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Ultra-short-Term Photovoltaic Power Prediction Based on
CNN-GRU-BiLSTM-AM
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(School of Mathematics and Physics, Hebei University of Engineering, Handan, Hebei 056038, China)

Abstract; To improve the ultra-short-term prediction accuracy of photovoltaic power, a hybrid predic-
tion model based on CNN-GRU-BiLSTM-AM was proposed. First, to improve data quality, outliers were
processed , and the Spearman’ s rank correlation coefficient and grey relational analysis were used to ex-
tract the key features affecting photovoltaic power. Second, to obtain the spatiotemporal features of pho-
tovoltaic power data, the local features in the spatial and temporal dimensions were respectively extrac-
ted by CNN and GRU, and the long-term dependence relationships in the time series were captured Bil-
STM. Third, to obtain the important information of key historical time points, the Attention Mechanism
(AM) was introduced, and the CNN-GRU-BiLSTM-AM prediction model was constructed. Finally,
comparative experiments were conducted using a publicly available photovoltaic power dataset. The re-
sults show that the prediction model constructed in this study has a coefficient of determination of
99. 1%, a root mean square error (RMSE) of 0. 032 5, and a mean absolute error (MAE) of 0. 026 6,
indicating that the method effectively improves the prediction accuracy of photovoltaic power.

Key words: ulira-short-term photovoltaic power prediction; convolutional neural networks; gated re-

current unit; bidirectional long short-term memory network ; attention mechanism
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Tab. 1 Description of variables of the original dataset
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Fig. 4 Diagram of photovoltaic power variation
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Tab. 5 Photovoltaic power prediction results

of different models

R R RMSE MAE

CNN-GRU-BIiLSTM-AM  0.9910 0.0325 0.0266
CNN-GRU-LSTM-AM  0.9872 0.0389 0.0300
CNN-BiLSTM-AM 0.910 1 0.1030 0.0872
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RUTIIN 25 5 Z (R A AFAE 25 5o ik o 9 J Al i
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[ B AF A PERE . 24 50 90 235 SR A7 TC 6T ) 2 (B 2K
PEAIRMIE A A3 A B, o DR ANZ R R, 2K 56
S5 HLAE 2 R A R S, DA R AR SC T B A A AR T
PERE T 4

TE SPSS 43 A 4K 4 1, Shapiro-Wilk £ %5 i H
T 3<n<5 000 MI/NEAELHE | B T A SO AR 7R
T 1k 2 613, BEE#E Shapiro-Wilk 455,
SPSS fu a5 R L3k 6, & 6 Al 1,5 ZH 22 {H 1M 1
A p (EI/INT 0. 05, B 48 J5 B, TA R 2516 5K
PEAFFEIES A, 0] LR FECAE AR 1 Wilcoxon
ot a5 /%7, MR T TLEH, Bk
WAE 5% 1) i 25 PEK S N A 4, BDAS SCHE R 1)
CNN-BiLSTM-GRU-AM #5215 HAth 5 4> X b ASE Y
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FIRERIPERR L F At 5 MBI
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Tab. 6 Normality test ( Shapiro-Wilk test)

it A B 2
£ 1 0.724 2613 0. 000
£ 2 0.971 2613 0. 000
F{E 3 0.911 2613 0. 000
E{E 4 0.818 2613 0. 000
£ 5 0.991 2613 0. 000

= 7 BXEARE Wilcoxon 2R IE

Tab.7 Wilcoxon signed-rank test for paired samples

Giita BEE 4R
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vs CNN-BiLSTM-AM Pz
CNN-GRU-BiLSTM-AM e ATFERE
748 242 1. 136
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vs Transformer 0 MR

5 #i¢
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