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22 ETPCCHEMXBE|SKERMEMBME
E
I PRAE T 75345 2R 1) BRAE A6 M L AR SOCEE B b H o
Dy st B oy e IR BE LB BN R 3 SR B R AR A R H
DA SR W IR, I 78 BR TC A P S A BIHiE S (L 1Y
SRl PR R 3 FR R R R ) AR (A Y B R A
TRERB Ot e AN R DGR T B DG BERE M I 3 o B R AR G
RS B RN AR T2 GARAE 5 06 IR S v D) 2 i A
SCRREE 4 X A, T8 B R G M DRI O, AR S
B IR b 2R A X AR AR B DR B A 45 DA R A R Bl 2 3 2
ARNHE, 0T — P A I 2R A &) 7 KA B4R it
WP REAS o b T A e AR Sy S 100 5 A9 BRI ) A2 A
K5 PR .

P 0.36

T 0.36 1.00 -0.27

P FRI

T U
T P AOCAR T FRI A 44 S A RO TR TR s U AR .
K5 #3858 HE 556K J1 R ) Person {H

Fig. 5 Person value between each environmental

1.00

ol
e
~
W

0.50

0.25

- 0.00

-0.25

-0.50

-0.75

-1.00

factor and PV output

TEMEERE [ BEMLIEE 2024 4E 7 A 1 H—7 H R R T



682

KM

ab
He

T 474

H,LL2023 458 H 1 H—2024 4 7 H 30 H By kAN
%t H R GRA-DTW ZEA 10 8 e AR m LR R 10 H 69 775

AN H ARG . R 1T AR B Y s AL O
GERANR A IR FEAH

F1 HEMUBEBRER

Table 1 ~ Similar day selection results

FEB H FRrEAE L H GRA-DTW {H T H FriEAE L H GRA-DTW {}
2024-06-14 0.9792 2024-09-10 0.9554
2023-08-01 0.9756 2024-08-01 0.9524
2023-09-08 0.9533 2024-09-08 0.9501
2023-09-07 0.9523 2024-09-07 0.9453
2024-07-01 2024-07-02
2023-09-18 0.9501 2024-09-24 0.945
2023-09-10 0.9435 2024-05-26 0.9417
2024-05-27 0.9424 2024-09-12 0.9403
2023-08-20 0.9416 2024-09-11 0.9375
2024-09-10 0.9654 2023-07-13 0.9746
2024-07-18 0.9570 2023-08-30 0.9681
2024-09-07 0.9499 2023-07-20 0.9674
2024-06-14 0.9447 2023-08-14 0.9659
2024-07-03 2024-07-04
2023-08-30 0.9444 2023-08-31 0.9659
2023-08-01 0.9435 2024-05-28 0.9628
2023-10-15 0.9409 2023-08-17 0.9616
2023-09-08 0.9386 2024-07-21 0.9601
2024-07-18 0.9350 2023-07-16 0.9759
2024-07-09 0.9321 2023-07-24 0.9641
2023-08-30 0.9321 2023-08-03 0.9478
2023-08-10 0.9294 2023-09-16 0.9466
2024-07-05 2024-07-06
2023-08-20 0.9284 2023-10-12 0.9431
2024-06-14 0.9267 2023-08-23 0.9418
2023-09-18 0.9261 2024-07-12 0.941
2023-08-15 0.9253 2023-10-13 0.9401
2023-07-16 0.9671
2023-07-31 0.9548
2023-09-16 0.9533
2023-07-22 0.9511
2024-07-07
2023-07-21 0.9498
2024-09-05 0.9471
2024-07-15 0.9470
2023-09-22 0.9441

2.3 HEXRREBINRNSHE

PL2024 4F 7 A 1 B R HARRLE 6, 8 ik g2
BOR B AT e A 30 A o S L N R 6 BT o i 2 R R

T IR RO By i D 2 A RS T R AR AR L
AN a3 50 R TR [ AR R N B A S AR
S 2 T I S A0 B AL B S A R AL TR B R B T
S SRS S A A B R ROH o i T A A AR R U
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J7 80 v (1 A S R v R R R AR 40 A S 1 A S NP
Rk o 38 A X 4 i S T 3 43 S0 2k AT B, T
VA A7 AR D 5l TP Y 22 RUBE A U, R R T T R 4
J 50 DAL A £ e 0 I R 5 i i A A RS BE R R A A
O S B0 A BEE L R KOA B X VMD b Y 2 5
(FEST N B 8k ) E AT 0k, 0 Ak 50 1k o i A0 ol B

