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Wave height prediction method based on physical correlation
constrained deep learning
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Abstract: Accurate prediction of significant wave height (wave height in short) is of great significance to marine operations
and coastal human life. In response to the insufficient attention given to the physical correlations between oceanic elements
in existing prediction models, as well as the non—stationarity issue with wave height time series itself, this paper proposes a
wave height prediction method based on a physical constraint and a difference constraint. This method designs a physical
constraint loss function by taking into account the physical correlation between wind speed and wave height, as well as a
difference constraint loss function by extracting the time difference information of wave height. The loss functions are then
embedded into existing deep learning—based time series prediction models to achieve accurate wave height prediction.
Comprehensive experiments were conducted using buoy data from six different observation stations in the Yellow Sea and East
China Sea. The results show that the proposed method can effectively improve the prediction accuracy of wave height by utilizing
the physical constraint between oceanic elements while avoiding information interference caused by covariate fusion, and using
difference constraints to limit the variation range of time series prediction. This method can be combined with various types
of time series prediction models to significantly improve the performance of the original model and demonstrate good robustness
in long—term sequence prediction. The proposed method provides ideas and validation for the effective combination of physical
and data—driven models in oceanic element prediction.
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TS SCIRE T 2 SR 2k HUR 25 3 KL
— AR A, H R IR [ B A 25 37 2 1 X R
S35 FIVE IS HL I (R 52 ), 6 A [ TR DX T 000 4 e 2
SRR . LA Bi-LSTM BRI A 5], 78 B 0 16 X A9 15
ZEER A, ARURWE AR RN, B ZFD 3
J, MAPE 485153 16.35%, 1 16 45 1§ 1 BSG
R MAPEF8FRUA 7.27%.

HE— 25X HAS [ A0 7 S5 R0 PR it L F 1Y)
T, SRR T ARV X BSG ¥l A5 2018 4F 7 H
10 H 06 1 2 2018 4F 7 A 12 H 051 (48 h) “Hh]
W B KR A R (TR &Y 1.4~9.6 m)
DL K T T X XMD 3 05, 2018 4F- 7 H 28 H 10 i 2
201847 H 30 H 09Kt (48 h) AIEHE (IR &l
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#3 BHEBAELREERXSEHNSIFNIERER

T IX. gl TP TR Bi-LTSM  Bi-LSTM + TCN TCN+  N-BEATS N-BEATS + Trans Trans+
MAE/m 0.053 0.049 0.054 0.051 0.273 0.058 0.107 0.093
LHT  RMSE/m 0.081 0.080 0.084 0.081 0.387 0.085 0.153 0.135
MAPE/% 12.977 10.687 12.046 10.884 25.785 13.036 24.127 21.104
MAE/m 0.089 0.078 0.096 0.082 0.175 0.147 0.156 0.135
ZFD  RMSE/m 0.196 0.190 0.199 0.193 0.271 0.249 0.255 0.202
" MAPE/% 20.757 16.349 21.396 17.885 36.125 29.049 39.232 25.724
a MAE/m 0.057 0.050 0.063 0.058 0.058 0.052 0.062 0.074
XMD  RMSE/m 0.092 0.093 0.096 0.106 0.097 0.098 0.098 0.109
MAPE/% 13.268 11.121 15.783 12.817 14.498 12.005 14.633 17.163
MAE/m 0.039 0.031 0.045 0.033 0.145 0.110 0.068 0.051
LYG ~ RMSE/m 0.076 0.076 0.084 0.075 0.129 0.118 0.088 0.077
MAPE/% 21.048 14.466 22.094 16.828 42.576 38.800 28.796 22.229
MAE/m 0.103 0.091 0.118 0.112 0.109 0.098 0.168 0.129
DCN  RMSE/m 0.162 0.161 0.211 0.201 0.201 0.191 0.216 0.193
. MAPE/% 10.172 8.591 11.794 10.993 10.279 9.383 20.288 12.091
i MAE/m 0.099 0.096 0.102 0.098 0.398 0.331 0.153 0.138
BSG  RMSE/m 0.188 0.171 0.178 0.178 0.267 0.193 0.173 0.105
MAPE/% 8.473 7.274 7.705 7.594 26.932 22.959 11.810 10.498

1+ Trans %7K Transformer 8581, £ AT HEELUEBE FH Plan—1 BAR PN 25 5%, Horp “+7 2R A SCF i3 Plan-3

