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Abstract: In order to tackle the challenges arising from model uncertainty and high communica-
tion costs of optimal voltage control in active distribution networks, a sensitivity matrix based
safe multi-agent deep reinforcement learning (SMS-MADRL) algorithm was proposed. The algo-
rithm effectively addressed the inherent uncertainties associated with the active distribution net-
works by safe deep reinforcement learning and enabled the distributed control at lower communi-
cation costs through the multi-agent structure. In this paper, the optimal voltage control problem
was formulated as a constrained Markov game (CMG). Then, the sensitivity matrix is derived by

making appropriate adjustments to the reactive power and analyzing the voltage variations. Sub-
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sequently, a set of agents that can independently give optimal reactive power commands were

developed and trained via the interaction with the active distribution network. Notably, compared

with the existing multi-agent deep reinforcement learning algorithms, the approach proposed

herein adds a sensitivity matrix based safety layer to the action network of each agent and ensures

the voltage safety of the active distribution network during the training and execution of the

agents. The results of the simulation on the IEEE 33-bus system show that the proposed SMS-

MADRL algorithm not only satisfies the voltage constraints, but also reduces the network power
loss by 4.18% and the control costs by 70. 5%, compared with the MADDPG algorithm. This

study lays a theoretical foundation for the optimal voltage control in active distribution networks.

Keywords: active distribution network; optimal voltage control; multi-agent deep reinforcement

learning; safe deep reinforcement learning
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Fig. 1 The active distribution network environment
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Table 1 The SMS-MADRL algorithm hyperparameters

S8 ol
EEETESSE =N [128,128.128]
BAE W 42 > 1X10°°
PEAN 0 265 G )2 R (256,256,256
BRMCEE R S 2X10°°
A ) 4 01 37 % 0.001

A2 g & /A 2X10°
Rk /A 256
LY 0.95
PREMEFE /dB —20~—26

K2 BHESMEE

Table 2 The controller parameter settings

ZH By
TC 1 ) 2 HE il / Mvar +0.4
LR 2 3 140.05
RARHE K 76
LR 2 R R 40 0 ¢ 0. 002
F B Ac/s 10
i E B T/h 24
T2 W B AR H — LR T Dy kW 35
S IH— L F @ /Mvar 0. 25
AL B 0.9

3.1 EENBEHR

= BhC L o 2 ) B8 B0 9 TEEE 33 15 8 &
G543 XA F SR R TR 1B R R 3 4 A 2 TR
HDT 725 & #4519 22 4 00 B 43 3 A F 4, fA 7
%09 HDT 728 R &8 4 — & e 4l

Kl 6 45 T 1IEEE 33 T 24 24 h 591 9)
N TC ) Ty 0 B o il 26, H A0 R R T Bk P el 1)
FEXIE ., N TR AN A AN AL AT
T K B TEEE 33 715 58 5 48 1Y 516 K008 36 LU AR 17
MR, W A D B far FNJG D) B fr TR RE B A
RT bR L fH, FEUET R 1 MW, Bk f s R
12,66 kV Hor, 1 575 g1 R V-5 5 a5, ANt in A5 2

AR 2 MW K f% [7]45 KU BL4L , 2
AT TR IR O =0, 24 h i & an el 7
7 T2 BRI 0.9 5 XU 504 ok U5 T 25 [ [
F ] A BE IR L =




PN

857 %

164 [T
051
—
--- Ky
0.4 \—//_,_,_,\
tﬂi 03f
02F e
01 4 8 12 16 20 24
IRF 1) /h
6 WA 24 h Fagr £k
Fig. 6 24-hour load profile of a node
201

0 ! 8 12 16 20 24
i) /h
Bl 7 G CH I 24 hof b oh Rl £

Fig. 7 24-hour output power profile of a DG unit

R AAEAT HDT 28 #5819 1% 00 F . XF £ 3
BCrL R R EAT 24 h 5 B G H AP K R 10 s, 45
WE 8 Frw , v, A5 2% il 2R X6 0 — S5 A5 FL A AR
6. ATLLE 3, o A A A I B A3 0l o
J& 2:00 FIEA 12:00 Z2 47, U JXUHL BLAH % i o
I, F BN AL W ) b g X SRR T AL AR
NALER IR 9~18 S, ik ETHE I i, X
— A EW L FE 2:00 F1 12:00 B BEHFE. 1 57 M
KT bl fe L, A B 8.00 FIBR L 2100
F B BRFJUT A7 5 SR AR e 1 UL R 7 858 /0N o T P I DA
- 2 R O e Ty R PR BT R R AR TR R T

