 4 52 )= ¥
A EEF I BE 1 5 Informer 78V 5 ) L J5 ]
GIZE 5L ZR8 TR EEES T —ZE
P )2 PR T A G gy . 2 e
N TR T A R

HEFE2 T LFEH, MLG-SWH % B £F 41025
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55 42019 Pi-ol Ry 24 F148 h BT 55 4407
RIEVA LAY XRIE S N e k. ARIMA LUK
LSTM 1t 24 148 h By R 228K, B R T
AL F9 5T T 00 1 RE X W AL T ARIMA L
LSTM., i 42019 “5-uf 5 JIr 40 3t B2 07 B B AT o
I 22 TS L, AR AR AR A R XS, DR 2% 3 A
MRARAC N 2% BRI ZH1,42019 5 3 i
55 41025 Sl K AN 2 20 2K, Z 2R Y
AOSEIRTE G, PRI, 42019 53l 5, (10 50000 e i 2

SEOR, T 58 22 W 25 T 41025 S35 . MLG-SWH
55 Tnformer {1350 25 5 48 B3, {HAE 00 450 %
_F ,MLG-SWH Z 5 F Informer, L 41025 534 55
48 h T A 491, Informer FIF 4 A I 8] 2y 64 s, T}
MLG-SWH #57Y fiy #& 1) I} (8] 2 2y 43 s, 52 30%
Ph b o MLG-SWH BRI T T FFH Jg s 45 B
FIRE T, 1 AT LA 3 1 b 2% > B )45 8 rh iy Jl
SR SRR A A5 AL S50 M BEAH 4K T LogTrans
LI & Informer 355 $2 7}

R2 RN ERHEREXT L

Tab.2 Performance comparison of different prediction methods

by =N i) ARIMA LSTM LogTrans Informer MLG-SWH
Station Hour  E,,/m Eys/m Eypy/m E\s/m Eypy/m E\s/m Eyy/m Eys/m Eyy/m Eys/m
41025 0.482 0.463 0.469 0.429 0.385 0.338 0.369 0.318 0.341 0.287
0.531 0.503 0.522 0.461 0.447 0.416 0.422 0.391 0.395 0.362
42019 0.533 0.476 0.478 0.447 0.412 0.391 0.395 0.364 0.382 0.343
0.585 0.540 0.541 0.503 0.462 0.442 0.451 0.429 0.439 0.418

T MR el a8

Notes: Bold means the best result.
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Fig.5 48 hours prediction results of station 41025 by MLG-SWH, Informer, LSTM
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3.4 HRERIE

R T IR A B B P R R 1 R
X LGE #idk 2j PRUR B AR A T2 L DL S Ak
BCEHIN 73255 3 H A3 R4 T T IH A L
3.4.1 JayR-4 R g A g 5
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AfEH] LGE %) MLG-SWH {i i 4> % 4 J2 X B 4f
PEAT Gt 18 5 S 0 A7 " g 05 A by 55 7819 i Ao
41025 Sl J LI A R AR 3 iR,

% 3 Local-Global Embedding AYii Rl SLI6 45 R
Tab.3 Ablation experiment results
of Local-Global Embedding

24 h 48 h
Eyy/m  Eys/m  Ey/m  Eyg/m
MLG-SWH w/o LGE 0.366 0.314 0.420 0.387
MLG-SWH 0.341 0.287 0.395 0.362
T I RRBRFRIER

Notes: Bold means the best result.

77 1% Methods
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F4 AEXNERZEI TR
Tab.4 Influence of different size convolution

kernels on the model

Fekn H R K/ Kernel size

Index 1 2 3 6
Eyy/m 0.368 0.359 0.341 0.350
Eys/m 0.314 0.310 0.287 0.299

TE: RN B RIS R

Notes: Bold means the best result.
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Tab.5 Comparison between generative
multi-step prediction method

and iterative multi-step prediction method

A T 5 i AT 5 ik
prig=t NS Generative Tterative
Station Hour prediction method prediction method
Eyy/m  Eyg/m Eyx/m  Eyg/m
0.341 0.287 0.375 0.325
41025

4
48 0.395 0.362 0.431 0.403

4 0.382 0.343 0.401 0.357
48 0.439 0.418 0.458 0.436
T LR B as R

Notes: Bold means the best result.
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A prediction model of significant wave height based on local and global
correlation of multi-elements

SONG Wei', ZHAO Meng', HE Qi', HU Anduo®, ZHANG Feng’
(1. College of Information, Shanghai Ocean University, Shanghai 201306, China; 2. College of Electronics and Information ,

Shanghai University of Electric Power, Shanghai 201306, China; 3. East China Sea Information Center, State Oceanic

Administration, Shanghai 200136, China)

Abstract Significant Wave Heights (SWH) is an important attribute to describe ocean waves, and SWH
prediction is of great significance for ensuring the design of offshore engineering and the safety of offshore
operations. In recent years, deep learning methods have been used to predict SWH, but the existing methods
cannot effectively capture the long-term correlation of SWH, thus ignoring the local associations between
multiple elements of the ocean. To this end, this paper proposes a SWH prediction model ( Multi-elements
Local and Global Correlation for Wave height Prediction, MLG-SWH) that combines local and global features
of marine multi-elements. First, using multiple factors such as significant wave height, wind speed and period
as input, a Local-Global Embedding ( LGE) module is designed to embed local correlation and time
information of ocean multi-elements. Then, an encoder-decoder structure is used to extract the features of
ocean wave height, where a casual dilated convolution self-attention module is designed to effectively capture
the global long-term correlation of ocean multi-element sequences and the generative prediction method in the
decoder is adopted to avoid errors accumulated in the single-step iterative prediction. Finally, the data of two
stations with different characteristics of SWH variation in the North Atlantic are selected for experimental
evaluations. Compared with classical time-series forecasting models and mainstream deep learning methods,
the MLG-SWH model achieves the lowest mean square error and mean absolute error in 24 and 48 hours SWH
forecasting, having a greater advantage in long-term time series prediction.

Key words: multi-element; long-term correlation; significant wave height prediction; casual dilated

convolution self-attention module

http://www. shhydxxb.com



