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Fig.1  Structure of GAN
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Fig.3 Flow chart of spatial load forecasting
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Fig.4 Ranking of feature scores of each sub region
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Table 3 Comparison of ELM prediction accuracy
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Table 4 Load prediction results of different methods

sy Serpoy vk & XGBoost 1] GAN-ELM & GAN i
R 10%(kW-h) 10?\(?%%1 ) e/% MAPE/% (;m(‘iu\){f:l) e/% MAPE/% Off‘(ifﬂ;“\ffi) e/ % MAPE/%
2019 725.81 726.01 0.09 0.37 718.68 0.98 1.27 720.69 0.71 1.72
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2017 655.29 664.47 1.40 1.27 682.50 4.15 4.30 643.69 1.77 3.37
2016 639.09 642.36 0.51 1.69 668.45 4.59 3.84 633.97 0.80 1.20




& AH) ALK 206

R5 2WAEMTMER

Table 5 Prediction results of two methods
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Spatial load forecasting method based on double-layer

XGBoost and data enhancement
HUANG Dongmei', ZHANG Ningning' , HU Anduo', HU Wei’, XIAO Yong’, CHEN Anging*
(1. College of Electronic and Information Engineering,Shanghai University of Electric Power, Shanghai 201306, China;
2. College of Economics and Management, Shanghai University of Electric Power, Shanghai 201306, China;

3. College of Continuing Education, Shanghai University of Electric Power, Shanghai 200090, China;

4. State Grid Info-Telecom Great Power Science and Technology Co.,Ltd.,Fuzhou 350001, China)
Abstract: Spatial load forecasting faces the problems of multiple characteristic factors and data shortage. A spatial load
forecasting method based on double-layer extreme gradient boosting ( XGBoost) and data enhancement is proposed. Firstly,the
area to be predicted is divided into several sub regions according to the supply range of feeder power. Secondly, a feature
selection model based on double-layer XGBoost is constructed. The first layer XGBoost scores and sorts the features. The
combined features are loaded into the second layer XGBoost for sub regional load forecasting. The best feature variables of each
sub region are selected according to the load forecasting results. Then,the training set samples of each sub region are enhanced
by the generative adversarial network ( GAN) ,and the load of sub regions is forecasted through the extreme learning machine
(ELM). Finally,the predicted values of sub regions are added to obtain the load of the region to be predicted. Taking local
areas of Shanghai as an example,the simulated experiment and comparative analysis are carried out. The results show that the
proposed method can solve the problems of characteristic variable selection and data shortage at the same time, and has high
prediction accuracy.
Keywords : spatial load forecasting; extreme gradient boosting ( XGBoost ) ; feature selection; generative adversarial network

(GAN) ;data enhancement ;extireme learning machine ( ELM)
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