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Photovoltaic power forecasting based on variational mode decomposition

Wang Shiging' Zhao Xuxu' Liao Junlong' Zhan Xin' Wang Jianhong' Zou Defan® Yang Chunping’
(1. State Grid Xinjiang Electric Power Co. Ltd. , Urumqi Power Supply Company, Urumqi 830001, China; 2. School of
Electrical and Electronic Engineering, North China Electric Power University, Beijing 102206, China)

Abstract: To solve the problems of strong uncertainty and multiple influencing factors in photovoltaic power prediction,
this paper proposes a photovoltaic power prediction method based on variational mode decomposition(VMD). Firstly,
the original photovoltaic power data is subjected to variational mode decomposition, which decomposes it into modal
components with relatively stable frequencies. Secondly, the permutation entropy of different modal components is
calculated, and the different components are further merged based on the permutation entropy. Under the condition of
considering different influencing factors (temperature, radiation, etc. ), the different frequency modal components are
predicted by the bi-directional gated recurrent unit-attention(BiGRU-Attention) model. Finally, the predicted results of
different frequency components are superimposed and reconstructed to obtain the final predicted value. Experimental
tests were conducted on photovoltaic power data in a certain region of China, and the results showed that compared to the
BiGRU model, the model proposed in this paper reduced the mean absolute percentage error (MAPE)., mean square
error (RMSE), and mean absolute error (MAE) by 11.25%, 8.51%, and 11.92%, respectively, and significantly
reduced its prediction error.
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Fig. 7 Two day prediction results of different models

Hh BB O T



2024% 8 5

P 543% 5 8 8

Y Bk B AR Y R AT R N I 2 R AT
FlSE 5, NS 5 BT AE A VMD 4 fiff 5 722 AL S
SR ) LI 5 22 A I AR L T A RIS VMD 5 3
T HL e TR BE o — R

xS HEX LR

Table 5 Comparison experiment of ablation

1 Y MAPE RMSE/kW MAE/kW
BiGRU 0. 160 5.348 3.556
VMD-BiGRU 0.152 5.245 3.487
BiGRU-Attention 0. 146 4.956 3. 145
VMD-BiGRU-Attention 0. 142 4. 893 3.132

3 4 ig

R Y ER B AR 4 1k 5 L i) R 2R 4 £ R T & 2k 4
M)A, AR SO T —Fh BT VMDD 43 14 55 30 56 AR T SR 15
WITrvk . et R LE YR o B 64T VMD 43, SR )5
THEL A3 e 08 R RIS 8 00 HE 0 8 P A 40 I 470 e R
WS a AT E A, DL BRAR OIS 70 55 e i Al e 5%
FHEE SIHLE B BIGRU-Attention B4, 5B E4 )5
B o3 B3 AR A B, FE A S A A o B S R R A
SRR 18] 1 AR O A5 B 5 o T0000 A5 3 19 AS [R) 43 3 1) &, 45
Bl AT AR, LM REY, 5 ELM.SVR.GRU-
Attention 3% 3 F AN [F] AR AR [, A SCHE Y VMD-BIG-
RU-Attention # & (% 7l ] 45 5 19 MAPE 4 3 B A% T
18.65%.10.13% 4. 69% , RMSE 4> S Bk T 13.52% .
8.13%.4.17% , MAE 4 5 BE K T 26.96% . 11.33%
4. 74% I E LS G ARBOHE 4 0 S B U W L AR SCHR S 1Y
TOOASE BIAT — 2 W N W . BT R TR AR IZ Ty M) b B
TGAR T st 2 2% (14 B S A5 8L I 5 i TR 2R L B8 8 T K
JE I P TH T R

& % X W

[1] L1IZ, WUL, XUY, et al. Distributed tri-layer risk-
averse stochastic game approach for energy trading
among multi-energy microgrids[J]. Applied Energy,
2023, 331.

(2] B, KEE, FEM, & ETHEREREN
HEDER B3R 2 0 AR T ]. ol R4 A 8
b, 2019, 43(13); 36-45.
ZHAO SH Q. ZHANG T T, L1 ZH W, et al. Error
distribution model for predicting solar power output

clustering [J]. Power System
Automation, 2019, 43(13): 36-45.

