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Day-ahead Photovoltaic Power Forecasting Model Based on Spatio-temporal Local Attention
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Abstract: The fluctuation of photovoltaic (PV)power over time is characterized by uncertainty and randomness. Ac-
curate and reliable PV power forecasting is of great significance for real-time grid dispatch and frequency regula-
tion. For improving the accuracy of PV power forecasting, a day-ahead PV power forecasting model STLAN-LSTM )
based on Spatiotemporal Local Attention Network and Long Short-Term Memory (STLAN-LSTM)is proposed. The
proposed STLAN-LSTM is composed of a dual self-attention mechanism. First, the similar historical PV power se-
quences is dynamically located through the Temporal Self-Attention (TSA) and, at the same time , the spatial self-at-
tention (SSA) mechanism is used to automatically capture matching photovolaic power sequence from adjacent sta-
tions. Then, an improved similarity sequenc score estimation strategy is used to aggregate the output of the two atten-
tion channels, enabling the model to fous on similar local sequence within the daily features. Finally, the outputs of
the attention channels are transformed into a nonlinear space using Extreme Learning Machine (ELM) , which are
then fed into an LSTM network to achieve power forecasting . Experimental results on measured data from PV power
plants show that the the forecasting indicators MAE , RMSE, and MAPE of STLAN-SLTM are 1.26%, 1.61% , and

23.21% respectively, indicating high forecasting accuracy and providing effective technical support and day-ahead
PV power forecasting.
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Fig.1 Spatio-temporal local attention network framework
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Table 1 Comparison results with different
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prediction models

i eyar ense e/ %
ARIMA 3.29 4.46 51.25
SVR 1.99 2.83 34.96
LSTM 1.98 2.85 29.69
ConvLSTM 1.86 2.68 26.33
STLAN-LSTM 1.56 2.47 23.21
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Table 2 Comparison results with K-means-based models

TR enar ervisk evarel %
K-means+SVR 1.92 2.74 30.42
K-means+Transformer 1.84 2.73 28.67
K-means+ConvL.STM 1.73 2.51 25.61
STLAN-LSTM 1.56 2.27 23.33
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Table 3 Forecasting results of four seasons for
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Fig. 9 Comparison of forecasting value and real value in four seasons
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Table 4 Performance analysis of long sequence forecasting

JEHT 30 min PERT L h $EHT3 h $ERT6 h EFT 15 h S5

Fi
EMAE CRMSE EMAE ERVSE EMAE CRMSE EeMAE ERVSE €MAE ERVSE €MAE €RVSE
ARIMA 1.02 1.52 1.44 2.03 2.82 3.80 3.97 5.32 2.92 3.86 3.29 4.46
SVR 1.17 1.62 1.33 1.86 1.70 2.44 2.07 2.96 2.22 3.16 1.99 2.83
LSTM 1.59 2.19 1.76 2.46 1.92 2.77 2.01 2.90 2.09 3.02 1.98 2.85
ConvLSTM 1.53 2.15 1.60 2.26 1.77 2.52 1.88 2.72 1.97 2.86 1.86 2.68
STLAN-LSTM 1.46 2.32 1.48 2.36 1.52 2.44 1.55 2.47 1.60 2.50 1.56 2.47
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Table 5 Performance analysis of weather type

— PN EHEPS
enar eryise enax enuise
ARIMA 3.87 5.40 3.06 3.93
SVR 2.06 2.72 3.15 4.37
LSTM 1.83 2.58 2.82 4.05
ConvLSTM 1.85 2.62 2.71 3.98
STLAN-LSTM 1.40 2.03 2.22 3.42
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Table 6 Spatio-temporal learning performance

Y evae ense
STLAN-LSTM 1.26 1.61
Transformer 1.58 2.12
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