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Deep learning photovoltaic power generation model based on time series

LIU Qian, HU Qiang, YANG Lingfan, ZHOU Hangxia
(China Jiliang University, Hangzhou 310018, China)

Abstract: In order to stabilize the process which integrates photovoltaic (PV) power into a power grid, a hybrid deep
learning model based on potential season category in the data is proposed after researching the prediction of PV output power.
The overall model is divided into three stages, namely, clustering, training and prediction. In the clustering stage, correlation
analysis and self-organizing mapping are employed to select the features with the highest correlation in historical data. In the
training stage, the CNN, LSTM and the attention mechanism are combined to construct a hybrid deep learning forecasting
model. In the prediction stage, a particular classification model is selected based on the month of the testing dataset. The
experimental result shows that this proposed model has significantly improved prediction accuracy in terms of a time interval
of 7.5 min.
This work is supported by the Basic Public Welfare Research Project of Zhejiang Province (No. LGF18F020017).
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Table 1 Correlation coefficient of PV data factors
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Fig. 1 Structure of the proposed hybrid model
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Fig. 2 Accuracy of clustering algorithms
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M MAE — H lemodel,i - Xactual,il (17)
i=1

S 4 HH RS T LSTM T Attention fr) 2H & 4%
A (Attention-LSTM, ALSTM) . 75 32 i 42 H 10 465
A, MLP F1 LSTM A1, Hiik 2—3% 10 F14
%) H T FH R E] [8] B A 7.5 min, 15 min. 30 min
R £E ) MAPE. RMSE Al MAE iR 2245 5,

* 2 FNETEERRA 7.5 min BUK £/ MAPE 5 R
Table 2 MAPE results for test set of data when predicting time interval is 7.5 min

R EIRE  ofEEBEARY 2017.10 2017.11 2017.12 2018.1 2018.2 2018.3 2018.4 2018.5 2018.6 2018.7 2018.8 2018.9 “Fi
MLP 2215 2007 23.05 2562 18.10 24.97 26.00 23.19 2839 2508 2218 20.03 23.11
75 min LSTM 2387 2142 2096 2876 16.63 28.96 20.99 31.19 40.02 2021 2218 21.73 2461
ALSTM  21.64 2244 2144 2816 2352 2455 1843 17.82 3279 2546 29.05 19.78 23.32
AR 1995 1676 2079 2501  16.90 19.29 1584 16.83 17.21 2220 19.88 1869  18.82
% 3 FOMEHEEREA 15 min B £ 40 MAPE £ R
Table 3 MAPE results for test set of data when predicting time interval is 15 min
IR EIRE bR 2017.10 2017.11 2017.12 2018.1 2018.2 2018.3 2018.4 20185 2018.6 2018.7 2018.8 2018.9 ¥
MLP 3019 2441 2642 2858 20.63 37.38 47.40 4080 53.70 3839 31.30 27.10 34.17
15 min LSTM 2342 2147 2374 2751 17.74 2362 2263 21.21 2895 2872 19.00 18.64 2275
ALSTM  20.30 23.08 2240 2838 2040 29.96 29.69 20.53 68.64 47.60 24.06 2249  28.82
AR 2269 2032 2651  28.04 21.06 28.17 2861 2512 1823 2544 23.87 20.89 23.79
* 4 FUNRTEERRA 30 min BYNK £ 89 MAPE 4
Table 4 MAPE results for test set of data when predicting time interval is 30 min
e IR %t EGARAY  2017.10 2017.11 2017.12 2018.1 2018.2 2018.3 2018.4 20185 2018.6 2018.7 2018.8 2018.9 I
MLP 33.09 3515 36.98 37.68 2849 3344 2885 2892 30.17 3592 3278 30.65 3257
) LSTM 3775 4162 38.86 3842 4145 36.07 3634 30.06 3790 39.01 3259 4096 37.39
30 min ALSTM 2567 29.86 3776 4277 3389 3041 57.01 2864 3009 3071 3750 3579 34.18
ASCREAD 3262 2959 29.32 3288 2350 33.38 34.87 31.34 4562 30.19 31.84 3262 32.39




