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Abstract: With the increasing penetration of renewable ener-
gy and power electronics-based devices, and the hybrid operation of
AC/DC power networks with heavy power transfer, the dynamics,
stochastics and uncertainties of the power grid are being observed,
threatening its secure operation. In order to effectively resolve secu-
rity issues caused by fast variations of voltage and line flows, a rein-
forcement learning algorithm based on maximum entropy depth is
presented for providing online decision support in smart grid opera-
tion, which can simultaneously consider multiple control objectives.
This method formulates decision derivation for grid operation as
Markov decision process, which trains multi-threaded soft actor-crit-
ic and uses periodic online training mechanism to continuously im-
prove its control performance. The developed prototype using this
method has been deployed in the control center of SGCC Jiangsu
electric power company, which interacts with live energy manage-
ment system and learns its control policy adaptively. The well -
trained agent can provide effective control actions within millisec-
onds to regulate voltage violation, line flow and losses.

Key words: artificial intelligence; intelligent dispatch and
control ; deep reinforcement learning; grid security

0 5%

BEHE R v S8 LR K , T AR BE DR
75 738 S A I 10 L 9] v L TR P B AT AR AR
KA T IRZ) L 2B AN P S s 2
FHESR AT AR TR A TR 3l L) K R, T g
JIr S B Ry R D AN, A R S AT R
PR T-B K B AR S B, RGTIE 2 4
W SO PRI ) DR Y A 2 A 4
PR TR R 2 2R E B T R R EE,

R, S0 FH T H ) Ui N T e Cartifi-
cial intelligence, AI)+% AR Z M 5 F 7 fof 0 | AT F
A BRI TN 22 A PETIUIN 45 o HAZ OHOAR N i =X
) R T R KA bR T A A K

s HE5:2021-03-02; & B H #5:2021-05-30
EE£WH : FEMYTH58 B A RA AR H (12020058)

W 2R ATAERY o 117 R o 3] 2 5 ) AR 22 Tl i /0 K
LS R PR DA SRR A St ) 24 i X
¢ 2 75 10 H o ] ANV 1 Y B R 2
—o MW, SRAL SR I Bk T L U E A R A
FERLZEIT I A LR 7

@ A PRSP SBR[ 1 3 i T T Q 2
R INLIT FORIE R SR S A FasE I 3
R L2048 1 25T Q o > vk AR IR 3 41 1 5
Mo @ MIMZTHEAT: SCHR(3 4 T 7R PRk
HIET QAR RE R B Tk . © 4271
HL R AT AR  SCRR[4 52 T BE TR Q 4%
PR AR R A . @ TP SCHR(S ]
Fe 0 Tl R A 2y > SR X F R A BRAE R R Sk
Frae el & B SOkl 6 J52 0 1 AR
Pz 2] AT SRR R B O . ©  H I 9707 15
- SR (7 14680 P 8 Ak 2 ~J B30 3k R A e 400 67
e @ 23F RN TCT T Pl - SCRRI8 T3 T

Vol.23,No.4 Jul.,2021 POWER DSM | 73




WEE, T ETREBRMFIFEE R X RE TN

o734 R Al 27 ) FE R i D S A 2 BE LRI 1Y)
[R]85 SCHR L9 J 42t 1 — 7 3 T I B s Ak~ ) Y TE
HL R T —H AR T 580 @) IREE A i 5 il - S
BROLO B T — E AL T35 4 2244 deep Q-learning -
2 0 F NI D v DA e KA % 52 I [ D8 T ) 4 18
P s it SCRRL 1T J3R M T —Fh Rk T3 s I AL R 2
sRAL A B D ER k. © S5H 3hE
W OCHRL 12 3R S T — AT 2 R R Q MZE X &
MBS AT B SR 20 I 45

ASCHE PRI OR B BEl - i T — g
TR ORI R A ) L N 22 HARTE L 14 Bl
PDT ik , Al L A B e | kAT 22 H BRI
AT . WA SE BB ER I8 TR T
LA TIX 38 i Z2 2R B A1 2 AR ST,
YR soft actor-critic (SAC)F REAA T 5 Ha, ) SIZHsf
IBATINEEIA T AC . AR R i Bl S fie
TR FRL e B IBG 24 2 U e PR D R ) 48 A Ak 45 T
B, ZITER T ) R G [ B 5 R0, T ik
It L X)L S T TR R A T R S 47 L0 Ar , B0 H, g v ]
RE 0 A P, B A ) U B PR A =R, T T R A
AP R [ 3R S RN RS ST R i
TS 5N 5 R, Az U A2 L s A T4 2R
(2R 5 Re A, mI Xt L I v DA PRI A T Y S R R
G IR R B S U A R G
R st T HREE G = HAb A 28 T AT

AT SR T3 T H X R 48 Sl g R R
St b2~ A U DL R AR S {9 B K i Ak
S B ARR TR A T TR O i AR
BRI ZRim AR JR A SRR S L) R R L s s
DIVL 235K G0 43 X 01, 38 4o R d i ZE e B 0
SR 1O A R
1 B T R iR 7 S 5k

