¥ LB ) 2@ 2022,49(8) Briel ki 5 )RR | EMCA

T CNN-ISSA-GRU =B R FEH A i 7%

XNTE, REF, KRE#, ZpF, ¥ &°
(1 RAEIKRF $HIRFR, =& L 650500;
2. EMRAERERA =S AL Akt R, =% 29 650051,
3. ZHBZFEFEFR FESFRIEFR, =% LY 650304)

O PR SEIB AT MRSk R BN TR ey e 8 MERR T o B X SRAE H ) 171 £ AR Ak
(4 13 S B B A B 2 MR e P S R 5, ELIUA RMLES 2% 2] T 7 AN AR AR R AR 2 Sk BUCHE S B AR 2
FI A B 22 25 (CNN) SRIUFRAFE 571 faf 2810 1) Z2 2 RRAIE 1] 22 , ¥4 38 5 ek ) ) 370 o A 380 1) # 9B R 2858 (GRU)
T I R A48 2R 5305 (1SSA) X GRU W45 h B S HGH TS0 . UK EAE AR A 2 B e XAy 672
TR, T 57 B R TR FE SR 2 T 98.624% , SEF L4 (RNN) \GRU FIH B A2 (LSTM ) 554 28
LE TN 7 R T X L, SR 2R B T4 Oy vk B IR T 2 06 1R I G A S B R ) ) B EL A B R A TR

KR |EAETN; SRWMEME,; TRERET; BSHIN

hE5ES: TM714 XHRARER: A XEH/S: 1673-6540(2022)08- 0079- 08

doi: 10. 12177/emca. 2022. 076

Short-Term Load Forecasting Method Based on CNN-ISSA-GRU Model

LIU Kezhen', LIANG Yuping', DAI Yinghao', WU Zhengsheng”, DONG Min’
(1. Faculty of Electric Power Engineering, Kunming University of Science and Technology ,
Kunming 650500, China;

2. China Energy Engineering Group Yunnan Electric Power Design Institute Co., Ltd.,
Kunming 650051, China;

3. Faculty of Information and Intelligent Engineering, Yunnan University of Bussiness Management,

Kunming 650304, China)

Abstract: Efficient and accurate short-term power load forecasting plays an important role in the reliable
operation and sustainable development of the power grid. In view of the complexity and timing characteristics of the
factors that affect the changes in power grid load, and the shortcomings of the existing machine learning prediction
methods in selecting key parameters based on experience, the convolutional neural network (CNN) is used to extract
the multidimensional feature vector representing the load change, which is constructed as a time series and input to
the gated recurrent unit (GRU) , and the improved sparrow search algorithm (ISSA) is used to iteratively optimize
the hyperparameters in the GRU network. The prediction experimental sample comes from the load data of a certain
area in Yunnan, and the prediction accuracy of the proposed method reaches 98.624% . Compared with the neural
network prediction methods of RNN, GRU and LSTM, the calculation example shows that the proposed method

overcomes the difficulty of selecting key parameters based on experience and has higher prediction accuracy.
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