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Abstract: Microgrid is of great significance for the local
consumption of new energy sources such as wind and solar,
optimization of load levels, and improvement of energy
utilization efficiency. However, the coupling of multiple energy
systems, the intermittency in the output of new energy power,
the randomness of load-side power demand and behavior have
resulted in the microgrid becoming a dynamic and complex
system, which has brought challenge to the optimization of the
microgrid. Deep reinforcement learning (DRL) finds the optimal
strategy through trial and error interaction with the environment,
which can avoid accurate modeling of uncertainty, it is also
suitable for solving sequential decision problems, therefore,
it has advantages in solving dynamic microgrid optimization
operation problems with a large number of uncertainties. This
paper mainly reviews and analyzes the application of deep
reinforcement learning in microgrid optimization operation.
Finally, it discusses interpretability, reward function settings,
user privacy, transferability, combining model and model-free
algorithms, multi-objective function weights which faced by
the application of reinforcement learning in the optimization
operation of microgrid.

Keywords: microgrid; deep reinforcement learning; complex
system; optimal operation
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Fig. 1 Schematic diagram of single microgrid
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Fig. 2 Schematic diagram of microgrid group



242 ESSer

REEXRY

Hots 3 M

ez T e A iz 4T B R EAT 1 [ B 4
BT EN R T E L AR 5
235 AR SAL A D TE R A AT R AR, R
PO DIE PR HE 73 Ay B T P LA R B PR e 0 8 [ T, o
JE UL RE N B —RE IR AT 0 AR /A Z2 25
ERETA RN, LR XE A U R AR RE SR AL
RSIR TR . ZOERER AT, T RER A ISE A
(LS 77571 A5 E I 2 i TR/ B e e s S IV P
TR XA AR E R TINE, ST HIX ey
Hras Al iz FH G s fb oz~ ks 2R3 FR TR
JEE 5 A~ > A AR RAR I SO Hh ] B 2 T 1) LR R P
AT AR, SEATERIA SC T AR T 4 .

1 RERNLFSEM

S AL 2] 2 — B WA LS B SR 2% 2] 7
K, HE BT Ry O R —>0) 2158 o
R 1A IRBE 28 B4 3] A R A 303 38 40 il WLIIIR 245 5
QF X ELRA, T M (8 sR B A ShAE #1717
B, SRR R IR M AR B ARSI @
BEXF SRR R R, 1538 N —m 2GRS, ikt
IR E 3R .

MR R AR, 8 A > 43 B TR iy 5
b2 2] R O R s A S R, i S T
HEFT IR BLORAR o 2 R 5 P A B0 0 SR s AR

MBMF
[BViR s {MBVE

ek

S £ 4]
S, r

|

! Vi1

| R
| Sies

B3 RUFIEETEE

Fig.3 Schematic diagram of reinforcement learning process
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Fig. 4 The classification of reinforcement learning algorithms



Vol. 6 No. 3

B, & EFRERUFINHMAMEITERE 243

iR . —MBeREMDPE S —A>Tiocdl (8. A, P ors
p), SRR ZSE], R AR T RIS 2 S R
BOREMES: AZEN, E8 e R IEAE
T A SIERG, PTLUE B e E S L PRIk
SHBMAR, B e IRTe GRS AT fEa %
BRI IR, BIREA: R g, RoRBE eIk
FE SRR s PAT I Ea FRAF I RV 3l s )& FniA
T, FRXPER PR AR B MR RS L R
AT, HJhz e SOl

G, =R +yR, +7'R,+-=Y 7R, (D

s GAIRTEVIGRPIE DI 220 ¢ T4 14 [l 41 22 il
{H; p RPN T RAZRINH{E

s AL~ 1 AR R i AR IR 2l Rk
Z— R R Z A, AR AR Y A
SR, RN XA R (94T 4k il e
FIEABIENSE

1.2 BiEd

12,1 EFERBER

1B PRACEL F RS sRACRUR S - S R B AR
AAEPRECERTE MY AR R 2 RS BRIE IR 1) RFR
MR AR, Fomh

V.(s)=E[Gls, =5] (2)
Hf: V() M Y APIRAS s TF R 3 BEOR I 7 T REIRAS
ZRHR i

RE-SIEE R BRI RS, R —

785, AKREE RIS 0) B RIRIIEE, RN

Q”(S,a)zE[GI|St=s,a[=a] (3
KOs, a) BRI YHPRAS s R, RS Ea, %
TSR T BE AR AR IR 2 Al A

(L PRERCG VA 3 o 6 A {8 e ROk [B) 42245 38 R e
RS, E RECE R BN, BRI m it
R i oL B O PR 3]«

7" =argmaxV, (s) (4)

IERAETHE R, Gl RIRELT ).

D SR RIBE (MO,

SRR RIS A UK IR, IE R AE R
AR E A RS -BIERT AT 2L R AU A bR
B, HAHR R

V”Mc(s):llirBOE[G’(s)h,/r} (5)
it G (s) TR AN GRS T 1 18]
A -

2) WEZEs3E (TD).
I [1] 22 3 RN 52 RS 12 A A ik T o s A i)
e, ANTRIA AR I ] 22 53 AN T 5 DA S8 B i I SR 2pladde v
25 2), XTHEAGE R, TR IR A
LA T 2 RN, FH S A 22025 380 A 22 il e 4 {5
B b —AEZE, H kR
v(S,)«v(S)+a(R, +rv(S,)-v(S,)) (6)
K aRomHHHESE, WL O0<a<l . TDRXF
FEWFR N B2 (bootstrapping). SARSABE 5
Q-learning B yEAR R FHTD 5 ik A TR A - Sh VR pR £k
THARY . SARSAT AR T (B bR AR 22 HE Y HTAY
R Cstate) MATHIBNE Caction) il (reward).
TR (state)s F—2MaIfE (action), HIL
B4 JISARSATR o %581 —Fh[RI A Con-policy)
B, BISEPRAA TSRS S PPN SR R R — g,
HWHEITEIT
0(S,4)«<0(S,.4)+
a[R. +70(S..4.,)-0(S,.4)] @)
5SARSAT AN, Q-learning® ik E—Fh 7oK
W& Coff-policy) ik, BISCPRHATHRIG S PN SR IEA
A, HAHBE T
0(8,,4)«0(S,,4,)+
a[RM+}/maxaQ(Sm,a)—Q(Sl,Al)] (8)
i FQ-learning Bk 2 Sk mg vk, AT Lhidad KA
R B Z WA, A AT RS 2] &t
TR o
122 EFREHERE
BT AR P Bk BN ] T SRS S S A
HIsR Ak > [, RIS PR, B SRS IS5
AT (5|0, SRIGTHE G T ORIS PEREFE PR B JEE
WEBSEE I, W= (9 Fin, AWk sh7ER S,
s Ak > i B bR R R A oK B T
SR WA 1 1 REINFORCE S ¥ AT 3 % -1 iE &
(actor-critic, AC) B,
0« O+ay'gVlogr,(als) )

