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Abstract; The intermittency and volatility of photovoltaic (PV) power generation poses risks to the safety
and stability of power grid operations. Accurately predicting PV power can effectively address this issue.
Therefore, this paper proposed a short-and medium-term PV power prediction model based on STL-For-
mer, which combined seasonal and trend decomposition using locally weighted regression (STL) and a
neural network model. First, the STL-Former model utilized STL. decomposition to expand the PV power
data, extracting features based on historical sequences such as periodic and trend components. Then, the
periodic and trend component features were concatenated with the original features, the data preprocess-
ing and feature encoding were performed, and the power prediction was conducted using a neural network
based on the Informer model. Finally, many experiments were carried out on real data sets. The experi-
mental results show that STL-Former has high accuracy in short-and medium-term photovoltaic power fore-

casting tasks. Among them, the average absolute value error is 0. 176 and the mean square error is 0. 180
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in the task of PV power forecasting for 2 hours; the average absolute value error is 0. 170 and the mean

square error is 0. 154 in the task of PV power forecasting for 28 hours.

Key words: deep learning, photovoltaic (PV) power prediction, STL decomposition
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Tab. 1 Error comparison of 2 h PV power prediction models
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MAE 0.176 0.263 0.317 0.409
MSE 0.180 0.259 0.252 0.271
RMSE 0.425 0.509 0.502 0.521
MAPE 0.762 1.091 1.122 1.021
MSPE 55.758 84.723  94.531  50.641

Fig. 6 Univariate prediction results of evaluation indexes
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Tab. 3 Comparison of different STL decomposition periods

( Predicted time is 2 h)

WTERE 24 48 96 336 720 1440

MAE 0.176  0.140 0.135 0.170 0.211 0.220
MSE 0.180 0.132 0.098 0.154 0.218 0.192
RMSE 0.425 0.363 0.312 0.392 0.467 0.438
MAPE 0.762 0.567 0.512 0.748 0.986 1.112

MSPE 55.75 34.02 21.74 83.50 98.90 127.45
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Tab. 4 Comparison of different STL decomposition

periods ( Predicted time is 28 h)
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MAPE 1.649 1.580 1.522 1.461 1.413 1.601

MSPE 257.1 231.8 217.8 234.8 223.9  249.7

AT DL b S g5 AT LLAG Y, STL 23k J7 v g
i BRI B ) AR TR e SR AE , $2 T 22 0
AN GRHE BE  (EAEAS [ A 55 4 B2 TR ik J 391 1) e 10
EAIR X AR BT 55 Hh A e 22 1 2 11 2
P T — A BRI SR IBOT 5

3 4 it

KBRS RO G i 7 2 EE AR =
SAORT o 22 I 2% e 28 TN 245 SR )2 ] 5 LA 0 4%

HEATXT A5 251

(1) Frig By STL-Former 5 U GE 1% B - iy )i
FF b S e R D) S AT 55, ELA B v ) LIS
J . M T Informer 51, 5P 35 4 Xf 5% 22 FEAK T
33.1% BT T 30.6%

(2) EFXFAS [R] B Ta] 4 B A 00004 55, Je FE T
STL 43 EIARTF . 76 2 h FOGAR DR BT 55 o
I STL 43 A9 JEI 3014 96 (8 h) B R4 hs, 76 28 h 1Y
AR BT 55 HL A3 R 3R 720 (60 h) 35051
B

S Xk

[1] IRENA. Renewable capacity statistics 2023 [ R ]. 978-92-9260-
5254, Abu Dhabi: International Renewable Energy Agency,
2023.

[2] PAZIKADIN A R,RIFAI D, ALI K, et al. Solar irradiance meas-
urement instrumentation and power solar generation forecasting
based on artificial neural networks (ANN) : A review of five years
research trend [ J ]. Science of the Total Environment, 2020,
715:136848.

[3] MOHANTY S,PATRA P K,SAHOO S, et al. Forecasting of solar
energy with application for a growing economy like India; Survey
and implication[ J]. Renewable and Sustainable Energy Reviews,
2017,78:539 - 553.

[4] FRANK V,ZACHARY D,JOSH P, et al. Effects of changing spec-
tral radiation distribution on the performance of photodiode pyrano-
meters[ J]. Solar Energy,2016,129.224 —-235.

[5] AMEEN B,BALZTER H,JARVIS C,et al. Modelling hourly global
horizontal irradiance from satellite-derived datasets and climate
variables as new inputs with artificial neural networks[ J]. Ener-
gies,2019,12.148.

[6] BOX G E P,JENKINS G M,REINSEL G C. Time series analysis:
Forecasting and control[ M ]. London : Palgrave Macmillan,2013.

[7] GARDNER E S. Exponential smoothing: The state of the art[ J].
Journal of Forecasting,1985,4(1) :1 -28.

[8] ELMAN ] L. Finding structure in time [ J]. Cognitive Science,
1990,14.179 -211.

[9] LIM B,ZOHREN S,ROBERTS S. Recurrent neural filters: Learn-
ing independent Bayesian filtering steps for time series prediction
[ C]// International Joint Conference on Neural Network:IEEE,
Glasgow , UK, July 19 -24,2020.

[10] TOM Y,DEVAMANYU H,SOUJANYA P, et al. Recent trends in

deep learning based natural language processing[ J]. Journal of

Land Use Science,2018,13(1/3) :55 -75.

(T#% 153 W)