(3] EWR., K&, BARHA. & =EABIDXOCHKE
TR R R G R A [T]. AR RRIR, 2017,

based on numerical

Hh B O T

[4]

(5]

L6]

[7]

(8]

[9]

[10]

g 9 D&

35(11): 1626-1631.
WANG CH L, ZHU L ZH, DANG D SH, et al
Cloud clusters move towards the photovoltaic power
station the influence of force characteristics and
system frequency modulation[J]. Renewable Energy,
2017, 35(11): 1626-1631.

A, R, AR, A U R AR B AR S Bk
T B 4t KOG AR T A T0 Hhong BRI L. o A AL
TR, 2019, 39(8) . 2221-2230,5.

ZHANG Q, MA Y, LI G L, et al. Application of
frequency domain decomposition and deep learning
algorithms in short term load and photovoltaic power
prediction [J].  Chinese
Engineering, 2019, 39(8): 2221-2230,5.

WANG K, QI X, LIU H. Photovoltaic power foreca-
sting  based network [J].
Energy, 2019, 189: 116225.

EHi, B, B#. T CDTW ML H F1 CSSA-
LSTM W& G R R mMLJ/OL]. Wi k=i
(HRFF2 0D . 1-15[2024-08-011.
WANG R, YANG Y H., LU ].

Journal of Electrical

LLSTM-convolutional

Short

photovoltaic CDTW
similarity day and CSSA-LSTM[J/OL]. Journal of

term

power prediction based on

Hehai University ( Natural Science Edition), 1-15
[2024-08-01].

ZHU C, WANG Z, LONG F, et al. Prediction of
ground settlement of subway shield based on ABC-BP
neural network [J]. Journal of Hehai University
(Natural Sciences), 2023, 51(4): 72-80.

LI Q. ZHANG X, MA T, et al. A multi-step ahead
photovoltaic power prediction model based on similar
day, enhanced colliding bodies optimization,
variational mode decomposition, and deep extreme
learning machine [J]. 2021, 224 (2);
120094.

K, A, FLUUEIRR. TR T 2 A ALY
EAEAL LSSVM i D6 K & i S R B L 1. #4y
KL, 2021, 50(5); 102-107.

ZHANG T, ZHU R J, ZHAXI D ZH. Short term

Energy,

photovoltaic power prediction based on improved
backbone differential evolution algorithm optimized
LSSVM [J]. Thermal 2021,
50(5): 102-107.

AR . R XS, 4. ST MIE-LSTM A
JERIy AR B [J]. BT RE R 5ER, 2020,

Power Generation,

EAARFMEEAR  — 47 —



3

[11]

[12]

(13]

[14]

[15]

[16]

55

48(7): 50-57.

J1 X G, LT H, LIU S ], Short

term

MIE-

et al.

photovoltaic power prediction based on
LSTML[J]. Power System Protection and Control,
2020, 48(7): 50-57.

BROCHE, Al , Sk Z, . JET AFSA-BP $li 2 [ %%
BOGAR T AU I 2: L) ], #iTL i ), 2022, 41(4) .
7-13.

CHEN W J, ZHU F,

ZHANG T Y, et al

Photovoltaic power prediction method based on
AFSA-BP neural network [J].
Power, 2022, 41(4): 7-13.

CHEN Y J, XIAO ] W,WANG Y W, et al. Regional

Zhejiang Electric

wind-photovoltaic ~ combined  power  generation
forecasting based on a novel multi-task learning
framework and TPA-LSTM[J]. Energy Conversion
and Management, 2023, 297.

XGEHE, 5, PoakdR, . 58T TR ) A
oA AR T AR B L] B T4 R 4k, 2022,
37(7) . 1800-1809.

LIU XY, WANG Y, YAO T CH, et al. Ultra short
term distributed photovoltaic power prediction based
on satellite remote sensing[J]. Journal of Electrical
Engineering, 2022, 37(7): 1800-1809.

BEW, Kol TEE, % ATEEARENZH
il A BRI R 1], o B i,
2021, 41(2):39-46.

YANG G Q, ZHANG K, WANG D Y, et al. Multi
mode fusion ultra short term photovoltaic power
prediction algorithm based on envelope clustering [J].
Power Automation Equipment, 2021, 41(2) . 39-46.
AR, OO, BP0 BT SSA-BILSTM
LA BT EROCR IR T]. A7 IR AR,
2023, 46(21): 63-71.