K OFIRRIENE NS y'gViogr,(als) Fox
T w5 A8 A B DU Ta A T R

TR WA B AR 1 S 43 oAy BB AL SR A 3 R 2
WA BT AL R W B R A MDA T, gt
SO IEAT BN S EafF A BRI AE
WCRZS A AN RIS N TNl A S E e, BEALYE
TR E kN (10D R T s Pk 3R s Aok i



244 ESSer

REEXRY

Hots 3 M

JETE S APRASs T, X TR w1, KL, LT ME— 1
ik, BRI Rk (1D FRPY,

V,JO)=E,, [V,Inz(s| )0 (s,a)] (10)

VHJ(H):E[ng(d H)V”Q”(s,a)L:ﬂ(s‘g)J an

K J(O)FRm HAReREL
SELL LN, sl SRR A IR IR .

®1 BRUEFIEEFGE

Table 1 ~Characteristics of reinforcement learning algorithms
GHES for R
e e s ity T FLIL AT
K TS B e 2l 3% 1Ay i

BT, RERCRER R, AL
. T ST ER AT

P BIVER S PRz AR R
e . ATERARER  SRAFIELES [H] ],

FREOHR e mmTanesm s

RIESEACR R, 5 HEE R /M

MR ERE WG TS AR A S

23] YR L UN
e TR S AbRoRm TR s TR
— B, AbPREL TR SRR
o PR IOIFIT, BE AR S B bR
SR

AR S iR L A8, iz e

1.3 RERCES

Tty ALy ) Sk 2xid i ek B AF AR S
{EL PRV () FARZS - B iR R O (a, 5), HiBE—A>
RG-S A — 5 MR B UG THE. R

B XFRMTHER, 550 “4eH5”
[, POATESEBR N s, sifksy 2455 B i
PR ZS BRI LY, fAETCTF 2 IR, 7EX
FEOLT s WA BE R I RASXHE R T A7 6.
PR EST AL HH eR L A IR S pR A SRS - B
EPREL, WD T RS [ 2K, ARUhARR T X
AN, VR4 > (deep learning, DL) SCH{
PREIGE T — A RO T A RS TR TR T A
T A2 4% (artificial neural network, ANN), Hi%
O JEARE ISR IR B 1 7 =X, Gl A A 2 2 N 4 45
¥y, SRR AR s I i A (G By ik, W]
DI s s v B AN 22 ) B R AR R N A, BIE
Bz MR R, VR SRRE R, A3 2T &5
Ditig. & W ADTR B 2] S5 AL AR UR BE M 22 M 2% (deep
neural network, DNND. HFMZMZ (convolutional
neural network, CNN). {EHMZL ML (recurrent
neural network, RNND. VREFE2ZM4 (deep residual
network, DRN) 4R

AR, WS St I Tz 85I T —
MRS G — IR BRI > o BT IR R
KEYEHGE ), EH T, &M EERE,
G 2] & T TR T RE T, IREE TR AL
2 2[Rl i B B R B BN S YR B T . TREE Ak
IFBAER ST S (U Atarilik ABLEIFRGo)  HL
15T AEACE TR (B D . R80T % ILATR
FE R A 2 A R R IR

®2 BEIREBUFIEERFEL

Table 2 Description of common deep reinforcement learning algorithms

DRLE 4% ks AR
DON M, SRR S, SR B % LR, TR SRR
DDPG  JoHim, MCTHMeBE, SO, MRl T He 5t B %Mﬂgﬁfﬂgf‘%
T
o m, W, W, s ORI WIS SHGNES. XAk
ASC D, SETHMCEE, R, wmmgk  ooiee TR BRIREAA o moson. wmines

SAC ToREAY, JLFIRMSBREE, SoRng,

&
¥
o>
_LSE
s

PR AR, Ik

BHHER B e
FI 325 3%

MADDPG  Joffy, JLFIRmEAhis, Sokmg,

AN
4
>
E
=~

Gerh gk, o Aiaids

ZICNHLNE] T LAT: 55 1255




Vol. 6 No. 3

B, & EFRERUFINHMAMEITERE 245

1.3.1 FEQM%
SRR ) A — IR QM 4% (DQN)D
Bk, N TAEES RS R RAE R AL 07 (s,a)
AL — AR O, (s,a) RFRITRIITE, FRAHHE
PREGERL, s (12) PR, DQNSRHIBREE T R JT
B/ MBI R (13).
0,(s,a)~ Q" (s,a) (12)
L(w) = E[(r + 7 max a,Q(s’,a'|w) - Q(s,a|w))2] (13)
e afllsiE YHTNZIZEFRVIRES: o' Flse N —Z)
BIVERUIRZS; BN .
DQNSE R TINZRRR e, SR T LU HARRY,
1) HFRMS
QM £ TR EACHL AL 1 B AR EL R 75 &b —A~ Bl iy
HERMZg ™5, BirMLa 5 QML 4ty , H HAs
W 2% 1) ZHCR 2 NUGE AR T QI 45 (1 S BGHA TR T
HARBTZRFEAL . W & HArMZ, DONYIZkL
2) G AT
W B RE AR B AR SR A B L £
Bre,=(s,a,r, S )V FEANLEH, TR AL IEAZ 74
D=(e,, ey, e5,>*) o YNZRET, FRRMDHREALAMIBCL AT
A, JRHET R BE RN ERT 26 28k . 256 Rl L] 1
ey Dy s FHRCE, W TR ] B AEDCE,
A B T s PRECR TR £ 2 RIS Rl R
TEDQNF LM LUE, ARZ 2 E TEDQNRA kAL
fitlh b0 b 228 0 2 SR 43 R AT TR, AR T
Double DQN%.#:. Dueling DQN&VE . 135 IHQM
ZRARRAE, PR T DQNFE R MERE AN FHYE o
132 BB E MRS E
TR B 22 P R R (deep deterministic policy
gradient, DDPG) 3K s Ak > S5 v (0 SR s A6 B
SR A, midREh Mg LA RES
SRS ], TERMEAS R R RO ME RIS
HIPEFIBRUE, BERSA RO Ir 25, wESRE AR BB
fife, 18 TR SRS 5 B2 (R A Il
YEDDPGH L, 3 S FH 67691 T 13 4 22 )
LRI 0 PR SR RN SRS pR AR, B X I Y
SRR [R] A B b b 28 I 24 4 T B3k A e e R Al 8
PE. AfEmeE W BmEREN:, BN SECR K
BT
0% «16° +(1-1)0° 14>
0" 10" +(1-1)0" 15>
Kb FOREHE, H{EZ/NT1. DDPGHILEHHE