2 SR SR AL R A A e Pk Sl A B L
Bl s AN SR B AR i A2 > Bk R R A A T
SRV A B AR, 1280 S Al s
RE Tt . LT HAd R B i Ak 2% 2 531 (deep
reinforcement learning, DRL) ,SAC R E PR AR Q
PRAS, DXFE T, At fb 7 2] 5 2% s R A Tt
WA AR 2 5 T SAC R HHBEALR WS , 7E B ALK
JAEAR R [ S AR B, B A 5 il P K
FIRTHE T RIBUS AT RERENLAFEHIZIPE ™ . SAC HARZC
AR RIS I R A

7T = argmax ZE(_"; u,)~p,[R(S" a)+taH(m-ls))] (1)

AL E, | RS p, REESFIRIE: R(sa,)

74 | BAERMEE

L0344 202147 A

N PR s, FRIBGIE a, IFASZIRRIANTE; H(mr-1s,)
TR 7 AERAS R s, 2B ; o M hliRR
B SRS 5ok FH AT 425 SRt 2 [ T 2

SACH PR HBEHLIERS , £1%5 2 HARHLIM B %
LA PR AR A, B TR R R AT T
AURETT ™ o VIR BRIR A RSOl T H A SR M B L 5
B TR R PG R T ] R R A BN
AN AR  Ab) 3 e (B PR ARV, (s,) R Q PRIEL
Qﬁ(sl,a,) B, BT 3l FH AR 22 I 28 2800 o R 0 SRR o
SACTE R 2MELRRAL, Herh—AME R
HPRER KA TR, A A R e PERIT 5
PEo HRYE SRR 13 ], il R CrT i i MR (2)
(R 22 VT (ER HB AR ZE 2K AR, EARRRECH
Jo()= Ewn[%([/w(sl) - EQVWQ[Q(,(S,, a,)~alog W(a,ls,):”

(2)

Refr, D W EA BRI 50 s E,, AR
AR E, ORISR o, B R i s 7
a, P,

2 (2) ARt 2 T ] X (3) ke 15
@w-]\(‘z’) = Vl,,Vw(st)[le(s,) =Qu(s.a,) +alog W@(“tlsr)]

(3)

K v, R SE oy SREBEE

ALl i, 7T 38 3 F /M Bellman 5% 22 19 7 Xk
TR Q PRELT P2 8 A THEANE

1(0)=E, ., | 3(050) 0. a[)ﬂz (4)

O(sa)=r(s,a) +yE, [V,(5.)] (5)
il y BTHREG B, RIERA p 00 +104
ZIRAS s, HYHAER

112 (4) P AR AR i T i =X (6) Hh A AE 0
TR
?0](2(0) = V(,Qo(s,,, aﬁ)[Qo((s,, a,y) - r(sl, a,) - ’yV(/;(s,H)] (6)
eV, TR O SRBBIE; V,(s,.,) o FARE PR A 2%,
AL R R LR 1)

AN ] T A 72 A0 BE BRI, SAC 1Y SR 2 F aly
A E R 7 25 W BEPL T e A T R s . UER
A 1) 5w 1) i 28 R 4% 2 0] 5 5 e/ Ak T
Kullback-Leibler (KL) fii 2= M5 21 , Z 800 ¢ A9
Felg a1 HAReRECH

J($)=E L[E, . Jalog(m,(a)s)) = Qu(s.a)]| ()
X K, WTEHIHNG o TN a, IR
A AR AR FE T B = (8) IR R 25 1R



@d)]ﬂ(d)) =V,a 10g(7T¢(aL|SL)) +

(V. alog(m,(als) =V, Q(s.a )V, fu(e.:s)
s V, WERT T () 19 b SRBBEE; v, Akt o SRABEE
V., Xt a, SREBEE; &, MEIAIEIRIE; f,(e,:5,) WG
WL, IZRSA R BB f L 1 441

(8)

2 FETSACHZ Hirr Miatr )5 U1E LA
WIS

21 BRFPRRKLE

FL I P R 2 YR TR AT SR A S R R R DR SR
#£(Markov decision process, MDP) , F F#EFEHL8h2AS
PREE T B BRI PPl T, AT R R L
TR AHRL MDP AT FH 4 4EcdHdiR (S, A,
P, R,),Hrh SIRRRGURA A 0], 446 He
HI AR Bt DI R TCHIEN A R HIALH )
TARTAE; ARSIV RS, TS & LA Zhh g
Bl B AP Y] L s ek a5 V)
U5 P(s,s7)= Pris_=s’ls,=s, a,=a) NE RS
TE e IS ZIMCYFPIRAS s, R THEHISIE o, JFHAL 2T
R s, BIER; R, (s,s") IREM Y HPIRE s R B
WG s 1FRNPRIRNE, FATAGERIRCR

MDP {3 fiff ik # O 1 4 2000 A 428 i 5 s
7(s) , TN RGUIRAS B e sh e, iR
[E] J3 51) 1) S B A S (B AR BRIk B B KAl . R BE i Ak
2] AL RRAR PTTEAS W7 b 5 PR 58 B ol it v
IR T R A, s A B T R, B R
STANE Y Sy vack e IS R T 13 WS N O
BT R GRS RINE  Sh/E =3 0], DRLE R
IR ARIR GRS s | IR 25 B Hi ShE @ 5 36
BEAERE I 1z Sh VR 5 K R B RGOIRES s F
E r i th 2R RIS

s

r ; AT e
% ;
Tl ME
|
Ll
RAE s 781 <
T

I
Bl REBUFIBHRESHEZEITRE
Fig. 1 Interaction between DRL agent and environment
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Fig.2 Flowchart for training DRL agent for multi-objective
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