YUAN J H, JIANG W J, LT H Q. et al
Photovoltaic power prediction based on SSA BiLSTM
method [J].
Measurement Technology, 2023, 46(21) . 63-71.
A, e, X, BT AR A VMD 845 i
5 GRU 1§ it 28 9 45 1) 31 0% 1000 S B2 48 o J7 12 o
SR AUER R AR . 2023, 44(12): 79-87.

ZHAO J, JIE Z X, LIU SH X. Research on the

nonlinear  combination Electronic

method of improving tidal prediction accuracy based
on energy entropy VMD optimal decomposition and

GRU recurrent neural network[ ] ]. Chinese Journal of

48 — HES R AR

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

20244 S B
H435 FOH

Scientific Instrument, 2023, 44(12) . 79-87.
DRAGOMIRETSKIY K, ZOSSO D. Variational
mode decomposition[ J]. ITEEE Transactions on Signal
Processing, 2014, 62(3): 531-544.

LYULL, WU Z Y, ZHANG J H, et al. A VMD
and LSTM based hybrid model of load fore-casting for
security [J]. IEEE Transactions on
Industrial Informatics, 2022, 18(9) . 6474-6482.
A, RET, 2. BG RIE K BELD & R 2% 0
BOeRDy B L], 70 5 AR = 4, 2023,
37(11): 205-216.

HAN Y, ZHU H Y. LI K. Short term photovoltaic

power grid

power prediction using fusion clustering and random
Journal of Electronic

2023, 37 (11):

configuration network [J].
Measurement and Instrumentation,
205-216.

KRIEFR, K&, EET AO flift VMD-CE-BIGRU Yt
PRk gy w7 [ oAb 7 R, 2022,
41(10): 56-61.

ZHU Z7ZH L, ZHANG M.
prediction based on AQO optimization of VMD-CE
BiGRU  [J].
Technology. 2022, 41(10): 56-61.

BET, DR, WA, % LT VMD fl LSTM-
CNIN ¥ %7 199 0 fep 990 I A€ 4 F 5% [J). #4722,
2023, 30(3): 469-478.

LI SH SH, MA X J, PAN L Q, et al. Research on

Photovoltaic power

Foreign  Electronic ~ Measurement

short term load forecasting model based on VMD and
LSTM-CNNL[]J]. Control Engineering, 2023, 30(3):
469-478.

BEBRE, koK, REEW, 4. BT CEEMDAN-BO-
BiGRU W& I K S oF 55 [J]. B#H AR5 T
F£,2023,23(28):12012-12019.

HOU EN K, XIA BB, WU ZH T, et al. Research
on mine water inflow prediction based on CEEMDAN-
BO-BiGRU[]J]. Science Technology and Engineering,
2023, 23(28): 12012-12019.

BIRT. BEOSOK,. BEBE % T VMDLSTM-
Attention 5B {57 B A UM RS L], BUAR i 742
A, 2023, 46(17): 174-178.

MU CH Y. XUE W B, MU X Y, et al. Research on
short-term load forecasting based on VMD-LSTM-
Attention model[J]. Modern Electronics Technique,
2023, 46(17): 174-178.

ARAKEE, FHHE, FEB, 4. JET Atention-LSTM

Hh BB O T



c024F 9 B . .
e F43%5 F 08 B 5 H &

5 L2 B AR B0 45 300 B0 fer N vk D). R O TR sparrow  search  algorithm [J]. Computational
A, 2023, 42(5); 138-147. Intelligence and Neuroscience,2022,2022.:7327072.
ZHU J ZH, MIAO Y W, DONG CH Y, et al. Short -

£ & & 7t

term load forecasting method based on attention

LSTM and multi model integration [J]. Electric A B TR, BRI 1 N G O

E-mail : waitroad(@sina. com

147. MENGEEER WL B, EEME TR A
[25] SU X H,HE X L,ZHANG G,et al. Research on SVR TR B ARIR S A fr T

Power Engineering Technology., 2023, 42(5): 138-

water quality prediction model based on improved E-mail: ychp@ncepu. edu. cn

B 4% 0 9 FAM TR AR — 49 —