TRT T VT 25 2 o FH B 52 A i ey, H2 Ry BRAEAE T
WS TRIAR A, 725 SR i T S B 5 (E pR AR A 45
GRS, BREHEAE TTD3. SACSER M, 42
iR TR E RS
133 ZEBREERNKES

TE—LEfR] B SN BR B A T 55 B LT
BT E AN, (HETEE RSB T,
HAWE RRAR BPIRZAS B BhVE 252 M0 1 iR R AR sV ik
B, T T 2R BRI ARSE. MR R RS SR
2z S5 G0, S A T 2R RRIARTR SR AL 5 ] S

ZA BEIRSR k2% 2] (multi-agent reinforcement
learning, MARL) J&4815E A8 BEAARAL T4 W] (1) 445
th, REANE R ST SR A B, R PR R Y
Lhhekdt B O RRmE, DRSS S mlf . 28
REIRRGED, — DR REARAY SRS BE TR S T 3 B
BOULIN . BhPE, BTG R GEAR AW 5l
B, ZRRIARGA AR Wik BREAEXR,
BRI A 45— 30 RIS AR TR, A3 H
br: ERTERRER, M—Tr s &5 — I ik
SYERAIIRE, BRI R, AN
B BIER R, BN, 5K
F, MMM FICEL, BRENA
ZAOERE, — RS ES USRS,
LR A2 25 ol A2 455

MARLFVE R  >) J7 A4t a7 2027 > Fn g rp =X
) 2 sy A 2] Oy R AN e A A3 A B
2z 25k, MRk HA A B R B R 1 — 80y, 1E
ol AR, RN BRI R AR, I Ho e
e KA AR (04 7 1) P R B REAR A SRS 4R
A 2] O A R RR AR IR S RS R R B A —
&, H A B BPRE SN RS R, I B
RefRRy A . RN A AT 7 2
HHTE B —Fh 2B Re kR A e S Bk S . A
R RE AR U h S M HE T U 25, S BRIk ]
DASRAGH AR RRAARPRESIER B . ARG R Z S
W AT o3 A 2R, AR e AR BB A B WL
R H A R BEAR 015 B T S Ry e, BBk
(L6 Z2 B RRR TR BE W 2 PR SRS AR B (multi-agent deep
deterministic policy gradient, MADDPG) %k,

2 EFREBLE S OMRLHLIET

BEH A SOBTRE IR AR, BSR4 AR %



246 SIREERE LN

Hots 3 M

TR, TR A EE . T HIBER)
ZREPE. HIRAT M BYBENLYE . 25 A 2k B ) A9
B A LT T B A AR LR RS TR R (IE A 152 A
Pl ok 1 ERR, DAt bR Gl P 0 A 3k L PIL A
J1. ZFhRER A B W EARRC S TR PRI
Pl v SR AR B BRI Lo ARSONEA
PR oA AR IR AG . AR f . JH oK
el s senoaite, MimEraeR L
JE, TR B DA P ) 45 5 T A 2 R T iR Al > B Y
MLzt MMARSEGITTRERRS, s H
PR AL AR T ARZEE D, [R]S T A7 ARV 22 AN
SETEMBENLER R A SEL, WG 00 e )7 1% st
P R GURERL A RME, PR e i TR i A~
Bk, LB SRS 7 SO I O Az 1 T A T F
TR

21 BAMWEEENIERE

TP AL TR B TR B2 — S Bofs 2 bR 24848
i ZARFMEAEMNAEL RS, R AR S
Vet PIEEEDL RO, AR R TE  R 5L
W RIRRARGLRV AR R GRS

D &5k

2V E B AR B B AT A, VRN B A 4
WA SE KRS EFREIR A . & ML HAS . I3 45
A IBITHE A 3B R R R I B AR A i
MR AR . A GG R B s TR
A%y T BAL S A 8 PR AR S 5 sk m
AR

2) Al EEE

o3 2R RE R L0 7 5 P R B e Y B AL
PE, AURTCY AR 25 RIS, TR
o 2o e IR BIE b, AT BB 2T I P A
o DI fr Iy 22 . ST OQUE LA SR8 R T 22 5
T 5 1 5 (X P ]

KPEZN 7S 8

14 K ML & B AR CO 2R 2 AU, it i
MIOCAE R, PTE moBr RE IR A IR, 8 ME S & HL L
7, BEARERHERL .

2 KPS O S iz = (E2o0 % T I | X oy s 1 B
PERIBFFR O KRR, 2R FHBEALIE A Fn i
TG BT, SR s TR A BRI st
B R REE S AT ALK %

SCHR[3S 14T X XU A BE AL 5 (Rl Ej:, it T

P T HE ST 7 RAE B3 A KOG Y g B R e
HENL T I T AN B RE LR BEALOE AR . STk
[36]7% EEIH e IR 1 5B % A (B HLE, BT
— AN B B R BE AL S A 7 FH Tk 0 26 D A
BEMLOE A FH AL AE HE AR5 3 A1 20 I AS B 5 1 2> A7 A
IR, RIS 5 A A I S 1 R
P2 Bt ) TR 1) 25 KT T BOR ff R XE . i1k
FEE X ECE S Yy P, Frfsas Rl geit
TARSF

FERSTRSR Mg 1T, FR B AT R T g
JrElT bk 35 B i R A B T S AR
5 ) R £ o 5 ) B TR A A ORI T R Sk
[381%FHL . #A. ST ARG MG — A, B ARG
BRI R AR 25 BEIR R LR )8, XoF ARk O
AT BER AR AN R . KT T TR RN
AR B R A . SCHR[391%8 & % SR M
PRAS  HETS B RS, G oA 2SR R R i 3
MRz, Rl /NEBE 2 H bRk T R SR S TR
it o J e A A SR it v A I RS S5 R AR, SRR
feoe, B TEA T

P2 R VR SRS 2D AL E AR, R
BRG] LA K 671 i B0 = A5 T A T 50 H0T
Pl RN 2 B2 %o o A X AL T A T Ak, S8
BREWR SR EE Y AERE S EEhE  i
B S SRR E SR, P AT, A
REVR ;A7 far (0] 5 Bl o 45 ) Mk S AT RS . kTl
HHMNHER T, BRI ZT
2.1.1 S mAALAEE

TR 7340 2 BE VR A KRR K, 38 1 38 5 Tl Y
H oA X R TR, T A RO T RE R A AL
5 ahE, $EE o Rkt SCER[40]15E i R
FHR B d b S B (A3C) SEIAM = & FALAL Y
AR, B & R AR B TR B, 5 o 3 A TR 40
Ry, BT TR TG RRE, BT A
SRR B I A SE AR Rk . SCHR[41]76 % 1
P PSR A 2 PR A5 T, il DL 07 3o 45 Xl
R T AT AR, R EDBUR B R QM 4%, A 3R T
TR R RIS B . SCRR[4217E S A KO£
ABEALE PR 2R BRI, IR 0 e SR s Ao 5
B R L T RS L, S KOEAS I s M T
i

