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Abstract Keywords

In this study, a combined prediction model based on the mutual information (MI) method, short-term wind power
convolutional neural network (CNN) , long short-term memory (LSTM) network, attention mecha- forecast ;
nism (AT), and particle swarm optimization (PSO) , is proposed to successfully predict wind farm convolutional neural network ;
power and extract the spatiotemporal information and potential connections between the adjacent sites feature selection;
of the wind farm. Here, CNN is used to extract the spatial features of different sites, and LSTM is long short-term memory
employed to obtain the time-dependent information of the wind power data from multiple sites. Fur- network ;
thermore , a CNN-LSTM spatiotemporal prediction model is designed and used along with deep learn- attention mechanism

ing algorithms, such as MI, AT, and PSO, to further improve the proposed model. The analysis of
the experimental data of the two island wind farms reveals that the proposed model achieves the lowest
statistical error. The CNN-LSTM model can efficiently extract the spatiotemporal information of the
wind farm and perform time series forecasting; moreover, the model combined with deep learning algo-

rithms (MI, AT, and PSO) can further improve the accuracy and stability of wind power forecasting.
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Tab.1 Site location information

AKX B X

winl Ju4i il P& Ju4
B2 120.184  33.909
A3 120301 34.033 B3 120.136  33.903
A4 120370 34.034 B4 120094 33.914
A5 120433 34.017 BS  120.129  33.885
A6 120412 34.023 B6  120.108  33.891
B7  120.087  33.896
120.460  34.029 120.066  33.902
A9 120334 34.062 B9  120.045  33.907
A0 120467 34046  BIO  120.024 33912
AIl 120446  34.052  BIl  120.003 33.918
A2 120425 34057  BI2  119.982  33.923
A13 120404 34063  BI3  120.039  33.890
Al4 120376 34051  Bl4  120.060 33.884
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Tab.2  Correlation between wind power at each site in

10 000

Zone A and wind power at forecast points

e 5 A8 #E 5 A8 IHHIC R

A /km Pearson Spearman Kendall
Al10 2.032 0.997 8 0.998 3 0.967 5
All 2.869 0.996 1 0.996 9 0.953 8
A5 2.820 0.994 1 0.995 3 0.953 8
A6 4.509 0.986 4 0.986 1 0.898 9
Al2 4.534 0.982 1 0.989 0 09113
A13 6.425 0.966 7 0.977 1 0.871 2
Al4 8.116 0.931 8 0.954 7 0.816 4
A4 8.375 0.879 8 0.937 3 0.782 5
A9 12.162 0.929 0.952 9 0.8133
A3 14.787 0.950 3 0.965 7 0.839 3

B Xl S AH ST NS 3 s, A3 B Xk
FH B8 FE R RE N HuCa ik 1, BEF B6 ~ B10 | BI3 3
SR DB A T O

3 B DA U R XU I XU H A A DG
Tab.3  Correlation between wind power at each site in

Zone B and wind power at forecast points

e 45 B8 HiFg 4 B8 AR AR
A /km Pearson Spearman Kendall
B9 2.029 0.968 5 0.820 5 0.785 5
B7 2.045 0.961 7 0.784 2 0.729 3
B13 2.857 0.886 4 0.810 5 0.761
B10 4.045 0.923 3 0.704 9 0.666 3
B6 4.059 0.790 7 0.605 2 0.515 8
B12 8.114 0.930 0 0.598 6 0.554 1
Bl11 6.061 0.930 5 0.606 1 0.564 2
B5 6.089 0.558 0 0.476 5 0.380 2

