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Short-Term Prediction of Photovoltaic Power Based on Similar Day Analysis
and Improved Whale Algorithm to Optimize LSTM Network Model
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Abstract: In order to solve the constraints of many factors such as ambient temperature, wind speed and solar irradiance on
photovoltaic power generation prediction, a long short-term memory (LSTM) neural network model based on similar day analysis
and improved whale algorithm optimization to realize short-term prediction of photovoltaic power is proposed. Firstly, the Pearson
correlation coefficient is used for feature selection to remove meteorological characteristics that are not correlated with the output
power of photovoltaics. Secondly, according to the actual situation that the power generation of photovoltaic power plants is close
under similar meteorological conditions, gray relation analysis (GRA) is used to select dates similar to the meteorological
characteristics of the forecast day as the training set. Then, an improved whale algorithm (IWOA) is proposed to optimize the
hyperparameters of LSTM deep neural network to minimize the root mean square error of the prediction model. Finally, the historical
data of photovoltaic power generation of Yulara Desert No. 3 photovoltaic power station in Australia is used as experimental data, and
the GRA-IWOA-LSTM neural network model is used to make predictions. The simulation results show that the prediction results of
the GRA-IWOA-LSTM model are more accurate than the prediction effects of other models under different weather types.
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Tab. 1 Pearson correlation coefficients between meteorological
characteristics and photovoltaic output power in different seasons
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Fig. 1 Convergence trend of fitness of Sphere function under
different algorithms
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Fig. 3 Flow chart of short-term photovoltaic power prediction
based on GRA-IWOA-LSTM model
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Fig. 4 Prediction results of various prediction models under dif-
ferent weather types
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Tab.2 Parameter settings for GRA-IWOA-LSTM prediction

model
RAEA  REETAHE BRI 2o A
[ PN 328 214 0.010
EFN 126 232 0.023
[IPN 397 218 0.010

R3 FAAEER TN A A X L

Tab. 3 Comparison of prediction time between two prediction

models s
T s 7 PN EZS [[BN
GRA-IWOA-LSTM 23 15 11
IWOA-LSTM 197 311 254

F4 AENEERTEXOHIRE
Tab. 4 Prediction errors of sunny days under different

prediction models

T AR A RMSE MAE {§ R?
GRA-IWOA-LSTM 0.2576 0.1951 0.999 6
GRA-WOA-LSTM 0.468 3 0.3562 0.998 8

PCA-LSTM 0.8852 0.6172 0.9957
PCA-Elman 0.8822 0.794 3 0.9959
LSTM 0.6771 0.5312 0.997 5

x5 AEBNEETEZZXSHTRIRE
Tab. 5 Prediction errors of cloudy weather under different
prediction models

T A RMSE {# MAE R?
GRA-IWOA-LSTM 1. 086 2 1.5413 0.9829
GRA-WOA-LSTM 1.805 1 1.1470 0.976 7

PCA-LSTM 1.6818 1.124 1 0.9797
PCA-Elman 1.7725 1.1888 0.977 8
LSTM 2.260 5 1.6329 0.963 3

Wad AT R 3T, 5 R 2 R R A RN A AL,
H 4k 3 %) IWOA-LSTM it I £ 74 45 1, £ 3
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Tab. 6 Prediction errors of rainy days with different prediction

models
TR AR RMSE fi MAE i R?
GRA-IWOA-LSTM 0.8578 0.5875 0.974 4
GRA-WOA-LSTM 1.0169 0.6319 0.964 1
PCA-LSTM 1.413 4 0.8818 0.9306
PCA-Elman 1.159 8 0.8975 09529
LSTM 1.476 5 0.9507 0.9243

Pearson 571 [ 4E A1 GRA AHALL H S HUs B 4761k
TR B AT LA KK 4 e P e ], 4R e O R

18 E 4 (a)—(c) fZe 5—6 AR PEAN $8 Fr ]
M, TR R RSB/, SR )3 M LT
WL, BN, A AR HE R G A8 A S
2k, 5 GRA-WOA-LSTM Tiiill##l = PCA-LSTM Fil
LAY . PCA-Elman T8I L & LSTM Tt il 45
{74 T80 25 SR AH 1, GRA-IWOA-LSTM T I 45 1 1)
RMSE {73 HI B A T 44.99% . 70.90% . 70. 80%
61.96%; MAE {H 7 3 FEAK T 45.23% . 68.39%.
75.44% . 63.27%; R*ZFHIARE T 0.08%. 0.39%.
0.37%. 0.21%.

L 4(b)—(c) . K 5—6 BB F5 45 Al
L CHRAR AR B KA IRES, JGIR
W) R BT, A AR (1 TR A B A BT
FEAR, (A5 HALBIARIA L, GRA-IWOA-LSTM il
IR H AT SR AT DAGRFR A0 0 TR B, i 4k il
FEMRSR AT LARRELE 0. 97 LI I

5 #it

A SCER X H AT AR F T 23R IR A
PEARIFH RIS, A6 50575 SRR AR LR T
R Y B Al [ T — FR 3L T AL ) GRA-
IWOA-LSTM T5 455 7Y X 6 AR iy i 0y 23 2047 10
Mo 454 L BRa iR v ol i 7 S0 8cdis , R A7 B 5
5, LR 45E .
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