T SR, FEA IR SR A2 S R, X
FARAS 23 1] (4 18 B3 5 A 45 A1 =BT BRI XU 1 1



Vol. 6 No. 3

B, & EFRERUFINHMAMEITERE 247

Jiv g HARS b mH BT R LA el B
V23 ] e B AR R R MLAEHLAL A 1 g . ML &5
TR s Al ek B B BRI A RG]
0z NN L B2 B e 5 NN 5 (437 0 1 N A 4
LA FESEPRIN R R o T 2Ry i 7
e ZORRRAS . SR TIH—1E

H R BE B A~ > 5 PR AL HLA] L2y ) B PRI A
B AHOBORT IS AR, DI T 00 B RE TR
WITEABREYE, AT L I ZR5E iR R AT S0 3
ARG T3 AT R AL T F0g T B AL TR
HRL IR al LR AS R ET RE IR 5 R (4 H AT
B, SRS RSP R AR, H AT RS R R
M A—E R I A R T B AT E— L T
212 fEEEREFTHCRMAM

PR TG P P A 5 B A 0 e SRR, e T
AERE L RENS A s AT P T LR AP, S iR BT RE DA
FIRIRCR . HHREIR T ), i i REke T
LUK Z AR BERAAAR, OBTREIR T AN RIS, fHRER
e Pt RE B . SCRR[43 e B0k A LS
B AERERI R T, A5G KAEICIZ M 48 MIE -
HEERLE, FIFRIEE QY ) Jr ik e B ALt e R e sl e,
B A 5 Ak BRI e g 5 A O BT, X T A [] ek
Z. KR TR E M. SCHR[441 RN I
RIER, DA/ MEM SN I o AR, il 3
HIREQ Ik, LISKRES STl iy ah Il
FrERIERE DAL RN -

TS SRR, FEAG AR B i Al S BRI, X
TRA A 8] BB B R AR KOEHTRE IR Ty A D)
BB B AR SRS IR B A
REREERIBIE, ER T T AR TR 3
AR R RECCE AR T A BRI A
L ARREATHRES AR DL FERO B DR A R

H R EREDLAL IR TE . A5 AR — R
MIFILE S, ORI KRR RERE B et (H2
A0S AR R B, A 25 I UM L RE AL o 1]
ROEERHE, HIFBA W RAEFRI N Z 51500 ifhE
P AR -

2.1.3 APAHARMERER

TARFN T e PR REIUE 2B AR E LU S REA T
AR BE R AT ] - B0 AT S0 S80S B DA 25 A
W DR A DS, 0 e i S 0 AR 2 L L
JE S LA 7 AT U 1Y g A, ARIEHTH
A REPERI P

SCHR[45 1 FH AR B QIR 28 42 il mT v Wiy 671 iy 1149 4K
A, AROE ST SRAN A RH A N, R AR 7y A7 22 A
IBATILAS o SCHR[46])FF X 701 2L R B 1) P P RS R e
FFHTRE 2 2] SO PR 2 FRLITHR AR - D) 50 RARFE,
3 3 A ) R AR T SR A R B AL S I L
P HLCR BT, 2 1RO N e T, FE(R T
BUAS o SCHR[ATI7ES | AR - A sk RBCERE T, 58
P TR ALY, BT DQNIEA TR R, Sl
7 R MR I B (I SR o SCRIR[48 138 o) R 28 U5 124 A e o
AR AT R M DAY, 3E A TR QIR K 7 g SR A A
NS AN o

RGOS (), AR R B s Ak 2 S BRI, X
TRARASZS (B A 8 AN R TTIRE (RS
TR AR . FERARE Ch s R 7
i 2 DA SAMEANHE )+ B2 (A1 B A 456 32 Pk 1 A
il CLRR T AR T 0 oy ZE PRI, OFR AN AT 280k
FERD AN A% s 22 il pR BRI A 4 S A A A 4
SIVEREL . T T AR A fay 79 o5 H R DR 7
BHEKF. HPRNHEES

MR A HL T A SN R AR, R it B fr
MG WG AFAE B IR T, Sk (s Rl 2 I
TGP TR, AR AR AL, A
TR EE TR AL SIS (e, R e L S A
R, AT A B R 2R A AR -
214 BHRERHBEHR

Wit KB SRR A, HR YR 53
AN 2 P 2 e v D 7 g WA 25, T R A AR U RN
A N 7o s el e =R L T [ B ) BN S M = N
#& Nk R AT IR AW Ty, WA Y R,
RERS A RO B Re IR S5 A gl . i T AR AR Rl
BUPE, WA A LA A PR . Sk
(49738 3 WUATE IR 8 5 1A S WA 5 B X6 A HL By
RIEFUAR A TS, PRI 2515 2R BEA T 53 A1 5K
BB, ST RS Y H SR AR A T S SR AR
fbo SCHR[SO1TESIE M P 2 SR E b &
LR P AT ST, NSRS A
Hi %, FlHsoft actor-critic (SAC) BN BNIK L5
e AT ST UL AR B . SCHR[S 1R BIR L SR
AR [P RS — AN 2 R Ly R AT Rt iR, 4
AP TR R A ) I O T 1, Ok
AT EATA O TR e g iR, AT ET-3hix
THETH I A AT R4

WS, FEA TR Ak 2 ) EER R, X



248 SIREERE LN

Fot 3

AN 1 O A it N SR e ) P 2O R T AR TR A N
IFHLHY . TR I B M BT I B s I s
RSN IR, R E R R SR
RENHPFINRREE . FERSA . et R A
AR CER ) S
2.1.5  HRIG R A E AR AL

2.1 1—=2. L AT ZRAE TR A 00 L AR AED 1A
KA M 554 PR B OUAR RIS XT G 1A 7 A P
[FEOCAC I B BT . SMVE /N BIC R R e, B2
FRERZUE R, T VR Ry ML A 1 3l W IE =X A
RGMAC BERTSE o

1) REEREE R Gk

bWiE s EOCIR R G KRR B LA SR A
Mok HABIRES, B, B REZFE
TR B, IR s PUKES . R4
KEEHR AN ARAR, LA E A Ze R E R
FERE R LA S (home energy management system,
HEMS) #1778, HEMSZ5 G WEISHIR .