AR 10, Fe KB ECH 20, AT A E KOA B 7k fE
TEAR ST B8 /NI R A R S & R R B S R il
o 6B B ([ 100, 2500 ] ) A& 4 ([3,10]) I sh 2
AL, B0 PR R AN 5 90 43 ff 19 1 35 0 1, a3 KOA flifk 5 19
T AFETOIN H Bk B AR B PSR VMD f AR 43 i S 5
Wk 2 i,

2 2024 FFHE RABIE F 3K KOA-VMD RSB S4
Table 2 Optimal decomposition parameters of KOA-VMD on predicted days and similar days in 2024

B 2024-07-01 2024-07-02 2024-07-03 2024-07-04 2024-07-05 2024-07-06 2024-07-07
TESTH T« 170 197 147 196 100 1200 131
FEAEK 5 7 7 7 5 7 6

A& 6 AT, 5T KOA {6 VMDA SCSE T X A6
B RO AR TR F A 1 22 R RRAE (9 A R I 43 M 245 2R
Won, IMF, 50 (e i 4 b ik 87.04% , 2 BB AR D i A2
o 3222 3 X S KM PR DR 2R S e () e A 9
ATk 27 1 R g ) T H At 19 i 40 3 3 (R S B ) e 1A
AR 5 R AR R/ KA A CIR Ty 81 e 5 4
Hb AT 2 T R4 AT A G B AL S 4 o R A 43 R (TMF, il
IMF,) g 5 EL 20500 9.449% F1.34% 8 3R TR
JERAEA (N = 2 P S I R P8 ) 51k 19 2 25 I 3
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Fig. 6 PV power decomposition results

FEME B R (IMF, AT IMF,) E 2 51 Mk, 40510 0.24%
H10.03% , 3 1 B HLIE Sl B0 A R 5 Tk 25 40 1 (Y BB
7 HM A, 0 I 0 i B AR B 0% v R A Ak M R A T R
P

3 HBRHHEWR

3.1 ERoSW

TE 58 ORI B B BCRIDGAR H 57 5 4 40 ik (0 il [, 4 3¢
LS R T5000 HOARARLE b3 52 H SRS ECR A, ASH i Jm 116
Rl 71 % 7 7 90 O il f B T KOA-CNN-BiGRU-
Attention Y GAR 3 ) UM AL AL, 3f 2L MAE .RMSE #l MAPE
R A ASEAD ) PE A 8 b, 58 10X 1A% A 10000 K5 BE 1) 2 o 43T o
o W DR AR YRR A2 70 434 2 AE P FROGAR T 307 81 1) 22 RUBE
TiE L £5 00 fE A ZS T 4 43 i A CNN-BiGRU-Attention 45 1
HEAT AT , DT A R I RE T H R, PL2E ) R B
TR/ R 2 e R A S e, b, %
NV E IR T AR O A B BT B I Sk fig L R
I7) - fire e 470 DR A 2 S O 00 350 L (A /N ) T 18 AN T
2% 2] % DATE N A5 B I sl 88 Ak . B RN E 2 g
CNN A5 S £ R 8 FRAE 14 38 [, AR 95 B2 1 B (1] 3 3% % 1%
B BEAT U AR AN TR ) RUBE 4 AR ARARRAE o A 28 ST 0 T ]
TRAE BiGRU Al Attention #5511 2% > 58 77 , i 3 i 28 TC 4K
St (1 AR TR T AR AR IE LSRR ) o kR 2 h
RS A PRV R ASE TR AR S IR AR A0 # | b g 8
DA K AT 2 1 R AE A B R AR RE ) o R 3 ROR TRb S
AR v B S RE TSI H 43 i )7 51 (IMF ~IMF, ) (12 2] 58 1
B R/ INFIR 22 e R0 5 BLR S

AL, Sk B4 56 IE KOA-CNN-BiGRU F5 8 7 4 10 15 471 15
I P REFE I, A SOKE KOA-VMD 5232 15 iR 8 i A AL A
A (CNN-LSTM .GRU .LSTM) #4720 65, 58 Jli A [F] 41 & 3 P A
RN FOINCRG BE 4 % LA B, TR0 25 SR an &1 7 i .
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Table 3 Hyperparameter setting of each decomposition mode of CNN-BiGRU-Attention model based on KOA optimization in

