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Ultra-short-term wind power forecasting based on multidimensional data fusion and
joint optimization of CNN-BiLSTM

MA Yiwei, LIU Zhigiang, ZOU Mi, CHEN Junsheng, YAN Dong
(School of Automation/School of Industrial Internet, Chongqing University of Posts and
Telecommunications, Chongqing 400065, China)

Abstract: Accurate wind power forecasting is an effective means of improving the stability of wind power grid
integration and the economic performance of wind farms. Aiming at the prominent challenge that the complexity and
randomness of natural meteorological characteristics make wind power difficult to predict accurately, this paper proposes
an ultra-short-term wind power forecasting method based on multidimensional data fusion and the joint optimization of a
convolutional neural network-bidirectional long short-term memory network (CNN-BiLSTM). The method consists of
two main phases. First, in the input data processing phase, a new multidimensional feature data is constructed to improve
the accuracy of the prediction model, which combines the key meteorological factors selected by principal component
analysis (PCA) with the wind power intrinsic modal components obtained via optimized variational mode decomposition
(OVMD). Second, in the joint optimization phase of the forecasting model, a cascaded hybrid forecasting model
integrating CNN and BiLSTM is constructed, and the red-billed blue magpie optimizer (RBMO) is employed to jointly
optimize the CNN and BiLSTM models. This allows the complementary advantages of the two models to be fully
exploited, further enhancing forecasting accuracy. Comparative analyses of wind power forecasting results demonstrate
that the proposed PCA-OVMD-RBMO-(CNN-BIiLSTM) method achieves higher prediction accuracy than other
benchmark forecasting methods.
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bR A 0.39%~14.12% 535 2, £k, $Rbs B4
0.07%~5.25% 1 %

BEAk, AT R ST TR TR 2R ) - SR ) D 5
ERRENE, FEAR R BN ZREEFIIRAR bt Fir et e 1
PCA-OVMD-RBMO-(CNN-BIiLSTM)f % #4720 ¥k
HSLINZAITIN, 15 BPEIINZEITEA 1068.6636 s,
P E8 B YR RN S 1B) A 2.6230 ms, RS ELEFE AR,
AL M5 R R A XU L D 3 T () SR PE R SR . 3R
6 ¢ H T IZ TR AE VRN 48 A5 b K i sh AR v 22,
Hrh, MAE KI#siEZE N 0.0921 MW, MSE KIfrifE
4 0.5234 MW?, RMSE fItR#EZ 4 0.0322 MW,
MGF [N 0.0080, R fiIFRiEZ N 0.0012.
FFEPR BN IR RN LN, 785> R A SCRT

SERRTILEA [F] BN ZRil 12 v BENE IR KR AS E RO R BE
AN BB AR IR R T 3 SO 45 R H BB I 22
&5 HiEM9 HELEM S AR ER
Table 5 Improvement ratio between M9 and other methods
%
A kMAE kMSE kRMSI: kMGF kRZ
M9 vs M1 292.11
M9 vs M2 264.97
M9 vs M3 237.93

1166.90  255.93 14.12 5.25
1087.29  244.57 13.49 4.89
1175.06  257.08 14.18 5.28

M9 vs M4 158.92 521.42 149.28 8.23 235
M9 vs M5 65.68 96.62 40.22 222 0.43
M9 vs M6 37.26 63.29 27.78 1.53 0.29
M9 vs M7 33.25 42.49 19.37 1.07 0.19
M9 vs M8 12.99 14.80 7.14 0.39 0.07

*® 6 FHRREMEREIT N IBIRR BIAREE
Table 6 Standard deviation of fluctuations in performance

evaluation indicators for the proposed model

RIEELDD B
MAE/MW 0.0921
MSE/MW? 0.5234
RMSE/MW 0.0322
MGF 0.0080
R 0.0012

NIGAEA S AT ) PCA-OVMD-RBMO-(CNN-
BiLSTM) T 7512 A2 75 1 A2 18 5 5 PR FL Ty 2 Pl 1)
AR, EL AT 7 A 125 (15 min) 2] 6 25(90 min)
AR B R Th R T 25 5, e 8 . 3£ 7 %1
T TR AN RN DR KD 2R 1500 (Y MAE |

250 T T T T
Actual 2(30 min) 4(60 min) 6(90 min)

= 1(15 min) 3(45 min) 5(75 min)
g 200 + =
g
2 150}
X

100 -

0 4 8 12 16 20 24
I [/
(a) TRMZ5 R
50 T T T T
—1(15 min) 3(45 min) 5(75 min)
2(30 min) 4(60 min) 6(90 min)

ES
2
R
s

,50 I

0 4 8 12 16 20 24
5 )/h

(b) T2
[l 8 A[EIRTE) 4K AT EE REL

Fig. 8 Comparison of prediction results with different time steps
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Table 7 Comparison of prediction performances between
different time steps

