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Distributed secondary voltage optimization control for a microgrid based on
cooperative reinforcement learning

WANG Chao!, ZHAO Chanjuan?, CHENG Zhiyou® 2, SONG Juncai?
(1. School of Electronic and Information Engineering, Anhui University, Hefei 230601, China;
2. School of Internet, Anhui University, Hefei 230039, China)

Abstract: Because of the complex composition of distributed generators and various operational modes in the microgrid,
the voltage restoration control of an islanded microgrid will be affected by uncertain disturbances. In this paper, a
distributed secondary microgrid voltage optimization control method based on cooperative reinforcement learning
algorithm applied to the secondary voltage restore control problem of the microgrid under uncertain disturbances is
proposed. This can realize the voltage regulation control of an islanded microgrid. First, a distributed consensus
cooperative voltage control algorithm of the islanded microgrid is constructed, and a stability judgement method based on
the Lyapunov function is established. Second, from the relationship between controller performance and gain parameters,
the upper bound of the voltage controller gain of the islanded microgrid is derived. This can be used to constrain the
action space of the reinforcement learning agent. Third, the reinforcement learning algorithm is applied to optimize the
secondary voltage controller gain parameters, and the corresponding reinforcement learning state space and cooperative
global reward function are presented. Finally, the effectiveness and adaptability of the proposed control are verified by
simulation experiments on Matlab/Simulink.
This work is supported by the Natural Science Foundation of Anhui Province (No. 2108085QE237).

Key words: microgrid; cooperative reinforcement learning; distributed secondary optimization control; stability
judgement; global reward function

0 58
il HEL R 43 A =X LR (distributed generator,

HEWB: %8t a k45445 8 %8 (2108085QE237) ;
R B RAF LS5 8 F 8 (51877060); b SFFK A
RAL A 79 B P B (KJ2021A0018)

DG). ffRERE . AH i L Il e B A
RN AT R L R S, AT IR MR TRA K,
A RUE B A SR IR A 4 3l R AT A
AL R ERIFMIEAT, 23 R R AR b sk 12
P 7 N RS S =N b o s (e B SV L
ok P R i ZE PR 2 AT S FRL R KR SR LR
T o, ARG 4 I 52 LB BTN, X A



T, &

Sl R s AL 7 ) B R 2 A 2P s DAL s - 23 -

TRUESLE A R . SRR EESHED . X
X, SCRR[BJERH T — At T 2R S P AR
SO N AR HI RS, K DG % ALk IR BB IR
GER, (EARGTCY) N By A N TC D e 2 4 M,
S AT IR T DI D2 G B BT . SCHR[OHE H
T T B IE B AU BT S T R 5,
A5 DG #irth (DG BAIE BBEST, $88 T
X EBEIRM TR . RIR T LB —
SERERE BAEm 1o IR D)2 RO B, (HAES
N R UL BE T 1 R] B 22 5] 62 1 R I R G ) FL P ik
T, IR FUCRE Y B F T R T s A B
SO

RSB o FEL D A PR S AR Y,
— PR R e, JEER, REEFE NN
LI (1) 70 EE ] I 7 A OGHT 78 SCHR[L0]48 H T
ST A RS AE AT DI S i R P 4 A QP 4%
B2, FEARUERL R M rUE . AR A T MR RE I
[FII,  BeAE 0 A0 st ) R d A5 IR B SCHR[11]
PR T R T S5 9 485 )l TR A 2 )
PEl, FRULT AT R 2B PR FN I L R 1
ol FEL DY) FEL M ) R, SCRR[12] 4 T — i A5 4
A7 V5L T DICE B H A 118 AT X 20 rL s 4 1) v o
KT ER A A EAE 7 2, AR R TR
R i BT R PR S S T EL AT DA 2 G
L, O 78R 0% 47 1) Jo R ) R ), SCHR[13]4%
H T AT A B RR 4] IR o Y
AR R A7, R AR G AR 4 21 7 2N
IS P F R, a8 = A e 1) 7 =k
DI R EAS fidH . (HS, IR EAEINS
e F P ) 3 R SR 2D 0 R 380 L D) g s
PEREOCAL IR, BIF FC Gl r Y ) B o s I A4
b5 58 i Y 1 A R s o 1, B B L