JE TG R

I :

B

EAHL bl 2R fiifie

R —— —» HER

Bl 5 RERSEERFEN
Fig. 5 The structure of home energy management system

ST PR P i s 50 B2 A RSN
SCHR[52]4%2 i 1 3 T AR Q= ] Wy K g g i L AL 4
PRSEWS, BEART ZREEFHRERLA . SCHR[S3]LAFK AR
PGB AN AT G, N FELE G R IR T KR
I (R A SRR . SCER[ 5417 ek g T 56 TR HE
RO JE R E B AR, SR et b Ak
SRR T R E e A B A R LA, SR
R AT H bR SCHRISS PR T S fr R P40 2
LR 1, M EBUZHEMSHESE, #RJ5 ¥ Rainbow
PR THEMS AL

TXT S ), PR IR s ko ) B, X
TARS A IR B AR RN K
FEREGRIRE . POKFT RS IR, SRl T)
& IEE MM EARERUKEE . 2SI, PEAHL. B
HLAEW AR s 2l eR B0 1 B AL FE FH P FH AR AR
AL BT B RN R G 2 AR B AT A

FUERE RGN AR — A HAT S e e o AR o
FE T BEATL I RSB P A O T8 B ), 3 3o TR R
flif o] 5 &P IRERAE 24 ) e, RERS A AUk
LG T AT LA 5 A R i i RS, SCER S e
FHRERSERS R, A ERRI AR T R, FRIRRE
REVR o FH B AS o

2) HREETERE R RSk

20194F, BREFYFERR S Lik30%, ~ET
28% M BRAHFCEE , AR YW RE IR T Rk — 251
s A KER A REFE T TN A . KUR S TR AR
PR I R B R 55 A E S R B A2 310G 1, P AS
A RERERHEAR, FFEMTREEHAS, §t
SRR REURTHAE . W RRHERR . $5 s FH P EFE

SCHR[5 6138 1 JE T DQN 1 1) vy b A% T Ak oAl
M, FEIK T REIRIHARA, [ ORAIE 2 P TR 1 2
P a2 . SCHR[S5 7138 1 DQNMIDDPG R L7k
ALE ST RIS A ff e 43 22 . SCHR[S817E
FIEBTHP RS EENAG T, v T
FIIET I U A 24, ARG HE T 2 T DDPGHY
IRETIE FE UL AL ISR, 7R TP &7 3 A [m] B
D 25 PR S BEFEFRAR T4.13%.. ST, R
B2, EX BKHLH R SRR, E R E R bk
PRVR B iR b 2 ) Bk R IS TR A i e A Ak SR o Sk
[SOTRH 24 e IR TR B i fb 2 2 B0k, FEANPE )
STIEFERRTIR R, RS, SRR Sk B A e (H,
T— LT DDQNF L 4 e A 5 A REAAH B P
P, DA SR i SRS . SCHR[60]48 11 56 TR
Ak ST PRESR, T4 i AR 5 vl 1 R 2 O R
i, MRS, WHASEME S R5%, EHRIEA T
ARG ITHAERE LAY I, CRAEH P &7 15

T LSS, FER R B o b oy S BE R, X
TR S ] (35 B AR AR T N A ML L W
s shEas R A B AR R A BEE . RV R
AR AR B R AR T BE AR SRR e
W ZEREAR . H TR AR

B Re R RE LA B B A I S0 T HE T B
MR BEIORHE R BT B R (HR A AF



Vol. 6 No. 3

B, & EFRERUFINHMAMEITERE 249

TEVG 2Pk, B R HORT I = A8 S A A
RIForRIME; AEErERREZ, Flnah =gl
R B IR R AR R RS, RUR
. EHARREZNTFREMERE, FRZ AR
%, MBS BMELA R TELAR AL . TR EE 38 b2
IR ) Ry EAT L

3) WX ZRG REIR R G

ZEAHEIR RS0 (integrated energy system, IES)
SE—MEAR L B REZMERERG TAMYREIR R
45, EL AR Z RS AL AR, RRAETE
R P RS R A [FIE, 4 s RB IR A AR, fEik
W SCEEHTREIR BRI 44 -

SCHR[6 1142 i SUZ s Ak AL, XS AL #
S IXTESHATUAL R B, 2R b 2R A e
sk eE TR Re R, NRAE L)ZG S S i Ak
PRI AT BRI BT AL, 2 S ERIES Y SERT IR B . S
HR[6217E R TES By 25781 B2 RISy By /K AT RS e
S s T 3 R )R PR S SR W SR B A TR A SR
fite, B 7RI Ry B R, [R]ERERAR T IES
BATIAS o SCHR[63] T SEXTTES H i fur i LA M HL . <0
WG T R AT 2/ Re R 4, BN AR REAR R
Ko A BAR R AL, 4R BT 2 e IR R R Ak
2 IESHE I . SCHR[6418E Hi il i VAT shas -1
FITF IR EE AL 2= S S, RS M2 R R IR R 4¢
FRE B BB S, XZMEReL ISR TR
H-SELR G ReIR R AT .

TS IR, ER TR B oAb~ 2] BRI, X
TR A AT E 0 A A . RIRTMNE . B/
VAT OBTRETR L SR RRIRES . sh RS Rl A
FEAHRER B OME . HHMLA L ). RIS E. B
S RITA RO B AR RGBT AR
RIRFHUA . AHREFI BRI L AR B YA iAS . 293
PRAETTAE .

HXTIES R h 2Rl R G, Mgk
A A EOCHK, WML SRR I AN e v S
HP HREREHLIER B 2216 00T, e AR B ik by )
BRI SR e O A 71 i 4 8 ey LM LIRS B A 1 P 91 T o
[F] R ELA P

2.2 HMEFREEMMIEE

PRRILIATSE . WA, 2397 U e A R e
P A 0 B e AR 55— ZR A IR, (ER B
P Hy T AR/, O T RE R 44 LA % A S A

PERE T A BRI, PR T BB AR 1B 7t A 4
A FHBCT BASGR, BRREE nR G AR, HEAY
(/e = SO I A s e v o S P o R )
B IS N Z AR RE B B AR, RESHR T RE TR
RIS, B G A ALK B RS R HERL ;s K,
4 HE L PO REA DX e A BT S A2 AR e i i 1)
J7 25 R oy B S, e e A i o 2 P B il
%5 fa, BUNBERENS A St AT RE R AL A AT
P, AR L I Y R PR RE ER, A LR 5k
BT VAL RIS, A7 BT i g vl O OB PE A
ALEEPECT, ARG BE R G EA EOREORIE S, ()
HEER SR, DRI (ol R F) BE 4 B AR 5
WA~ KRR R R

