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Table 1 Comparison of error among different algorithms
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Table 2 Comparison of average evaluation indexes
without considering cross-combination features
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RMSE / kW MAPE / % MAE / kW
1 17.56 9.14 12.75
2 42.34 15.74 28.67
3 49.65 30.72 31.03
4 33.85 15.07 22.04
5 28.03 14.04 33.68
6 4291 14.62 29.55
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Ultra-short-term photovoltaic power prediction based on
Wide & Deep-XGB2LSTM model
LI Ran',DING Xingl,SUN Fan',HAN Yi',LIU Huilan', YAN Jingru2
(1. School of Electrical and Electronic Engineering, North China Electric Power University, Baoding 071003, Chinaj;
2. Electric Power Research Institute of State Grid Hebei Electric Power Company,Shijiazhuang 050021, China)

Abstract:In order to fully use massive historical data of power grid for photovoltaic power prediction,XGBoost
(eXtreme Gradient Boosting) algorithm and LSTM (Long Short-Term Memory network) are fused under
Wide & Deep framework, and a ultra-short-term photovoltaic power prediction model based on Wide &
Deep-XGB2LSTM is proposed. The feature extraction is performed on historical data to obtain primitive
features of time, irradiance, temperature and so on, on this basis, feature reconstruction is carried out and
combination features such as irradiance X irradiance, mean value, standard deviation are constructed by cross
combination and statistical feature mining, and Filter method and Embedded method are used for feature
selection. Case comparison under TensorFlow framework verifies the promotion effect of the proposed model
and feature engineering work on prediction performance of photovoltaic power.

Key words: photovoltaic power prediction; Wide & Deep model; XGBoost; LSTM; feature engineering; model

fusion
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Fig.Al Structure diagram of Wide & Deep model
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Fig.A3 Structure of LSTM
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Fig.A5 Comparison of prediction results among different algorithms

1000 [

500 [~

y \. A
%9 80 100 120 140 160 180
8H31H E9H 2 M ThF FM A R
—— 9P, — - Wide&Deep-XGB2LSTM, — — - XGBoost, - Wide&Deep
— -LSTM. — - Wide&Deep+XGB+LSTM, B

& A6 A E B NS FHER T BB ETUNEE R 3T EL
Fig.A6 Comparison of prediction results among different algorithms without considering cross-combination

features



	202107005
	202107005_附加材料