b N LR R AR RS KE, w2
(reinforcement learning, RL)IZ i 7F % 4k b 5 1%
HEMEH. HARS I EER I RGH EEMN
FH TS s T 4, i R 2 (ASVRN 48 5 1 B (16155 Ty
o SCHER[LTIR A SRS ST fR I 2 5 R a5 G Re iR
RGMACTARE R . SCRR[L8]42 H T 2 T omtb 2% 2]
(R FEL R RE TR B . SRR [19] 5K FH B A2 ST i v
NAGHAETFRE NS, £ RG 6 R T
T, SCHR[20]175 RE e 30 AU ZY (AN e 1, 18
I BIN A 2 S EIE A SOE R T A E TR R
TR ASRRE 0T DY e 20 AL R g p)sem, 42
& TR T AN SN T A S e, SCR[21) %
XS AIAEE T AN RS TR PO UAT W8, $H T
T Ak 5 2] 7 iR T A e 1 R BR R AR

SEILTE N FGAE B 2 PR 05 A 58 Uz BRI 14 [ I ik O
ENAEVERER A . Lh gl ik i i T RN
S, IF B 5 2 B e MRS T IR
sk IR T 108 AT B AR G AR
HUppay, sl SIEARACH, ARIRIET SB
SO RIERE ST, DT BEE AR I M g o 2 2 A5
T ARG R )2,

RS T AT R R 242, 5y 2 B2 Fh
AHEETIRI, ISR 7 — Fdk 55
[l 5 e 27 3T R A U 4 B IR AL A P S, SEL
PN GBI 0 L SR R A% o ISR A B
oA 3B — gzl b S| sEL A 2 TE, R
RIsEALE 2 it a2 8L ik TG4
PRSI S HOR -, RGVEREZ S BRI
DR, T DA RO SR e Bl R T AN E T
DUt B B SRR RE . H oG, EEALANE
HL R A 3 S R R P S, IR SR
i RERHOE A R G RENE. 5, RIS
B 2 Z A0S P R RE 2 TR R R AR AR LR Bt
RENERE okl o b B P G B2 M b 1 BV 9 )
e as gt L AR W om 2 S SR A, IR
BRARMENEEFVRESSE . BEERE T —Fibh A4
JRy 2 Jih o e 2t B e AR W SIGR 1 IR L B 1 2 41
fw e, XTI S H R B A 5 D0 AR B B 1 10
N P REREAT 0T T, BRAEASOITIR i
HDESRI Qe

1 HENSHRAALDERCIEHI RS

T

N TR A R ) 43 A1 X R A R A
AR ZE A ME R, AR SOWE A7 S G P [R) 42 )
AN TR N AR s i, PR AT
A 2 25 I [ 42 ) SR s PO 5 A L D) 9 288 A 4 | 4
¥, W 1 Fis.

FH P L P, TGS il O O 28 A 42 1) 435 ) ER AT
E4)7E il e i o s w2 A = M e O 7 el p s =
BRI RITE . FEEEH] RSN R
NI, SRR X %t L . AR
e ETEdl . SN T UREMIIZR S FERE 51 R H A
AR 22, AR 235 30 43 ) FH G845 P 485 25 A o
A 2 HL 5 A HH A LR IR A E AR oo ZEAR ALY r )
&4, I A X R 42 R 25 20 A 2RI i L
H R AR B fE S % {H

S T e Wt U N AR A R AR &, 52 E
SNRFIIREM . 5 RERRAL2E ST T RN 2 PN 8



=24 - €& REP B A

PERER A BEMAE ST, FRald i T 2R RGN
sl BRIk, ASCE R SRS 3] J5vE B AR e
W LRSS &, KPR SR > A A IS Bl
HLR A A L I A e S, SR ik
TR SR A 2T A I ok i I A1 P R AR A A
5, DASEBUG AN 2 PR IR ol i X i L
RIS PEIVAPSER SV SR RE R

| H 1
L [ A FE et 20T m b
i il gl Pl et TR e —
) L AL, c E
! l fiTQ, I |
1 PwM I hE | B i
[ DGi it h = |
I N - i
| } \ e
i i [Ea ], L
| laad) }: LRl &at] I
T e BT :
! LCIED: I M | | ! gt i

1
e & T |

1 ETHHRBUFE SIHNARITHIHIN S
B I S5 [E
Fig. 1 Control structure diagram of islanded microgrid based on
distributed reinforcement learning with secondary control
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Fig. 2 Block diagram of cooperative reinforcement learning
control for islanded microgrid system
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