3) JGHL B AH G A

R T JE SR AR A (s ) A, AR SCR A
B 48 3% B % ( AutoCorrelation Function, ACF) Flf B
FH % B % ( Partial AutoCorrelation Function, PACF)
HERR 7 BT A UCSE 6 B P XU B 1) | AR K. A
K14 af LUE Y, 7E XA s XA N, ACE [E 43R
Zftife, 1M PACF F4FAE 20, Pz R B
T A2 [0 DA 8 F 5 1, TN ACF & vpn] DL
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Fig.14 ACF and PACF diagrams of wind power

and wind speed data in Zone A
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Tab.4  Correlation comparison of predicted site features

e A XAHR R B XHIKAREL

Pearson Spearman Kendall Pearson Spearman Kendall
PUH, 1.000 0 1.000 0O 1.000 0 1.000 0 1.000 0O 1.000 0
D] 0.453 8 0.541 2 0.510 8 0.337 6 0.468 0 0.337 6
PUIE 0.950 0 0.758 7 0.844 8 0.996 3 0.999 0 0.996 2
L 0.252 8 0.143 5 0.103 7 0.057 5 0.079 7 0.057 5
4 -0.078 8 -0.030 1 -0.020 5 0.018 9 0.032 8 0.018 9
JA1 -0.0112 0.025 7 0.019 6 -0.011 4 -0.0112 -0.011 4

3.4 IPLESLIGE AR

R T A5 U A SO 1) MI-CNN-ALSTM-PSO
ZH A B R TR A S A, AR RS
10 N5 FUAS RS VR SE 30 X L o

P AR 1) TN el B4 015 (™ P = 552
Prfe” HiELL, BEH] CNN-LSTM A7 B & (4 FDRs B2

*6 BRI FEBHL
Tab.6 Main parameters of the model

RS SLBON LR fim B |
Tab.5 Experimental comparison of benchmark models p=30 B HIE B
e o ik ARIMA 4=0 BT
M1 ARIMA 25y B 33801 SVR Kernel function MBI
M2 SVR BESAEh-4CI) = Cc=1 RBF £EST] K F
M3 TCN i ) A5 R Y 245 n, =30 R R
M4 LSTM K 5RO M 4% n, =10 [t 2
M5 VMD-LSTM VMD 43 + LSTM n =1 s 24 8
M6 EEMD-LSTM EEMD 43} + LSTM LSTM o
M7 CNN-LSTM CNN #F1 + LSTM e=0.01 S
M8  MI-CNN-LSTM MI T {Z . + CNN + LSTM b=24 IR
M9  MI-CNN-ALSTM  MI G{Z & + CNN + LSTM + AT epoch =100 PIE TS IN7S
M10 MI-CNN-ALSTM-PSO AT A AR TCN Kernel-size =2 LR
e e T . N DENSE =1 S
AR azgé%éﬁlxﬁﬂni% 6 fﬁm o XTHu&E wetivation — reln P —
WiEl 15, B 16 &L g AR, LR . CNN flters — 198 —
3.5 AR SIS HIE T Kernel-size =4 LR
AT B A WAL ) MI B A5 B . CNN MI =360 A R
R ALSTM , PSO KL ¥ REIUAL T IE LA TR 53 12 ATTENTION n, =10 AT J23 A5

FITMALRL, AT S0 E RN AT
3.5.1 CNN-LSTM #7045

15(a) FIE 16 (a) 73504 A X B X CNN-
LSTM 5 ARIMA, TCN, SVM, LSTM . EEMD-LSTM
SRR EE XS L . SEIREE SR T, CNN W] DIsE
U M AR B Al S P AR DK (5 5., 35 T CNN
GRUG I LSTM AR B ROR e f o 45 R 7 fi i
FeFRnT L3 7 fro, CNN-LSTM 14 10 20 P34 2%
F6F% MAE . RMSE 1 MASE 4> %14 0.196 , 0.414
0.356, [LE—p1 LSTM . VMD-LSTM . EEMD-LSTM
TCN HERI 22 A B B IEAL, B 15(c) . B 15(d) |
F16(c) . I 16(d) Hra] %1, CNN-LSTM fi i £ s

