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Short-term power load forecasting based on a new date mapping method and an ISGU hybrid model

CHEN Zixing?, JIN Tao* 2, ZHENG Xidong 2, ZHUANG Zhiyuan*
(1. College of Electrical Engineering and Automation, Fuzhou University, Fuzhou 350116, China;
2. Fujian Key Laboratory of New Energy Generation and Power Conversion, Fuzhou 350116, China)

Abstract: Given the nonlinear power load, diversity of prediction conditions, subjectivity of parameter setting of the
prediction model, etc., an ISSA-GRU (ISGU) hybrid model based on the combination of a date mapping method based on
daily average load with strong adaptability, a Gate Recurrent Unit (GRU) with high non-linear fitting performance and an
improved sparrow search algorithm (ISSA) with strong search ability are proposed for short-term load forecasting (STLF).
First, the data mapping method based on daily average load is used to map the week-holiday factor to solve the problem that
it is difficult to input the prediction network because of non-digitization. Then, highly relevant eigenvalues are selected from
many correlated factors to deal with the diversity of prediction conditions. Finally, the GRU network is constructed for load
forecasting, and the ISSA algorithm is used to configure GRU network parameters objectively. To verify the effectiveness of
the ISGU hybrid model, we use the Singapore power load data experiment, and compare the experimental results with the
existing algorithms. The results show that this method has good performance for STLF and effectively improves the accuracy
of STLF statistical standards.
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Fig. 10 Comparison of each algorithm prediction
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Table 3 Prediction accuracy analysis of each algorithm

it MAPE/% RMSE/MW MAE/MW
BP 1.4337 98.5035 81.0710
ELM 1.2888 86.8272 72.1637
DBN 1.7104 116.2084 96.2369
SAE 1.2100 80.1993 67.4310
GRU 1.0625 79.4255 59.6481
GA-GRU 0.9707 67.5862 54,5047
PSO-GRU 0.9436 67.7910 53.1499
SSA-GRU 0.9053 64.6380 51.0604
ISGU 0.8510 61.6966 47.6967




PRker, 5%

FETH A IR A ISGU VR -E AR 14 5 301 F g £ T

- 79 -

120

1.8

g [ R MSE

= 100 e T ER
o —@— MAPE

< 80 ®
= 1.4 Eﬁ
" 12 g
2 40 =
m

vi 20 1.0
=

& 08

® Pt b GO @ @ @ @
OF a0 e A

12 BEETUNFEEXTEE
Fig. 12 Comparison of prediction accuracy of each algorithm
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