$HK  MAEMW MSEMW’ RMSE/MW  MGF R
1 (15 min) 2.2378 12.1876 3.4911 0.9477  0.9955
2 (30 min) 2.6212 17.9261 4.2339 0.9365 0.9934
3 (45 min) 3.0815 25.7672 5.0742 0.9239  0.9905
4 (60 min) 4.1585 46.7436 6.8369 0.8975  0.9828
5 (75 min) 5.1818 71.7563 8.4709 0.8730  0.9736
6 (90 min) 5.7118 85.3155 9.2366 0.8616  0.9686

MSE. RMSE. MGF 1 R® Z:ttRefebriPiti4h 5.
AT DAVERE SR, BT IO 75 v 0 — IR e e K TN s
K 4 2560 min) i A7 H A B4 1 TR B , 1 246
it 5 2575 min)iy, A MAE. MSE. RMSE fR
K, H MGF. R*R/N, TWRCREZE. Kk, BT
PRITI 7 V275 o 168 0 30 IR FL ) 0 T 1 o T 22K
LTI B V) Y LR, DT R ZE K

gitr LIRSS R SRR bR T A0, AR
AT 2 4ERUR RIS CNN-BILSTM  BE& L4k
(1) 7EE R U XU R T 2R T T vk 2 B 2E v AT, BAH
PR TOIRS HEPE . R VR AR R AT ER R 5 -
IR L YEHAE RS . CNN-BILSTM BB &1L A
T 35 B BRAE R R 3 A FE T SR TN R s RECR

1) TR A MI—M3 S5E T4l 5878
) M4—MO KIPERELL . FhR 4 N3 S v, (e
R R B T, BiLSTM #H# T LSTM Al
Transformer #78 BAG FAL P S, 1EH BILSTM £
RURACUF ROk FE. (H2, S5RBIEMTRE,
MR 520 AR 2 (i B BEM R, XA
B 7 B A 28 IR AR R A AR R 1 R L T R
I PP s AR R AR, RN E A 4ERFE
SR R 2% 2 7 B B — AR Y A6 7 RN TR
PERE .

2) BT H AR M6 5 M5, M4 (1) Tl ¥4 &
bbi. B 4 F1K 5 w51, KA OVMD 75X 1)
HRAFESE I _E B VMD ZCRE4F, 12T PCA 1)
SEFHEMET OVMD ITh 2B FFE 45 & (1) 712
M6, BB R B XU T 2 T %

3) T AT M9 5 M6—MS 11 Tl 4 A
Phie. B3R 4 f1k 5 nJH, FEFFER AT PCA-
OVMD £ 45548 4 AE 52 BT N\ S Yo Ak 348 f1°)
fih b, ASCATHE G MO F TN e B, K SSA
Xf CNN-BiLSTM H &AL AT A AL I 51 M8
K2, MARINHAGEI AT SRR 55 M6 Tl
MR A 2 - TR A4S Bt 78 4318 : O RBMO 5
VEAMILL SSA HILRENS N CNN-BILSTM ARG

IS4 @ BA L2 CNN-BILSTM A&
AT VE Be 1) — Fh B3 U 1

4) — R ERK T LE R T, I 8 ik
7 WAL, BTN VAL — IR ECR TN A 4 25
(60 min) B 75 2L AT BEUTF R TIIRE B, PRI e 207
TR AR R X R T R T (1 ) R B SR, HLBESE T
DU (] B 6 R, R ZE K

4 #Eip

N T L R TR R A KRB D R A TR, A
AR T — T 2 4R RS AT CNN-BILSTM
5B A 1 R R R FRL D 3R F0 g, S B DUk AN
T,

1) 2T PCA IR RHHERET OVMD HIZhHR
FHIEM Z e 5mm S, Refe A R m T A 8 (1)
W TEFSERMEN, AR EMB T K5 E
SGEFHE T, £ MAE. MSE. RMSE. MGF
AN R* ST AR R B L Ik fE .

2) #F RMBO [f] CNN-BiLSTM B &4k 75 1%
Refs A 2002 B A R D 3R P TRWAS . 5 R A
1) CNN-BILSTM. CNN-RMBO-BiLSTM il /5
WAHL, 7E MAE. MSE. RMSE. MGF #ll R? 253}
flifebr B35 BA R RIS .

KA F-IhFE L LI E I T
RMBO ] CNN-BiLSTM BE& 1Ak AH 45 & 1856 1A
PR TR T 77 v R S S B TR B, 5 Rk
AT 2 AERHR il A I A5 BTG AR RU AR B, 57
EkMAE N kMSE N kRMSE N kMGF *D kRz %TE*’%L’ E&%
RO L E] 12.99%~292.11%- 14.80%~1166.90%
7.14%~ 255.93%. 0.39%~14.12%F1 0.07%~5.25%.
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