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Research on photovoltaic power forecasting method based on time series

large model TimeGPT

SHI Wenyu, ZHANG Zhenyi, YANG Dechang

(College of Information and Electrical Engineering, China Agricultural University, Beijing 100083, China)

Abstract: Currently, various statistical and machine models have been widely applied to photovoltaic (PV) power
forecasting, but low forecasting accuracy is common with scarce PV historical data. Therefore, a time generative
pre-trained transformer (TimeGPT) is introduced into the short-term forecasting of PV power. Firstly, a time series
large model is constructed based on a large-scale and diverse time series dataset of 100 billion data points (such as
finance, traffic, banking, network traffic, weather, energy, and healthcare). Then, TimeGPT is fine-tuned using a
small amount of PV power historical data to adapt to the data distribution and characteristics related to PV power
forecasting. TimeGPT is simulated in the PV dataset with user privacy and compared with existing statistical and
machine models. By taking case 1 as an example, the mean absolute error (MAE) of TimeGPT is reduced compared
with the comparison models when the forecasting step is 1 h. Finally, the conditions for TimeGPT application and the
direction of improvement are summarized for its application in new electric power systems.
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Figure 1 Basic architecture of Transformer block
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Figure 2 Basic structure of multi-head attention mechanism
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Table 2 Forecasting evaluation results of different forecasting models with scarce PV power data in case 1 %

. TR )25 K 1 h T ] 25K 4 b BE Ry 6h WMEE SRS 120 SR AR 24 h
e RMSE MAE MAPE RMSE MAE MAPE RMSE MAE MAPE RMSE MAE MAPE RMSE MAE MAPE
TimeGPT 0.039 0.036 0.031 0.053 0.034 0.046 0.063 0.035 0.052 0.072 0.049 0.086 0.125 0.097 0.172
MLP 0.056 0.044 0.075 0.088 0.040 0.091 0.081 0.037 0.094 0.085 0.055 0.123 0.089 0.049 0.119
LSTM 0.072 0.095 0.091 0.083 0.049 0.098 0.187 0.058 0.092 0.199 0.076 0.121  0.245 0.093 0.147
LR 0.084 0.054 0.044 0.157 0.081 0.058 0.164 0.094 0.094 0.171 0.147 0.117 0.278 0.149 0.298
XGBoost  0.071 0.052 0.050 0.076 0.055 0.073 0.072 0.047 0.069 0.080 0.049 0.119 0.087 0.038 0.112
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Table 3 Forecasting evaluation results of different forecasting models with scarce PV power data in case 2 %

o TR 2E K 1 h T i ) 25 K 4 b TSRy 6 h B EE Ky 12h B K 24 h
RMSE MAE MAPE RMSE MAE MAPE RMSE MAE MAPE RMSE MAE MAPE RMSE MAE MAPE

TimeGPT 0.041 0.022 0.035 0.067 0.029 0.068 0.083 0.068 0.076 0.169 0.118 0.119 0.229 0.160 0.176
MLP 0.093 0.037 0.056 0.103 0.056 0.132 0.124 0.072 0.193 0.150 0.073 0.174 0.178 0.076 0.185
LSTM 0.098 0.088 0.103 0.098 0.091 0.118 0.106 0.098 0.152 0.113 0.125 0.161 0.119 0.136 0.170
LR 0.096 0.066 0.079 0.120 0.083 0.093 0.169 0.097 0.131 0.172 0.161 0.109 0.278 0.149 0.241
XGBoost  0.083 0.057 0.044 0.071 0.051 0.056 0.088 0.075 0.079 0.073 0.083 0.082 0.074 0.097 0.126
Ta EH 30 RE TR AR R FRIEF T a9 TR 45 R

Table 4 Forecasting evaluation results of different forecasting models with scarce PV power data in case 3 %

. BN E AR Th BN E SR 40 BIEEER 6 BINEE SRy 12h SR 24 h
RMSE MAE MAPE RMSE MAE MAPE RMSE MAE MAPE RMSE MAE MAPE RMSE MAE MAPE

TimeGPT 0.054 0.027 0.033 0.075 0.071 0.072  0.163 0.144 0.115 0.146 0.116 0.136 0.172 0.158 0.178
MLP 0.112  0.049 0.047 0.108 0.075 0.088 0.120 0.086 0.095 0.132 0.092 0.117 0.145 0.124 0.146
LSTM 0.087 0.085 0.061 0.089 0.092 0.138 0.093 0.099 0.142 0.108 0.111 0.156 0.120 0.096 0.172
LR 0.075 0.075 0.083 0.079 0.089 0.081 0.083 0.094 0.102 0.127 0.129 0.118 0.179 0.185 0.141
XGBoost  0.077 0.067 0.070  0.076 0.073 0.093 0.079 0.077 0.098 0.085 0.073 0.083 0.087 0.076 0.132
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Table 5 Forecasting evaluation results of different forecasting models with abundant PV power data in case 4 %

T A 2K 1 h

B 24 S 4 h

TP IR 5] 2524 6 h

T I [E] 25 12 h

T 18] 25Ky 24 h

5
o RMSE MAE MAPE RMSE MAE MAPE RMSE MAE MAPE RMSE MAE MAPE RMSE MAE MAPE
TimeGPT 0.071 0.056 0.052 0.081 0.072 0.075 0.089 0.100 0.102 0.145 0.142 0.151 0.171 0.168 0.164
MLP 0.112 0.060 0.045 0.109 0.055 0.068 0.104 0.053 0.079 0.119 0.052 0.088 0.125 0.077 0.095
LSTM 0.037 0.029 0.049 0.046 0.038 0.075 0.059 0.051 0.080 0.052 0.042 0.083 0.067 0.052 0.085
LR 0.073 0.051 0.046 0.068 0.047 0.089 0.066 0.046 0.108 0.068 0.049 0.117 0.073 0.052 0.121
XGBoost  0.057 0.043 0.037 0.067 0.038 0.108 0.064 0.034 0.116 0.079 0.043 0.098 0.080 0.068 0.119
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Table 6 Forecasting evaluation results of different forecasting models with abundant PV power data in case 5 %
B KO 1 h TR ) 25 4R 4 h B Ry 6h BNEE PO 120 B R 24 h
Viodel RMSE MAE MAPE RMSE MAE MAPE RMSE MAE MAPE RMSE MAE MAPE RMSE MAE MAPE
TimeGPT 0.075 0.044 0.046 0.118 0.061 0.065 0.143 0.081 0.099 0.194 0.130 0.137 0.242 0.181 0.189
MLP 0.098 0.047 0.056 0.085 0.038 0.132 0.083 0.039 0.193 0.094 0.048 0.174 0.114 0.049 0.186
LSTM 0.046 0.023 0.026 0.053 0.027 0.047 0.056 0.032 0.059 0.059 0.039 0.061 0.060 0.048 0.073
LR 0.071 0.040 0.046 0.081 0.054 0.073 0.087 0.057 0.091 0.087 0.059 0.096 0.090 0.065 0.113
XGBoost  0.067 0.032 0.031 0.072 0.035 0.054 0.069 0.035 0.066 0.070 0.039 0.068 0.072 0.042 0.078
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Figure 7 Comparison of power forecasting with a time
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Figure 9 Construction of system-friendly “new energy +

energy storage” power stations
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