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Short-term wind speed forecasting modeling integrating
CEEMDAN and ICS-LSTM
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Abstract:In order to improve the accuracy of wind speed prediction, this paper starts from the predictability of mining wind speed data
and optimizes the performance of the prediction model, and proposes a prediction model that combines adaptive noise complete empirical
mode decomposition ( CEEMDAN) and long short-term memory neural network ( LSTM). First, CEEMDAN is used to reduce the
instability of the wind speed sequence and improve its predictability. Secondly, a LSTM prediction model is established for each sub-
sequence obtained by decomposition, and an improved cuckoo search algorithm (ICS) is used to optimize the key parameters of LSTM
and improve its regression performance. Then use the optimal parameter LSTM prediction model for each sub-sequence to model and
predict, and superimpose to obtain the wind speed prediction result. Verified by actual measurement data, the average absolute error and
average relative error of the model proposed in this paper are only 0.82 and 0.95. The comparative study shows that the proposed
prediction model is scientific and advanced.
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Table 1 Optimal key parameters of
each subsequence model

TIF5 I ML RRURZ 2T I DI IR 7 98
IMF1 23 6
IMF2 52 8
IMF3 44 4
IMF4 31 10
IMF5 77 13
IMF6 53 8
IMF7 48 7
IMF8 81 11
IMF9 31 12
IMF10 85 11
IMF11 46 15
IMFr 33 9




5 4 3

B4 CEEMDAN F ICS-LSTM 1% % 31 XUk T 0] g A - 21 -

3.4 RIERSEAEEEITIR

Bl2E B PRI AL BE , BN TT Z R A 5 % HL A 5T,
ARSI SR 3 PRI TREREST LL . 25 1 RS St
J¥ 547 CEEMDAN 43, S8 J5 % CEEMDAN 43t ) 45
AF P A ST LSTM Tl LAY 32k H PSO {4k LSTM
TR FF I, F% & CEEMDAN-PSO-LSTM #5545 2 Ffi i
A R YRS #E1T CEEMDAN 43, BL3% 5% 1 PSO 14k
LSTM AT @RI, A< SCFR A PSO-LSTM A ) 55 3
R KX 4 64T CEEMDAN 43+ , 133 % JH 1CS 1
fb LSTM AT #ALHIIN , FRM 1CS-LSTM LAY

A 1 RIS 2 Aot B R PSO SRR AN
TP R BN 20, S R BRI B 100,
P80 1, A= R & 0.5, 5 3 Fhigiz
Y ICS ZHOR BT . S B E0R T 20, B R R
p. = 0.25, ZEARREL 100 Yk, HH 2 2 Foxt HEBCRL RIS 3
Fofrotof ERASE AR f1 I 565 2% 12 A [, B2 %o A 2R 47 25 0 A B Y
PP LSTM SRR 1T S 500k, A Ak A 72 v 19 38 0 B il
LK 5 Fs,

0.000 151

0.000 14 — PSO
0.000 13t 1

0.000 12}
o

= L
3 0000 11

2 0.000 10F
PSO

ICS

0.000 09+
0.000 08F

/

0.000 07F

0.000 06 L L . L L
0 20 40 60 80 100
AR B
5 PR AL LSTM S 450} 93 1 (i
Fig. 5 The fitness values of the two algorithms in

optimizing LSTM parameters
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Table 2 Errors of four prediction models
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PSO-LSTM 1.89 27.61 2. 11
ICS-LSTM 1.73 20. 57 1. 84
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CEEMDAN-ICS-LSTM 0.82 9.24 0.95
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