3.5.2 MI-CNN-LSTM #&#I

7% 8 O MI FRAE SRR H] MI-CNN-LSTM #4571
T Y 25 X, ML+ 1 080 2K JoRHAIE %
PR, 4 MI S $EFRAEZE 2 Oy 900 I, HCF50 I 45
F5 RMSE 4 0.398 , JLEfHH WP, WS, WD, TE
180 4k, DE Jy 19 4k, PA 34 161 4, AL CNN-LSTM
(1 080 2t ) A5 70 il I 1% 22 B AR 4% . BEHF 180 4%k
PEEE, WP A 180 4k, i HA7 A8 A10, All =4~
w5, AL S BRI S 5B PR, S RAEK
PEBAE K FTHrdn, Hik2: RMSE 2y 0.312, 1fijik#%
360 4R T, WP, WS 44 180 4k, 4%l i %y
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Fig.15 Comparison of prediction models in Zone A
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Fig.16  Comparison of prediction models in Zone B
FT ARG B XTI R 2R L
Tab.7  Comparison of prediction model errors of stations in Zone A and Zone B BAf . kW
A X B X 5
e Ay
MAE RMSE MASE MAE RMSE MASE

1 ARIMA 0.512 0.826 1.148 1.015 1.007 0.636

2 SVR 3.889 1.972 1.486 3.622 1.789 1.203

3 TCN 0.473 0.728 0.583 0.359 0.581 0.235

4 LSTM 0.389 0.624 0.399 0.338 0.481 0.379

5 VMD-LSTM 0.271 0.519 0.369 0.122 0.389 0.278

6 EEMD-LSTM 0.232 0.482 0.342 0.118 0.368 0.264

7 CNN-LSTM 0.196 0.414 0.356 0.108 0.322 0.137

8 MI-CNN-LSTM 0.060 0.265 0.164 0.095 0.252 0.128

9 MI-CNN-ALSTM 0.058 0.247 0.152 0.053 0.229 0.148

10 MI-CNN-ALSTM-PSO 0.048 0.223 0.129 0.051 0.213 0.135




43 BT, 9 ST CNN-LSTM RURIES: ST RS2 L 4 BRI 509
8 MIAFALLE EE Ve 57 b
Tab.8 MI feature dimension selection analysis
FRAE 180 4 360 4 540 4 720 4 900 4 1 080 4k
WP 180 180 180 180 180 180
WS 0 180 180 180 180 180
WD 0 171 180 180 180
TE 0 180 180 180
DE 0 0 19 180
PA 0 0 161 180
A5 0 60 92 120 150 180
A6 0 60 90 120 162 180
A8 60 60 86 120 144 180
A10 60 60 89 120 149 180
All 60 60 89 120 148 180
Al2 0 60 94 120 147 180
s e 6 x1x30 6 x2 x30 6 x3 x30 6 x4 x30 6 x5 %30 6 x6 x30
RMSE 0.312 0.265 0.336 0.355 0.398 0.414
9  MIFFAEZEFELER
Tab.9 MI feature selection results
e |ps M [Ew fME [FS 0 ME FT ME RS 6
1 A8WS(t—1) || Il AIOWS(¢-2)| 21 ALIWS(t-3)| 31 AlIWP(z-4)|| 41 AIOWP(:-5)| 51 ASWP(¢t-5)
2 A8WP(t—1) || 12 AIOWP(t-2)|| 22 ALIWP(t-3)| 32 AI2WS(t-1)|| 42 A8WP(t-5) | 52 AI2WP(t-3)
3 AIOWS(:-1)| 13 A1IWS(:-2)|| 23 A5WS(:-3) || 33 A6WP(:-1) || 43 A6WP(:-2) || 53 AIOWS(:-6)
4 AIOWP(t-1)|| 14 A1IWP(t-2)| 24 A8WS(t-4) | 34 ASWS(t-4) || 44 AlLIWS(t-5)| 54 A8WS(:-6)
5 AIIWS(:-1)|| 15 ASWS(:-2) || 25 ASWP(:t-3) || 35 AI2WP(:t-1)| 45 AI2WP(:-2)|| 55 AILIWS(t-6)
6 AlIWP(:-1)|| 16 A8WS(:-3) || 26 AIOWS(:-4)| 36 A8WS(:-5) | 46 AlIWP(:-5)| 56 AlOWP(:-6)
7 A8WS(:-2) || 17 AS5WP(:-2) || 27 A8WP(:-4) || 37 A5WP(:t-4) || 47 A6WS(:t-3) || 57 A8WP(:-6)
8 A8WP(:-2) | 18 A8WP(:-3) || 28 AIOWP(z-4)| 38 A6WS(:t-2) || 48 A5WS(t-5) || 58 A6WS(t-4)
9 ASWS(t-1) || 19 AIOWS(z-3)| 29 AIIWS(t-4)|l 39 AIOWS(:-5)| 49 AI2WS(:-3)|| 59 AlIWP(t-6)
10 ASWP(:-1)|| 20 AIOWP(z-3)|| 30 A6WS(:t-1) || 40 AI2WS(:-2)|| 50 A6WP(z-3) || 60 Al2WS(t-4)
Il M1 ARIMA EE M6 VMD-LSTM I M1 ARIMA 3 M6 VMD-LSTM
I M2 SVR [ M7 CNN-LSTM I M2 SVR [ M7 CNN-LSTM
I M3 TCN [ M8 MI-CNN-LSTM I M3 TCN [0 M8 MI-CNN-LSTM
I M4 LSTM M9 MI-CNN-ALSTM I M4 LSTM M9 MI-CNN-ALSTM
[ M5 EEMD-LSTM [1M10 MI-CNN-ALSTM-PSO [ M5 EEMD-LSTM  [1M10 MI-CNN-ALSTM-PSO
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Fig.17  Comparison of model prediction errors
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3.5.4 MI-CNN-ALSTM-PSO £#{ 3%