FOLY AR R BBV HI B0 B rh . SR IR A BRI P e

0.1~0.5m), #EATHM, XFHEWME SR, Bk
I+, Bi-LSTM/Bi-LSTM+, N-BEATS/N-BEATS+I
TCN/TCN-+F B T 25 5 15 B SR e {46 3 I A
T Transformer/Transformer+; FHEE R AR | fi
AR ARG (Bi-LSTM+ ., N-BEATS+ .
TCN+ . Transformer+), F{E 5 E SR & 2 8] 45
BRCEA BT, X 5R3 PRI HEIR 2.
TEAFTE 5 AU BSG 3l i H, N-BEATS/N-BEATS+
TR X R 1 VR o ) T 1 R e B, SRR AR
(1) TCN-+REHR X6 b A T R A B B ok . #E
V- A XMD 3 557 51, Bi-LSTM/Bi-LSTM+
PRI LB Gf, REAS I BE 2RV IR & 10 /N 5
N-BEATS/N-BEATS+ 1 TCN/TCN-+HE %I () 75 ) 45
W, {H N-BEATS+AY 45 J: A1 42 T TCN+ T £
o BRIRE AL A T, Bi-LSTM -+ A
BRI AL 1 . T H XS 50 0L 3R
TR, 2 3 Bi-LSTM B AU i) A Ak

REFE PR AT
2.3.3 ARREFRMF K AF

MRPE L PR T =K, FE VR IR & i O o A vp
T VAT I A A B S . DA Bi—LSTM i il 45
BRG], BEA SCHE M B plan—3 45 G 29 SR 2 pRER
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;2] 6 h 1 24 h Y 22 25K B[] P 40 T4 55 v
BB 42 950 K 38 6 h A1 24 h B9 IR 5 . X HE L2 4 2k
PRI, TE N R)IEE X 22 sk s, S [R] T 25
) MAPE P d8 b5 an i 6 BTR o

AVE S, IBTE 1 h B HIAT 582 6 h,
24 h i 2 AT 55, A SOk, R 2ETF
WrAa AR El A BT/, R AR B[R] 51 B |
X RO AL Y R SR T B . W, LHT. LYG.
DCN. BSG DU/~ ufi s RERF 6 hy 24 h i 2 20 U 245
WIE S 1 h VT 10 ZFD A1 XMD 35 55 7E 6 h
24 h BB RS | h TN AT 2285, B MAPE
FEAR T RE T 4%~6%, 5 HoAth 4% 3 o5 0 F ¥ —
o XU SIRER R RS WS BEA A
X%, M TERBATE6 h, 24 h TN | AR 22 R
T ARG AL, BEAE A B, R ARR
ZEMIRA K o
24 HFLSCL

DA Bi-LSTMAE A TNE RS IR SCL:, 761 h
T, DADCN b som i, 3 it 7 A PrEEey
WK wio LOSS,,,, A 2ZEHLIH T wio LOSS,,,
WA E JIHLHI wio Attention, 5 HAT 53R
PIRSTRUEORT EE, PP e AR gl R AR 4 B .
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ol (a) BSGHi

o FLYLRE
--- Bi-LSTM
—Bi-LSTM+
---TCN
—TCN+
R --- N-BEATS

N ——N-BEATS+
- - - Transformer
——Transformer+

3.5
3,
25¢
2,
1.5
e 7 A P RPN
05F
O 1 1 1 1 1 1 1 L 1 L L 1 L 1 1 L 1 1 1 1 1 1 1
1 3 5 7 9 11 13 15 17 19 21 23 25 27 29 31 33 35 37 39 41 43 45 47
] /h
Ir + HIRM
(b) XMD i i ---Bi-LSTM
—Bi-LSTM+
---TCN
—TCN+
---N-BEATS
—N-BEATS+
*\E - - - Transformer
T 0.5 !
o Transformer+
ol
1 3 5 7 9 11 13 15 17 19 21 23 25 27 29 31 33 35 37 39 41 43 45 47
Hif ] /h
E5 AEERESTN 48 h 3tk
35 wevaees | R4 ETBi-LSTM E iR MIstrE R
—— 1 h B+
30 . s 6 W T R MAE/m RMSE/m MAPE[%
—— 6L+
25 eeorees 24 1B wlo LOSS,, 0.100 26 0.185 51 9.985 56
<20 —e— 24 h i+ wlo LOSS,, 0.098 12 0.187 75 9.409 99
E 15 w/o Attention 0.097 61 0.183 74 9.167 29
=
=0 —— Bi-LSTM+ 0.090 73 0.161 39 8.590 77
5 e R BRI .
0

LHT I 7ZFD I XMD ‘ LYG I DCN I BSG
LR
El6 AEWHNK MAPE XL E
e 7 BRSO Plan-3 25 & 0K pREL
JE PN IR o
ATV L 52 0 5 ok B Sk A ) 3 24 o 2
B, Wy R, ARORH T 5K
F YRR OCHR ; 38 I 38N 22 (E 29 5, BRI ) 45 SR
RN E T AT =B RUILE 7 W RN LS Wi A
G, REARAS S0 MR B SRR

3 4iE

TR IR IR A — M B R, KGR
PR A TN T2 A MR M XA
W HA B R TR L ) BORTE R )7
F1) I AU A e JE - A SO AN (R 9EE IX 114 22 U
FEU SR, AR AT, A2
FEBE, ORI AE, HTEIA [R] S
BRI, SR e A R
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