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Fig.1 Structure and operational mechanism of LSTM
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Fig.2 LSTM photovoltaic power forecasting models
based on different methods
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Fig.3 Short-term forecasting model based on bi-layer
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AERFSE H 0 (Desert Knowledge Australia Solar Centre,
DKASC) 1 |1 ¢ X FH 4% S %46 J%2 (National Solar
Radiation Database, NSRDB)2019 4F 1 A 1 H £ 2020
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5 #1222 (root mean square error, RMSE) . -
Y148 %t 1% 2% (mean absolute error, MAE) #1524 46 X5t
H 43 H iR 22 (mean absolute percentage error, MAPE)
REA ST B ERE >, PR fd 13X 3 NS FRIE
A AT FIUI A VERA B . THEEAN R
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K Equses Evaes Eviape 230 0 TS 55 B SAE 1Y
RMSE. MAE Fl MAPE; N i I3 B G AR B R ke AR
SUBANEG v, R DRI R B SHE; v R i A
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i R B ARG PR R RS AR H 3 T 3R A 5 T R
HiAWLZ 1,

1 REIBSME K ER B Th % B R R A
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Table 1 Person coefficients for various factors
influencing PV output power
R 2R Fe IR Z N
KBRS 2 0.96
T 0.38
TR -0.41
JBEY -0.15
SIE -0.04

HREHE R Bl , >0.5 BbRifE, FEHEZ LSTM
DI OR TN AE TR 308 BOA B 5 BEAR S S AR B AR, O
X I 2: 25 H A IR BE R S P88 0 g S0 K I 4 S 2

ik B, 1A T R, AR AT LA ARLE H
BARPIRR I, 0 2 i
#2 AMACRERMALEE

Table 2 Selection results of similar days and
similarity degree

2% H AL B AR K%
20204E4 7 4H 99.3
20194£9 2 H 99.3
20204 20204294 8H 99.2
9J19H 20194F9H 8H 99.1
(XD 5010628530 99.0
20194E8 H31H 98.9
2020429 H 6 H 98.9
20194£6 4 12H 88.8
20194£9 423 H 86.6
20204F 201944 H30H 86.4
1H6H 201949 H 24 H 85.2
F2) 010665 141 84.3
2019461 15H 84.3
20194247 17H 82.6
20204E3 3 H 91.0
202045 H20H 91.0
20204 202043 H2H 89.4
12H10H 20204526 H 89.3
(M%) 201946 12H 88.8
20204E4H9F 88.7
20204F6 14H 88.1

TEI 6 b AR A f 000 235 SR R A7 % L o0 B o AR
A1 BUZ LSTM, [ HIEHEE H Y275 H Z R R
PR S T 20 A A I TR RS A 1) D SO0 AR Tl 3 4
P ZREERL; B8 1 JRBREUZ , #2050k 128,
P PR Sigmoid, 2% 2] K 0.001, fiw Kl 45 ik
RURELH 1000, dropout %4 0.2, LAY 2. AL H -
LSTM, X #4l 4 vh 2% H 2111 1) K B 5 8 25040
BT B BCPE B  DL ECAR L H S, AR H £
PENGRA A, ZHE SRR 1 261, H A2 T4
41 64, dropout % Ay 0.15, I 3. AF 43 455 2% ) i
(variational mode decomposition,VMD)—LSTM, T
VMD H A 4 B AR Dy Z 5008 OC 8RR AR )5 L i
LSTM #EA7 T, VMD #8705 80 3, 1551 28
H°2 000, B 4 FLG RO 0.1, LSTM #8973 3% B
1R BGEZ , #i 2o ECR 200, 27 2] R 0.001,
B RISk EAR R ECH 1 000, 157 4. Attention-
LSTM, 7EHL)2 LSTM | A S B, 1 s Ay
X OB [R] 25 B3R e g, 1 R I HLR A 8 A4
R A3k, SEE i Softmax PR %, LSTM 1% &
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h 2 SRS, BEJE 100 DMHZTT, 2% 2 # 5k 0.000 5,
dropout 4 0.1, f K YN ZRi% R EHR 1000, 15
A5 A H -2 2 LSTM(multi-layer LSTM, MLT-
LSTM), fdi Ff| 3 J2454, B8 3 JZ2RUEZ, i Zo04
Bk 128, 64 32, 4T BREUE FH Tanh, 2% ) %
4 0.000 5, dropout A 0.2, Fe K Il Zrik SR ECH
2 000, A 6 SCH T AUZ KL E LSTM A A, gt
HEZ M 128 AT A TR0 20 T, A% G E 208
64 ML TTIB IE R 22, BOE PR R Sigmoid, 24>
4 0.001 2, dropout %K 0.18, f K Il Zrik AR Uk £k
12000, 2% H T A& BRI 25 S an & 5
71N, AR TI 52 25 73 A7 WL 3¢ 3—3% 5,
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Fig.5 The PV power forecasting curves of different
models under various weather types

