ELECTRIC DRIVE 2023 Vol.53 No.5 WA AR 20235F £ 534K 5

T PCC-MLIRE 2= S WG N £ H
ittt aT

TEN S, TR, KE LK, EES
(BML AR EdE hnd mMae s, LAk EN 256610)

FEE - N B e Gl e I PP BRSO ARG 7, e AT A PR D 7 ST o 1k, i 11 36T Pearson AHOC R BT 2
(PCC-ML) 5 far 000 ) 1o i 1 22 F AR R IR BEAR AL 5 o 56, 38 Pearson AH G 4341 (PCC) 43 AT S 4 22 4k
iy A 1 2H SR S TE) 51 3 0o 627 27 (ML) X G, P 5 gy A0 R A TR A S B B A TR e £ il L s 2l 2
FNTEL T S5 RAT AN 5 A1 PR B SR, 56T S50 45 2R A 7 il D0 P 9 B sl R A AR A Y, W B — S i
TR BE B B, LA S B ) DX 3 4 R s AT G D MR R R AR B A 5 B B — 2R SIS AT IR B B, % FE AR H R
BB TR S A 1 7 AN o e, X6 T i 22 S s R4, SR DO 45 B A B AT AR SR o 4323, I T 9) 24 o A LR 1k
(C&CG) Ififp T T ) LA T 28 HARAR A PR B L AR A . ), S48 40 A 3R WA i 42 Jr i 8 6 2 vT DL AR
A LA 55 I PERE RS oK, 42 T b I 28 55 i o

SRR AL I TR T T ) 5 TR AR s B 24 R AR R

FESEES . TM73  XEFRIZE:A  DOI:10.19457/.1001-2095.dqed24113

Multi-objective Coordinated and Optimized Operation of Microgrid Based on PCC-ML Deep Learning
LI Jianjie, GAI Pengyu, WANG Lihua, ZHANG Jian, SUN Hongbo, XIN Chunqing
(Binzhou Power Supply Company , State Grid Shandong Electric Power Company ,
Binzhou 256610, Shandong , China)

Abstract: In order to improve the optimal allocation of renewable energy in microgrid and reduce the
uncertainty of source load in microgrid,a multi-objective coordinated scheduling optimization method for microgrid
based on Pearson correlation coefficient meta-learning (PCC-ML) source load prediction was proposed. Firstly,
Pearson correlation analysis was used to analyze the time series composed of original multidimensional input
variables, and meta-learning (ML) was used to manage the five processes of feature extraction, candidate model
preparation, labeling, off-line training and online prediction result evaluation for microgrid source load data. Then,
based on the prediction results,a two-stage rolling scheduling optimization model of microgrid was established. The
first stage is day-ahead pre-scheduling stage,and the optimization goal is to achieve the global economic optimization
of microgrid region. The second stage is the real-time operation and regulation stage. Considering the uncertainties of
the real-time output of new energy sources in microgrid, the prediction deviation is regulated in real time to realize the
optimal operation cost of each equipment in microgrid. Then, the column constraint generation algorithm (C&CG)
was used to decompose the main and sub-problems into interactive iterations to solve the two-stage optimization
model. Finally, an example shows that the proposed method can meet the performance requirements of visible and
invisible forecasting tasks and improve the economic benefits of microgrid.
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Fig.1 Schematic diagram of learning mechanism of meta-learning system
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Fig.2  Structure diagram of PCC-ML model
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