ELECTRIC DRIVE

2026 Vol.56 No.3 W A4S 2026 F

#5604 %

B BUE SAC SV Ol i X P A 1A

FiE, BN, FIRX
(BEIERF BFEEFR, KB HE 710600)

FEEE B X RUH, E 7 1 ) BT 5 AN S B PO XU T A 3R R e AR o ), 4 — Fh R T
IR ZEH FITIB G (R-SAC) ST M I vy PO RE TR BE Mg o 15 216 , W4 0 32 m) A Ay 34 3 T LY 6 R T K e
Fid R (PO-MDP) , I 4544 4 11014 P 2% (LSTM) 55 34 3 7 HLIRE JRURE, th o 0 A A8 AL R AT 30 T80 . 2R
J5 AR GERRE FOTIE 5 (SAC) Bk M FE Rl 151 AJEER 22 P2 4544 , 1 A Ok ) R-SAC 533k USRI S ms (15
SR S IRRROR . T, T T YA X S PR R AT O B S R TE T T ER SR A R B
Pk .

SEHEIR W I B 5 AU T AN 5 TR R AL 27 o] s RS T SHEmg I 25 1Ak

FESHESTM73  XEEFRIEES:A  DOI:10.19457/j.1001-2095.dqcd26592

Optimal Scheduling of Microgrid Based on Improved SAC Algorithm
LEI Qiang, WU Pengrong, L1 Zhenwen

(School of Electronic Information,Xi’ an Polytechnic University,Xi’ an 710600, Shaanxi, China)

Abstract: In response to the intermittency and uncertainty of wind power generation, which result in low wind
power utilization and high electricity purchase costs in microgrids, an intelligent dispatch strategy based on a
residual-like soft actor-critic (R-SAC) algorithm was proposed. The scheduling problem was formulated as a
partially observable Markov decision process (PO-MDP) , and short-term predictions of wind power output and
load variations were achieved by combining long short-term memory (LSTM) networks with the attention
mechanism. A residual-like network structure was then incorporated into the traditional soft actor-critic (SAC)
framework to construct an improved R-SAC algorithm, which enhanced the convergence speed and exploration
efficiency of the policy. Finally, simulation experiments based on data from an actual microgrid in the northwest
region validated the effectiveness and superiority of the proposed strategy.
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Fig.1  Structure of the microgrid system
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