PV power prediction

H 1] IMF 2% HBRERN gk H 18] IMF 222038 BREXN  thgsciice
IMF,  0.0038 4 51 IMF,  0.0090 4 60
IMF,  0.0063 5 57 IMF,  0.0069 3 55
2024-07-01  IMF, 0.0051 5 54 2024-07-05  IMF, 0.0077 4 59
IMF,  0.0010 4 51 IMF,  0.0014 3 60
IMF,  0.0061 5 60 IMF,  0.0051 3 55
IMF,  0.0031 3 55 IMF,  0.0079 3 51
IMF,  0.0090 2 57 IMF,  0.0058 5 52
IMF,  0.0065 3 56 IMF,  0.0042 2 53
2024-07-02  IMF, 0.0012 5 61 2024-07-06  IMF, 0.0068 4 58
IMF,  0.0021 4 58 IMF,  0.0014 3 66
IMF,  0.0070 3 56 IMF,  0.0034 5 55
IMF,  0.0032 2 54 IMF,  0.0017 4 51
IMF,  0.0022 4 54 IMF,  0.0093 3 52
IMF,  0.0035 5 57 IMF,  0.0088 3 57
IMF,  0.0029 4 51 IMF,  0.0071 4 54
2024-07-03  IMF, 0.0088 3 58 2024-07-07  IMF, 0.0042 2 55
IMF,  0.0069 2 53 IMF,  0.0080 2 52
IMF,  0.0051 3 51 IMF,  0.0074 4 53
IMF,  0.0023 4 53
IMF,  0.0090 4 58
IMF,  0.0054 2 58
IMF,  0.0051 3 55
2024-07-04  IMF,  0.0040 5 57
IMF,  0.0013 4 60
IMF,  0.0022 5 53
IMF,  0.0051 2 52

B 7 J&R T R KOA-VMD 583k 52 Wi 7 51 4 it 1) 2 il
e, AS TR 50 455 £ (KOA-CNN-BiGRU-Attention , CNN-LSTM ,
GRU .LSTM) 7E == 1§ 56 £R v o () S I D R T &5 51 . &5
e IS RN RN RS Y BN R N A E R (E R 2
LG BE B A Ry AR AR B 22 . b KOA-
CNN-BiGRU-Attention #5551 3 Bl e A, FLT00M il 2% 5 FL S (W)

» IS

B BE F e, AR 0 2 7 6 {0 A (1 45 A A i 2 B4 IX 38, B A
W RE St R g e BT H AR Ak B A ST AR 8] P 81 RN A A IR
RV A LR ML Z R, CNN-LSTM A5 5 78 B ik
AU A A ok B2 00T B, LR A X ek R B T — 5 A
25, UL B X HE MR ARAE A I FE B I RS S55 o 1 GRU A LSTM
AL TR (10 S0 25 SR U s M o R - 28 L B A R 25 N
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0T VR R A 1 DX ) 2 300 2 5, 38 W FL A 7 ko
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R BE B S AR AL, 5 GRU A LSTM A58 (i nig 7 W S 745 )i
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Fig. 7 Comparison of KOA-CNN-BiGRU-Attention and

prediction results of three models in Yunnan region
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2B ZS RRAE 1 T SR B B T 91 AR AE 7 s A A B
TEGAR Dy S T o 38 0 BB Y 25 TIUINDORG BE . 1A 8 X b
Sy T B — A (CNN-BiGRU-Attention , CNN-LSTM , GRU ,
LSTM) & H: 5 KOA-VMD £54 /5 1) 8 i il AL 7Y (1 14 e $6 b
(MAE .RMSE #l MAPE) . MZER Al &, 5o — BRI 7E & 3
25Uz By DX T INAG BE BAIC 540 U BN A7 AR S G . A
2R KOA-VMD [R5 3o 228875 45 it A s 2% ik 1
7 2% Bh A R AR B of A5 TOUIN p £ S T (R B A
1 T O G o A AR
Bk E , #— KOA-CNN-BiGRU-Attention F%If# MAE
HI RMSE 43 % 0.5719 #1 0.7366 MW , #1%: T GRU ., CNN-
LSTM il LSTM & #4 , 43 51l B ik 0.3214.,0.8003 ., 1.8756 MW
(MAE) A1 0.4388, 1.0138, 1.1298 MW (RMSE) . It 4k , H:
MAPE {43 $132 7} 0.1703 .1.5526.2.6920, F H 11 1 35 Bk
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Fig. 8 Error analysis results of model