Z AR 22 [ Y E B EL 5 AR AR S TE 1) 2 8] fiE
A RE R, WA GERER E L
IR O S VR 22 DRSO Y, ELREE T S A 14
LML R R AN, S EAR KRBT
Ao [l TAAEE 2 A0 EVE S REALIE, X T
FERDLAL IR e — ki T ELAE L o 2 TR
ARG, B0 sl BRI 5 R VR o
SRR, WEAEREFEREHEAERFEEA TSR
oSz EARBEATIGE, T HREm DL REIRSE 5y SR LA 4
SR ETR - FN (AT YN sk =R/ QPR A
T SRR AR, TESI AZ R IR &
VESGEFHLEI 2T, IR IR AL ) TN RE AR L
Si A7 > S AR PRI MDA A 2T B

SCHR[68]BETT T — Rl A AU E A L 1 7 5K,
3 5 P PN S R T L o oA i) B D5 52 oy Xt i R IR %
PP S BEAT A, B T X R M A A B, 2l
o 228 REIRTR B s Al 7 ST HEA T SRS A Ak . SCHR[69138
IR E VRN S AL T Q2 ~ TR BE sl Ay ) ik o,
X REREA T 0 A B LA, RS X ™ A
TEMIBENLPEREA TR, RIS REAR TR 2 . STk
(7010 PR AP EEA T BE TR SC 53 S B B FAPE - 4543 F
By JHURISE A2 2] R FHRAEA 8 25 BT HER A0
e i, DSBS RO B R g5 e Kk . SCHR[71]
P T PR R RERETT SRR (R AR AR RE T 2
BRI ER AR RE T AL, JF i s PR k Q2 ]
A S HRARRES SR RE IR T 78 P R . 3¢
BR[72152 1 — Pk TR BB A~ > Y RERAC 5 S
TR Z (8] et T30, IR A r )
MO, R CRTREIRAIT AR . SCRR[73 1M T 2
DX RE T I A S R, e F AR )RSy o )T

> agd
O OF



250 ESSer

REEXRY

Hots 3 M

KAHIRRIAY, T 2R REIACTA L 1 M SR b R 0k
PEATRANI SR, FERRARDE X s 47 AR R, dRE
15 bl X AR A

TSR R, FERG IR AL S BRI, X TR
A ) 14 B LA L R/ R AR AR T R A il 2
(SN R R 1 B e SN i 128 P NI E D N T

I7; Bl 8] 1B AL S 2 P RE R A SE A L Al
BLALH )55 22050 AR BE B LR 45 T 0 iz B R 2k
Mt SHCHREIRINAIR . REARE,

RIS 1T IR AL~ > (0 Gl e 2 B
PRI SESCHR, 20 R 5. ke (Rl AL, SR 5
i PERESETHIUANIT T HEA T 4G .

R3 ETRAFINBMEEEEML

Table 3 Microgrid management based on reinforcement learning

STk CATETAS fif R E) R RgE % TEREIR T

[43] P ) e DDQN WSS R DQN

[41] fikkd SEARAH I E DDEQN AR TREHLOL ARG IR A A4 5.07%
[42] g PSR AN 2 1 DDPG VAl BE ARG RIS TR 1.6%

[47] M it SR DON SRR H R 2010%

[49] i LAV 4G TP TR TD3 AR HGHAN ) FE 1T 24930% T S

[50] [ SRS R R Wi iR K SAC AALL T ACHIPGHEREAR41% /1 5 77 5y
[46] - HARBIE RS e 2R M i DDPG TEERFERT0.35 s, UAME T1ES =0 FFE9.2%
[54] GARREAS L FARG BT Q¥ TELRFEI AHEL T AL AR T 29.8%
[52] AR AS ST 2RI DQN BAARS PR AL S B R7000/d
[53] LRI RS BT DDPG H P A AR T DQNREARS. 1%

[55] LA RS 2575 X RIA ) SAC BATHARE T ER LR 1£2.05%

[57] KUEREIR ZR G LA TR A DQN SIS LUBE AR AR IR A 29.4%

[58] KIEREIR RS REFEDL AR A3C JHHL 2R AR L T DQNREAR30.7%

[61] MR RS e AL DDPG HILL T DON i M£16.9%, ALAFE(K23.2%
[62] HFReR RS FHP T 385 2 DDPG AT FTDQNREFEREN4.31%, FFiEJEIETF13%
[73] TR Zie R G MADDPG A EE T A L 3R G B AR TR IR 15.44%
[69] PR ZAHI 53 A 2N R DQN AR RO Q % ) 510 A A 415.21.9%
[70] TP REIRSE ) LA-Q*:2] S5 RSl s oAl

[72] W REAE S Q¥ SR ALRUAH LR HLT R H T RIREIR12.7%

2.3 ETREBUFEINFHMMAES

Tl A T A8 Al oA S BLAIL, e A 2O
REVR S FLBOR, Aok TRRARII ARG, HLR M 77
TERIARBRENE . R 4855 HL ) L TR B AR L
SN, SEOCEE ST R B T 20, [N
GEAY S TR A7 vk T BE TG R UESE i B PERE -l
A T IR SR A I B0k, RERSAE 13 N kA
B PR DR B AN XS AR LR LA b, Xl g o B
Sl ) L AU HEA T4 ] DR A R R AR
R E Tk

G Ry 7 2l A7 A I 538 (R T 2 1) L,

HEA— A8 tp Ay S MELURZ 8 s i 54,
BT A BT o SCHR[74] 9 fifk ke BV B R 2
FEVRT5 TR)E, R 22788 R IR BE A A 1 SRS B B 12 7
T AR A, TR R AR SR S A A X
1, B REA R S AR BRI SR . STk
(75 PR TR s A~ ] S An X —BUEBRA N ZE &, 16
T I8 B0 Gl A8 — 0 AR S RIS - SCHIR[76)
Bt 7 — A FE TR B0 S SR o0 52 ) Ay B s 4
ISR e AR B S REASAT RN X fiE
VS | AR iy /32 I 0 = R/ 7 s 1B % 2 i 29 8
SCHR[77IE BA AR LM Sh e, A MORESH B RS
ARG M ME BT SRR, S0 T —A



Vol. 6 No. 3

B, & EFRERUFINHMAMEITERE 251

ST ORI TR A > B ) T R R R G
DI S U NS L DAL R S IR S
LU A 32 G AT S AL R, SCHR[ 7814 2 T5ik
iy 2] 58RI R A A & B 9K 3 7 AL HE T
ARG PR AT ) BT AR R AR LA O e i 1] L

TSRS, ARG IR i Ao ) B, X
TR 2 (A A B L A AT R LB L
WAL S Rl A BB AR T A AL g 2205
PRRCC B R 0 A A R ML L LR S 11 R TR 2
R 2.

