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Abstract; To address the challenges posed by the strong randomness and difficulty in accurately predicting wave
power generation, this paper proposes a hybrid prediction method based on ensemble empirical mode decomposition
(EEMD) , temporal convolutional network ( TCN) , and bidirectional long short-term memory network ( BiLSTM).
The EEMD method is applied to decompose the original wave power time series into intrinsic mode functions
(IMFs) across different time scales. Then, the primary environmental features are extracted using the least absolute
shrinkage and selection operator algorithm. The IMFs are grouped and reconstructed into high-frequency, mid-fre-
quency, and low-frequency components based on their sample entropy values. These reconstructed components, a-
long with the extracted features, are input into the TCN-BiLSTM prediction model. The predictions of each compo-
nent are summed to obtain the wave height forecasting results, which are subsequently fed into a direct-drive wave
power generation system model to predict wave power output. Simulation results demonstrate that the proposed
method achieves higher prediction accuracy and exhibits superior generalization capabilities compared to traditional
models. It also performs exceptionally well in forecasting tasks across different time horizons.
Keywords: wave power generation system, ensemble empirical mode decomposition, temporal convolutional net-
work , bidirectional long short-term memory, power prediction
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&2 46076 35 ERFIARA 1 h #9942 FAR
Tab.2 Wave height predictions of different models
for 1-hour at station 46076

A MAE MAPE RMSE R?

LSTM 0.2543 0.1445 0.3626 0.8168

BiLSTM 0.2161 0.1195 0.3026 0.8725

TCN-LSTM 0.2132 0.1170 0.2928  0.8805

TCN-BIiLSTM 0.1221 0.0694 0.1776  0.9547

EEMD-TCN-LSTM ~ 0.1837 0.1011 0.2434  0.9175

EEMD-TCN-BIiLSTM  0.0495 0.0267 0.0859  0.993 4
I EEMD 43 #5580 38 1o 2 RS 43 il 5

MEpk s TR RE S A TS, AT TCN-LSTM
F1 TCN-BIiLSTM X P4 /> 7 Jlll 5 4 | EEMD-TCN-BilL-
STM #J MAE 435 FF% 7 0.163 7 £10.072 6, R* 435
770,112 9 F10.038 7,
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2N
1-hour wave height prediction for site

46076 using different models
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Tab.3  Analysis and comparison of the environment

and working conditions of two stations

£zt 46076 Ui
o3 B (59.508 N,148.005 W)
KR 200 m(HKIX)
RIRERE e AR SRR | £ K0 KU 15 1 3

BRI 3] = b“?fit?bﬂ e iR e A B

N 5% R | e IR B R 5T
£ty 41008 3 4

HEE A (31.400 N,80.866 W)

MK IR 16 m( TR X)

ARIEEZ S!S RRPUTE e RS TR, A T 004 0. 02%

RV <2 WHUEBL N PR R E

AR5 AT TR A AT

41008 Wi 5528 LASSO FRAE £ B 8 FH KU a] | B
XU FEE | SF- 24 30t J1 30 Ay 0000 A 7R ) i AR AE AR
i, %4 ARG ERZE

A4 41008 75 5 R RALA 45 TR 1 h ok F
Tab.4 Wave height predictions of different models
for 1-hour at station 41008

A MAE MAPE RMSE R?
LSTM 0.1652 0.2755 0.2091 0.6992
BiLSTM 0.1466 0.2437 0.2020 0.7200
TCN-LSTM 0.1355 0.2246 0.1851 0.7653
TCN-BiLSTM 0.0430 0.0568 0.0729 0.963 8
EEMD-TCN-LSTM ~ 0.0437 0.0612 0.0650 0.9711
EEMD-TCN-BiLSTM ~ 0.0278 0.0358 0.0381  0.990 1

4 BUR SR TE 41008 35 5 T AL A EEMD-
TCN-BiLSTM #H # T LSTM. BiLSTM . TCN-LSTM .
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Fig. 10 1-hour wave height prediction for site
41008 using different models
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Tab.5 Prediction errors of wave heights

across different time spans

P [ 55 o MAE MAPE RMSE R?
12h 0.0645  0.0349  0.0885 0.988 6
24 h 0.075 1 0.0404  0.100 8 0.9856
48 h 0.0887  0.0479  0.1208 0.978 2
72 h 0.1317  0.0719  0.1759 0.953 1

44 {H 0.0900  0.0488  0.1215 0.976 4
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Fig. 12
predictions across different time spans

ML 13 R, AN (] AR ] 5 52 2y 256 i 2k 4 A 52

PR, B IR AR I — B Bl I 788

e DR DX Y B Bl I ] B R A A

EEMD-TCN-BiLSTM REMSH5 HEH 48 & 42 s 542 1k,

TS BER i o A TR BRI [ 25 88 0 o, AN

SEVEIZITIN AR AR SR BE A% Sz ke 2y 3742 A 1) B 1R

e R TR EE

60

Comparison of significant wave height

| s
S0F —12h
45F —24h

= 40F  48h
-~ 72h

s 10 15 20 25 30

O A
B 13 R FIAS A5 B 5% o A i )
Fig. 13 Comparison of actual and predicted power

across different time spans
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