®10%E £5H 2 B8 it E M5 M A
Vol.10 No.5

2020 &£ 5 A

Intelligent Computer and Applications May 2020

HESES: TM715

BTN FHEZINERNS HiREW

HREM, 5k F, XVNE, XfEE
(_Lifg TRERFEARY: BFBEA TR, L 201620)

XEHS: 2095-2163(2020)05-0076—-05 MRS A

W OE. AL REARER(NEARE BN HALERE) 2RMEGBETF X, E L ARBRR D8RR B IS HRAKE A
B ERRA B, oA XL RAGEEN S AR THER FERALATR2EFESSEBRRORAERSSZEHFET
B R AT R, MEBAAA A B ARA R 5 F B S k69 X 48, R A 33 Pareto ¥ /R | 69 R2 3547 st 46 F BEUEAT Jf ik, A 0h ik
JG 0 AR BE AL A By ARAL . MRRRABARYE 5 MR R R AT 35 RN 5 3 Kok 5 3875 3] SRk B AL T 3k o By 30 3 AR,
i@ it [EEE33 ¥ 53X | & ZoBbiE AT ik o 09 T4,

X, % AR, SR XER,; B S BFETELE,; R2#4HF

Distribution Network Multi-objective Reconstruction
Based on Improved Particle Swarm Optimization

SONG Ziyang, ZHAGN Jing, LIU Xiaokang, LIU Chuanxiu
(School of Electronic and Electrical Engineering, Shanghai University of Engineering Science, Shanghai 201620, China)

[ Abstract] In order to make the power grid operation index ( network loss, load balance and voltage quality) show the best
operation mode, a multi—objective optimal reconstruction model for distribution network with minimum network loss, lowest voltage
offset index and optimal load balance is established including distributed power supply. What’s more, a hybrid multi —objective
particle swarm optimization algorithm based on R2 index and decomposition strategy is used to solve the problem. Individual
extremum and global extremum are the key of particle swarm optimization algorithm. The R2 index of weak Pareto dominance
principle is used to screen the particle swarm. The global extremum is selected randomly from the screened population. The selection
of individual extremum is based on decomposition strategy. The Elite learning strategy and the Gaussian learning strategy are used to
help particle jump out of local optimum. The feasibility of the scheme is verified by the IEEE33 node test system.
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