54 )5, H MAE AT RMSE #f— 2[5 % 0.2075 1 0.2406 MW,
B B — BB 3 S B3 0.3645 F1 0.4960 MW, [] I} MAPE {i
i 3% B K 0.6881, X #b 25 L K W], KOA-CNN-BiGRU-
Attention B 38 5 51 A KOA-VMD A28 43 S 0, B 2 184
BT AR ARG AR Dy 2T 5 A @A e T, 7 UMK B R e
RSP TR A B A S8 AR B, TR B R R 2 B A R
BN ENST s IS/ o8 %) 8 TR U R R R B B S IR
T o
32 i i

Shy it — 25 IR AR SCER 5 1 KOA-VMD J7 31 3 fig 5
N KOA-CNN-BiGRU-Attention 41 £ 81 (19 1& FH e, ] s 5 B
R M WL 50 MW G AR fa st B gE 5t 42, LA
2023 4F 1 A 1—7 B3 7 d (R 1000 H A1, 53 5144 2 KOA-
CNN-BiGRU-Attention , CNN-LSTM , GRU , LSTM jX 4 Ff 7 il
AL TR (18 I BR g 25 O T0I00 45 SR, b AN ) A 5 A 8 ) 2545 T
PEREUEATXT LL 0T o 3 4 JBIR 13X 4 b2l G AR 7E T A 15 1
W H AT FR (MAE RMSE F MAPE) Y F34 6B, & 9 i
IR T 4 FPEEEAEH N L X G R TR a5 R

x4 BEWMNERLER

Table 4 Comparison among various combined prediction models

MAE/ RMSE/

T AR A MAPE
MW
KOA-CNN-BiGRU-Attention ~ 1.1754  2.0218  2.4569
GRU 21420  2.0736  2.6972
CNN-LSTM 3.2474  3.0149  3.9647
LSTM 43654 43017  4.5973

24 FE 9 45 R FK B, KOA-CNN-BiGRU-Attention 15
RIYE AT P 8 A5 34 S 25 00 T A X e, v A
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RESEARCH OF COMBINED PREDICTION MODELS OF PV POWER
OUTPUT BASED ON KOA-DRIVEN VMD-CNN-BiGRU-ATTENTION

Wang Xiaotian', Li Zelin®, Zhan Ying’, Wang Xu’, Xu Ye’
(1. Department of Electrical Engineering , North China Electric Power University , Baoding 071003, China;
2. Department of Economics and Management, North China Electric Power University , Betjing 102206, China;
3. Department of Environment Science and Engineering , North China Electric Power University , Beijing 102206, China)

Abstract: To address the challenges of existing deep learning prediction models, such as long training times and a tendency to fall into
local optimum, this paper proposes an innovative KOA-driven VMD-CNN-BiGRU-Attention method for short-term photovoltaic (PV)
output power prediction. Firstly, the Pearson correlation coefficient is employed to identify key meteorological factors. Then, the grey
relational analysis (GRA) method is used to determine the historical similarity days for the predicted days. The Keplerian Optimization
Algorithm (KOA) is then used to optimize the parameters of variational mode decomposition (VMD) , which decomposes the output
sequences of historical similarity days to generate a high-quality training sample set. Finally, the VMD-CNN-BiGRU-Attention model,
driven by KOA, is constructed to achieve accurate PV output power prediction. Practical applications at PV power stations in Yunnan
and Gansu show that the model achieves RMSE values of 0.2540 MW and 2.7981 MW, and MAPE values of 0.0234 and 1.1699,
respectively. Compared with other combined prediction models, the proposed KOA-driven VMD-CNN-BiGRU-Attention model
demonstrates superior ability to capture spatiotemporal features, offering significant improvements in prediction accuracy and stability.
These results highlight the broad application potential of the model in PV power generation prediction.

Keywords: PV output prediction; Keplerian optimization algorithm (KOA) ; variational mode decomposition (VMD) ; Attention
mechanism; CNN-BiGRU-Attention combined model