E LA X BRI I R I A DI P81 -5 4 ol ) 232
NA AT LA, DR A7 > LR (3 R Hh 77
UG BB EPE . T B B AR M S Bl A
PR, ZMBEIR RS ARG . K RE R
FHERC G A R 2 RGT AN AT, il kT oA
TUF) PR B RN 2238 RE MR AL 2 S Rk, RERBTEAVIK
BT IR AR RIS T, AL BRPLLL T, $eUIAn
AT DA S S m BRI, o] 2R 48 00 WL e Rt
HRE, MR FHREROR, BB ir A, &
KA FARR USSR EoE BRI 285, (AR
W) 22 AR SE -

2.4 REEBECFINBZSEDEDH

XFR B AL 7 ) RIETE LA E AR L5 17
S PRI ER T S, NER4APTR . DQNSEVEH T
USRS S, BIINTEXS R il R R S AT DA A
il rb, al O R R RE ST R s BEA T AR, FEH]
J RN B 5 SR AN A TR, SEBRRE I 2R
JIDDQN I8 /b QELHY it A Bk HIIE S 11 i DQNE.
KR eI ) R

H R L Tz 17 388 1 g ) 22 75 R 221
STk, 340 & B AL A TR . SRR P
e R 1S SR FL A 2 4%, DDPGHLE T Ik 2834
SRR, {HEDDPGH LN M S HU &, H
FEFEQIE A S Ak 1T Im 8, 3 i (i FH TD 35 1L AR A A 4%
FESLADHIQME R T Bk T h,  ZEIR Actor P48 (5B, fifi
BRI INGRE, TERFERNA T R A A
KN . SACHILMHL T DDPGH & PE RIS A,
JE—FPREPLACHE , AT LAYE ISk i R IR R g
71, RHEFEEE AT — RO S Rk, 1
AR E A ZRA IR R S ok
EBATAHICR . ASCHILIR ML T —Fh S0 & s ik
SEOJHEBR, AT Actor M 28I 2547 B THE m iR &
REJT, WRSHPERETE AT, A ARG TR A3CT LN T
FUEAG A R TE L SR

15 258 e Ak 27 2 X i B T e Az 1 T
FEH, — R 2R BRI TR B D Ak > X G B
B A L IR AT P Rl TR, 3 g oA A ] ) O =X
SCELR G YRR F iR M4 iE1T, MADDPGH 7L &
A h XN A XPATZAE, FESEBRI 5 R
BUHIA Ja iR BUS R A R S VRS IS, LN FHAE
T 43 A =X R S T EMR A R B R R s )
— R 2R BRI AL T SR AN 22 AR 2R )
B, Bt k228 e A Nash-Q2 > B B sK il 45 A e IR
RGP RYREVRE M a8, (HJENash-Q > ik H AR
SR I fR, AN—E T 2 A EE, Wolf-PHCH%
REOS7E A R e MR F 11 SRms I 00 T, Wesies—A4>
AT e m e Lok g, Bag—wE a8, BHA
T S AR B AR A 24, P 1K
f TR L, A AR OCHIFTOR B i HIE A& L A v

®4 KREREBUFIEEERMPAIRA
Table 4 Representative DRL algorithms for microgrid

st B L PR B2 1 250 L e
s R EA I TR
1;2?“ DON DDPG A3C SAC MADDPG Nash-Q
MTREAES WTEEREE ST T0AC e
. QUL W, AtSHEY A oo L TSER  kr,
A WL TGOS, OO fek, dcsepn PHIUHSIATE BUTERERE o e
DDQN- Ducling- iR, Wit 4, MAESKAR 00 B € L
DON FATD3 AL TR y
Z : - S 2T A T Z L AT
BA R, oo TR gy RITCERIORTE FREMEREAN e o,
on WOMERE B . mhiens i g sies g sLR k2
- IR SR IES ‘ S AL i 5




252 SIREERE LN

Hots 3 M

3 NAPHEIEH )RR

TEREEBT R ) R GT i A v, (o OO 47 DAy 246 i ) 4
RS, B R HIRESC B FIR DM R A 2R .
RAN AR 2 M REIR T RS EARG . BTiE
U L i o8 4x HhUBT RETRUZEA 7 HL RE LI /NIRRT FE
RYL, KEGER. fEEL MR S SEREIRAE RS
(-9 e il DB AR SV L SR o 8 N A
A, WIS R s
MELLHEST G0 10 RGO . IRBE SR AL > VS — i
PP SRR I A RO0T 30, PHGE i S R A LR
EATEE2, ATREBA Se R AR RS SR 2 F T 5
PR LR, [ b IR B8 5 T 2~ Hh AR TR JEE ol 22 R 50
A LASRR DR A I e o T e 9 22 F 2 R A IR R 45
BRSO IR AL D TE R AL 217 B 2R
ARFIBERE, XFLLT AP TIHE FI R .

1) DREES7 ] R iRt

FURTR B 5 Ak 27 2] 3 T Re S S U™ e Ak 14
JERPERI LS G eI T T B, B TEI PR T AR
PEATRBUBEE, — P EZENZERE R IRE A
TR RESAA A ] AR 5 5 D RE P B 3 e 4l
Ao BRI TR R St &1, xS T
ANTHERERGHBRMBIRE, SmX TR 1)
Yy BERT ke, A B TR e R AL e T AR AL EE
5P U AT RPN A TR —2E AT
A ERIERL IR . BCRIORRETE, IR PR g i o
(SR mE 22 4 O 2, T LURJTA s Ak ) 5
W BRI Ay ) S5 O A R R R
i ARG E A OC R A T4, DIk MistT7E S
BRI EARAFL R

2) DREE SR T 22l pR BB

TREZ S A7 > B0 i 2 I MR REAR R R BE_E A0 T
SR A B ot T AR AR TS 2 AN E
HFREIR B A SRR EA —, 20 F 88 ERIRRA
), PRI AT 45 R A 2 il R RS — A 2 T )
APk PRI T, 2% LIRUNIs AT AR
IR BOR B, E—LEf SR i 5 T R —
SEMPIIE S, HRAEZ RIS . ZRREIR B %3
SHORERZARYR T, TR AR KA
RNl R — R a3, R B A A TR 2 R SR
MG/, TR R TC 27 > B A R 2 56 5 i
P Hbre PIEEST ARG AR R 2, B

BRERSNELERE . ARG, (URSEREHLYE BT
PRI IEARMENR R BEoR, T XA MRS #A T A R0
fili, FET AT ORI RIS T, 35 T R
FRFE ]

3) P RAR.