—_1 —7 13 19 24 =—29
—_—2 —3 — 14 20 25 =30
-_—3 =9 — 15 21 26 —31
—4 — 10 — 16 22 =27 —32

i) /h
B8 ANHEIE I AME T 4T 24 h R £

Fig. 8 Daily voltage profiles without reactive power

compensation

http: // zkxb. xjtu. edu. cn

FRAELA .
3.2 FEERSW

A X A BT T T A SMS-MADRL
B, DL AR R R BRE MPC 898 R 2% Jil 8 2 vk b
HHL R 29 9 i) MADDPG 8 55 1 42 il 30 5

= Sl C L X A Ak A Y T E b R
A A5 R AE 24 S RN O A R A R A s b
I 28 $5VRE RN AR AN . PRI L 7R AR Y o s o SOR 1Y
Xof H A P R A5l 2 HL R 29 B 24 h P35 0 4% 4 RE LU
K24 h PR 3 AT

Kl 9 J&/x T SMS-MADRL & i #4 F 9 24 h
R B R AT A E L2 RMER T, ik
BEAEHIAE T 0.95~1. 05 JE I, & A H B A ik fR
0L

w1020/

2 100§
0.98
0.96
0.94

IR 1)/
9 SMS-MADRL 846 T 495 51 24 h i 28 fh it 26
Fig. 9 Voltage profiles under the control of SMS-MADRL

10 JB/" T MADDPG 56 T 24 h
JEAR AR 2R L 7T U 24 R TR A ST R BRI, B % R
2:00 ZE A7, W A 10~ 18 Ay R B T ik S L TR 4
RSN . X2 B TR REGS /N, B Rk e
YIS i A2 w50 56 3 0 4% 401 K8 A4 AR A L T 280

TN H R AR
—_1 —7 13 19 24 —29
—2 —8 —14 20 25 —30
—3 —9 —15 21 % — 3l
—4 —10 — 16 M —2 —3
—_ 1l 17 3 — 28 33
L] p— 12 18
R S —ry
1.04}
w1026/
2100
0.98
0.96
0945 4 8 12 16 20 2%
[ /h
&l 10 MADDPGUE REHE /IO B EEH T4 24 h
HL AR 1h Hh 28

Fig. 10 Voltage profiles under the control of MADDPG

(small penalty coefficient)




12

HEER I 45 ¢ T8 1) 5 5 0 HL IR0 A 2 4 2 98 BB A TAR B2 i A 2 > v TS (I8 A 47 165

3R AT & U3 HDT A2 R4
R & 11 frR . AT LAE L R4S R
FH#RAEST 280 MADDPG 82 7] D) 2 vy R 24
o H 75 AH [ i 20 A0 48 T SMS-MADRL &3 75 %
HRW T F, LA,

3 TSR R P 3 WA AR
FEAF B A %t t 4 SR, aTRLAE W,
B TAC FEL P9 AN it A ] TG T % B4 AR TR S 1 I 4%
%F%%?jt,%ﬁﬁﬁd\ﬁﬁ Z ¥ MADDPG B 4K Bt

15 T AR 4 AE (A PR R A6/, T
Eﬁﬁfr_KEﬂ%‘io Fr 4R B SMS-MADRL %5 1 4 4%
TAES] R B K MADDPG 8, % 4% 451 #E Ik 21>
T 4018 % R I T 70,50,

— iR 10— k12
— k16 171526
0.4r
\,\ SMS-MADRL 4175
f!\/ v« fﬂﬁr\_, -—
of ~ N —
_0_4_
0.5 MADDPG (1 i} 7 K )
= M \/J\/—«/A o
3 \/ N
3 _
_0.5,
0.4 R
MADDPG 5k (FE 1 R KN
IS -
04 4 8 [ 16 20 24

1 /h

UL ORISR T HDT 25 R 3RS0 50% 20 h 22

Fig. 11 HDT reactive power profiles under the control of

different algorithms

A3 ABRAEEH THREIRFTILER
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