®3 BREAEERTNIRE
Table 3 Errors in forecasting by different models
under sunny weather

T A Ay Ernse/kW Epyar/kW Eyare/%
HELSTM 02718 0.1519 252
AL H -LSTM 0.183 3 0.086 4 17.3
VMD-LSTM 0.176 4 0.093 4 16.9
Attention-LSTM 0.1253 0.067 3 14.3
AR H -MLT-LSTM 0.1324 0.0502 9.0
SCHIE AR 0.1212 0.048 7 8.6

x4 ZEHERTNIRE
Table 4 Errors in forecasting by different models
under cloudy weather

T A Ay Ernse/kW Eyar/kW Eyare/%
HELSTM 0.268 1 0.186 8 23.6
AR H -LSTM 0.1518 0.1154 18.6
VMD-LSTM 0.153 2 0.116 5 19.2
Attention-LSTM 0.1357 0.102 8 15.5
AR H -MLT-LSTM 0.1259 0.108 1 16.0
SCHIE AR 0.123 0 0.085 5 11.0

x5 WMREERHNIRE
Table 5 Errors in forecasting by different models
under rainy weather

T AR 7Y Erus/kW Eyne/kW Eyipre/ %
HJRLSTM 0.343 4 0.270 4 443
A H -LSTM 03165 0.2333 29.9
VMD-LSTM 03127 0.2379 28.9
Attention-LSTM 0.292 4 0.1853 24.8
ALl H -MLT-LSTM 0.262 1 0.164 4 23.6
SCrp Al 0.223 6 0.148 1 17.4

SR BRI SCHRE IR AR T 21, LA AR B A R R
AT I (] AT B 5], A05% 6 P o
x 6 MANAEEIERERA

Table 6 The time cost of different models
under rainy weather

T ALY YIZRmTEl/s  FRPIE )/

HZLSTM 65.3 0.8
AL H -LSTM 82.5 0.9
VMD-LSTM 100.2 1.0
Attention-LSTM 115.6 1.0
AL H -MLT-LSTM 125.7 1.1
S 90.4 0.9

AL Y, SOR PHE XUZ RLIE LSTM BRI A
Al XA T H R R AR BMAERE . 7RIS K
FEN, BRI AR P s E, H a] AR A
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Photovoltaic power short-term forecasting method based on
similar days and bi-layer correction LSTM model

SHI Yulong', PENG Qiao', LIU Tiangi', CHEN Gang’, ZENG Xueyang’, LI Yan’
(1. College of Electrical Engineering, Sichuan University, Chengdu 610065, China;
2. State Grid Sichuan Electric Power Company Research Institute, Chengdu 610041, China)

Abstract: Accurate forecasting of photovoltaic (PV) power is essential for power system dispatch and decision-making. To
enhance the prediction accuracy of PV power, a data-driven short-term forecasting method based on similar days and a bi-layer
correction long short-term memory (LSTM) model is proposed. Firstly, both PV power and related meteorological data are
normalized, and key factors influencing PV power are identified using the Pearson correlation coefficient, reducing the
dimensions of the training dataset. Nextly, the Fréchet distance algorithm is applied to match similar days with the target
prediction day, improving the quality of the training data. Then, based on numerical weather predictions, the initial PV power
forecast is obtained through the baseline LSTM using feature learning. A correction LSTM, using a time series approach,
predicts the error and adjusts the initial forecast to produce the final prediction. A case study uses real-world data under
different weather conditions, i.e., sunny, cloudy, and rainy conditions. It shows that the proposed model consistently delivers
accurate short-term PV power predictions for the next 24 hours. The model significantly improves accuracy compared to
existing methods.
Keywords: photovoltaic system; short-term forecasting; similar days; long short-term memory (LSTM) network; bi-layer

correction model; Fréchet distance algorithm
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