X AF, AF TR AR A R BE 2 ST AR R R AR AR 5T -93 -
&5 FUNEHEERRA 7.5 min 89 £ 49 RMSE 45 R
Table 5 RMSE results for test set of data when predicting time interval is 7.5 min
WA TRE e ELARY 201710 2017.11 2017.12 2018.1 2018.2 2018.3 2018.4 20185 2018.6 2018.7 2018.8 2018.9 I
MLP 1.39 1.58 2.09 2.16 1.23 107 063 072 0.69 1.25 1.10 1.45 1.32
) LSTM 1.45 1.63 2.16 2.20 129 110 063 081 0.78 1.30 1.15 1.50 1.37
75 min ALSTM  1.60 1.75 2.16 2.36 133 110 069 081 0.71 1.34 1.17 1.63 1.42
AR 1.44 1.52 2.08 2.32 1.23 110 063 0.5 0.70 1.36 1.24 1.40 1.30
& 6 FUNEHEEFRA 15 min BNK A9 RMSE &5 58
Table 6 RMSE results for test set of data when predicting time interval is 15 min
WA RS PR AY 2017.10 2017.11 2017.12 2018.1 20182 2018.3 2018.4 2018.5 2018.6 2018.7 20188 20189 T
MLP 1.42 1.60 2.12 2.19 122 112 077 082 0.82 1.29 1.16 1.47 1.37
) LSTM 1.63 1.94 2.51 2.44 145 116 069 083 0.73 1.56 1.17 1.61 1.53
1o min ALSTM 154 1.90 2.38 2.49 1.74 119 071 077 0.96 1.61 1.25 1.69 1.55
AR 157 1.78 1.47 1.86 147 121 075  0.90 0.87 1.45 1.29 1.62 1.40
% 7 HUNEE]ERE A 30 min BIIK A RMSE 48
Table 7 RMSE results for test set of data when predicting time interval is 30 min
() fa G X HO AR 2017.10 2017.11 2017.12 2018.1 2018.2 2018.3 2018.4 20185 2018.6 2018.7 2018.8 20189 ¥
MLP 2.23 2.74 2.91 3.29 1.84 156 094  1.22 1.10 1.96 1.83 2.03 2.02
) LSTM 3.10 3.95 4.13 3.72 352 201 146 164 1.19 2.32 2.52 3.51 2.89
30 min ALSTM  1.80 2.95 3.78 3.91 266 119 094  0.99 0.76 2.06 1.46 3.18 2.22
AHIRL 2.26 2.29 2.95 3.12 171 1.92 1.00 0.94 0.96 1.71 1.69 2.71 2.04
% 8 FMETEERRA 7.5 min BIRER MAE 4R
Table 8 MAE results for test set of data when predicting time interval is 7.5 min
B fE)fE) R A ERARZ 2017.10 2017.11 2017.12 2018.1 2018.2 2018.3 2018.4 20185 2018.6 2018.7 2018.8 20189 T3
MLP 0829  0.88 1.15 1.36 070 061 039 042 0.39 0.72 0.67 0.83 0.72
~ LSTM  0.89 0.95 1.21 1.47 074 067 035 052 0.53 0.74 0.69 0.91 0.78
7:5 min ALSTM  1.049 1.12 1.22 1.56 0.84 062 039 045 0.44 0.83 0.77 1.05 0.83
A 0.85 0.84 1.25 1.55 078 057 032 040 0.33 0.81 0.80 0.88 0.70
* 9 FUNRTEEREA 15 min BN &8 MAE 468
Table 9 MAE results for test set of data when predicting time interval is 15 min
I (A RS X ECAR 2017.10 2017.11 2017.12 2018.1 2018.2 2018.3 2018.4 20185 2018.6 2018.7 2018.8 20189 T
MLP 0.91 0.92 1.17 1.38 069 073 058 058 0.61 0.84 0.75 0.91 0.82
) LSTM  1.05 1.25 1.61 1.61 097 067 041 049 0.42 0.97 0.70 1.02 0.90
1o min ALSTM  0.95 1.24 1.42 1.65 125 076 047 044 0.78 1.16 0.82 1.12 0.95
AR 1.022 1.20 1.53 1.55 116 074 049 054 0.42 0.81 0.83 0.91 0.85
& 10 AT E)[E]BR 75 30 min BYMIK £ 49 MAE R
Table 10 MAE results for test set of data when predicting time interval is 30 min
I (A RS X ECAR 2017.10 2017.11 2017.12 2018.1 2018.2 2018.3 2018.4 20185 2018.6 2018.7 2018.8 20189 T
MLP 1.58 2.02 2.09 2.29 135 103 055 0.73 0.57 1.26 1.30 1.47 1.32
) LSTM 2.8 2.98 3.00 2.73 278 127 086  0.97 0.67 1.51 1.73 2.60 1.90
somin ALSTM  1.19 2.24 2.99 3.16 223 076 077  0.66 0.46 1.39 1.12 2.43 1.47
AR 1.64 1.66 2.07 2.29 130 139 067 0.64 0.68 1.10 1.23 2.13 1.38
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