10 24 PSO KL FHSH S B 545
MERIP SR P, = {n, ng, ng, ny 5351046 2
37, 64 I}, BTG FE B (3 10 TP B ER )
WA/, BOERRIZASEAE ARG S
3.6 AFETNEESREEST

FIFIRET M3 ~ M10 X%} A XA B X 33 5 XL 5K
P oy AT 20 A0 5256, HxF LI LE R A iR 254

b RMSE #E47%F L, 14118 A&l 19 Sy 20 2H Fil i &5
AL . IWEIH AT LAIF Hi: 1) CNN-LSTM )
iR 7= RMSE SE34 %08 0.48, 4T EEMD-LSTM
VMD-LSTM £ TCN, AJLAUEH] CNN 5 FR7E AR #E2 [A]
L AR R T T G T (2 4. 2) B
AT #1 MI ffy MI-CNN-ALSTM #5701 5- 2435 9% RMSE Wy
0.24, BN W AT BT, 3) MARE R M B
K, ASCHTRE H R 2803 PSO kL FHE B LA
ZJa, HbREZE A 0.021 Hb MI-CNN-ALSTM #p iff 2=
0.025 fase, AL UIZR LR,

#10 PSO ki FRESBSL

Tab.10  PSO particle swarm parameter optimization

r5 n, n, n, n, MSE RMSE MAE
1 28 2 32 55 0.058 6 0.242 1 0.165 4
2 9 2 29 92 0.080 2 0.283 2 0.190 1
3 58 4 16 29 0.060 0 0.244 9 0.1522
4 78 4 39 76 0.053 4 0.231 1 0.156 8
5 86 4 47 63 0.073 5 0.271 1 0.176 6
6 79 4 22 94 0.051 7 0.2275 0.147 4
7 92 3 48 75 0.063 6 0.2522 0.179 4
8 33 2 17 26 0.060 4 0.245 8 0.163 2
9 47 3 22 60 0.065 6 0.256 0 0.171 6
10 20 5 50 57 0.063 5 02520 0.161 8
11 38 1 28 95 0.062 7 0.250 4 0.162 1
12 29 1 43 39 0.058 5 0.2418 0.171 2
13 46 2 37 64 0.051 2 0223 4 0.145 9
14 61 1 10 30 0.064 2 02535 0.174 3
15 100 4 50 90 0.058 4 0.2417 0.154 6
16 21 1 35 100 0.054 3 0.233 0 0.147 4
17 58 5 50 87 0.055 2 0.2350 0.148 8
18 52 5 48 91 0.054 6 0.2337 0.154 2
19 28 5 31 81 0.052 4 0.229 0 0.143 7
20 77 5 50 99 0.060 7 0.246 3 0.169 7
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