PRI R S R v, S FOR R BB A 2%
MAZER . ERE. AOMREREESTIHPZ
R 2P K et Bah 558 5y, PRI P i) BeoRA ) 37
BNz K H P BRRAR BRI 2 S 1 AR
—, B o) B AR DR B AN B AT R
SCPNAS S 507 N HICHU IR A I ZR ML RS 2 > AR
JET . Ed A ) SEIRE I GG, RS RUR
P45 R P 945 B4 A R RAR]

4) i

FEARIE B AT o 2 th B e, R X
FHPBEEWREAR S BRI R TR SR . T8
2 2] S8 o Xk AT AR MEAT OORT, K AR R )
B SRS B, REAE 7T 4 A TR 1 IR A
W, e R T BARE S5 b, s ALl 2
WP, BEACKT B AT S B e ek A%
2 2 B IR AL 2 A Is TR R T, B
i A PR I A ASE T (1 [] B IR, e G A 7Y
MEFEAEIN L, BEANA AT LUK 032 17 3 A2 G 45Tk
HRL BRAKgmEEESRE T, BRI A S I
X%

5) FT R E I OB Sk Rl A

F A S AR AR, T B3 I 4 AT 5 {8 i
R AR IR, BRI — S S B A AR i SR
AT LARI o Bl fifi FH JCASE R () R B i fh 2 > B9k T B
ST MR L A MRS I, L H A TR SR
A —E WIS LR, ARAAE IR A IZ AT IRl A] L
HEAT PR A MO R R IR 45 B, IR E A,
SET R Bk T DIVE Ry SEmly,  JORSHR VR i fh 2 )
SR T A SR I TR s il 2R 1 S 8K

6) Z BRI B E ST

FEMMEAE TR gt B b, TR R U
IEPE RS E0R, Xt —A 2 Bislnl, H
PRZ BT REAEAE BRSE, BUAT S FUR B s fb 2y > SR 7
BTl R FURAE A BARIEATINACR AL, HAR
7] E AR A S50 2 2 — . BRI T 3k G X
e EAS R e = SIS I EASE T
A I E PR A TN Y 2 AR .



Vol. 6 No. 3 B, & ETRERUFINHMLNEITEHRE 253
4 ZEig AR REACE )y (], ERRAEIE IR, 2021, 4(5):

WG L RGHRTREIR I & B R R, R
MM EIREALIE A, T RERE R AT AT o A BE AL
PEAR S o I B 22 A P LR SN, AR Y B A 1
Xk —HF et 7RI . ARSCNRBE SR L7 > 1R
TR AT R A RE S K, X LA I B2 ]
R S B Bl 0 10 P81 2 L5 Bl o0 A U 81 B AT 1
B BTN EELRIR 2o oA AR RO i RE
M Baer U LA e L Bh R AR SE R R S LA T T, R
T =M RINIE R RS A S TEL B A
AHENE . 248 1 2 A AR ) R B A R
e, TEALPRB MR B A S T i 2 g
RIREE SR L~ STEZRMAS &, RERSEPRUERLM A
FAEAT A [R5 A AR 90 ey I 1o 1R RE ft L 5
BB, SRS B g oA R LR 0 B 52
FLL AT O A D5 T B i 2 BRI
oif Al > BCE TR B B ALy ) 5 AT SR AR S A 7
3o R L IR AR A T RO, A RS T
ARG R AE L B R AR R E PR, fx
e X R 5 A 2 T R I I8 e 3 A 458 14 1L FH T S
AT TUHE AR, ERNIRRE > TRt IR
FERR AL ) R SR . IR SR AL ) S
A IR WSS AR LS S . £
FIAR BB 255 A5 D7 TH HEA T T FiA

S 3k

[1] MISHRA S, PETERSON K, HILIMON T, et al. Resiliency
oriented control of a smart microgrid with photovoltaic
modules[J]. Global Energy Interconnection, 2021, 4(5): 441-
452.

(2] AEwb, FUBEHE, EFA, S LB RETR R T REIE L)
AT B TR, 2022, 41(3): 110-117.
REN Chong, KE Xianbo, WANG lJili, et al. New energy power
optimal distribution method for high proportion new energy
power grid[J]. Electric Power Engineering Technology, 2022,
41(3): 110-117(in Chinese).

(31 EA&, FMKEF, WIfh, A% T CfRikiE. sRePAT AR
R ) R GEMITR T RLT]. R BREETE HLERIW, 2022, 5(5):
439-446.
WANG Rui, SUN Qiuye, HU Wei, et al. Power flow
calculation of new power system for carbon peaking and carbon
neutralization[J]. Journal of Global Energy Interconnection,
2022, 5(5): 439-446(in Chinese).

(4] FMMEEE, ARSLAL, WREEME. 4%, ETARSIEEZRRRIN R

454-463.
SUN Haixia, ZHU Liwei, HAN Yugqian, et al. Capacity
configuration method of hybrid energy storage system in
microgrids based on a non-cooperative game model[J]. Journal
of Global Energy Interconnection, 2021, 4(5): 454-463(in
Chinese).

[S] MORSTYN T, HREDZAK B, AGELIDIS V G. Control
strategies for microgrids with distributed energy storage
systems: an overview[J]. IEEE Transactions on Smart Grid,
2018, 9(4): 3652-3666.

[6] ANDERSON A A, SURYANARAYANAN S. Review of energy
management and planning of islanded microgrids[J]. CSEE
Journal of Power and Energy Systems, 2020, 6(2): 329-343.

(7] XUl ZIaHe, (RIER, 4% BT UAHREAROL M EahhE
IR AR, 2023, 47(1): 245-255
LIU Junfeng, LUO Yan, HOU Yuanyuan, et al. Research on
optimization algorithm of active microgrid energy management
considering generalized energy storage[J]. Power System
Technology, 2023, 47(1): 245-255 (in Chinese).

[8] NASSER N, FAZELI M. Buffered-microgrid structure for
future power networks; a seamless microgrid control[J]. [IEEE
Transactions on Smart Grid, 2021, 12(1): 131-140.

[9] WU X, ZHAO W C, WANG X L, et al. An MILP-based
planning model of a photovoltaic/diesel/battery stand-alone
microgrid considering the reliability[J]. IEEE Transactions on
Smart Grid, 2021, 12(5): 3809-3818.

[10] QIU H F, GU W, XU Y L, et al. Tri-level mixed-integer

optimization for two-stage microgrid dispatch with multi-

uncertainties[J]. IEEE Transactions on Power Systems, 2020,

35(5): 3636-3647.

AR, PRI, SRR, . ETHLSARMANLEE

REVR T A PR IR I8 17 SRS B ST [0, 0 R GE DR S 45

2021, 49(14): 123-131.

SU Lei, LI Zhenkun, ZHANG Zhiquan, et al. A coordinated

operation strategy for integrated energy microgrid clusters

[11

fa—

based on chance-constrained programming[J]. Power System
Protection and Control, 2021, 49(14): 123-131(in Chinese).
VEBAE, R0, kv, S5 WL RBIAL BN A 28 A B
AR S AR R[], O RGEABME, 2020, 44(17):
43-51.

XU Shuwei, WU Wenchuan, ZHU Tao, et al. Convex

relaxation based iterative solution method for stochastic

[12

—

dynamic economic dispatch with chance constrains[J].
Automation of Electric Power Systems, 2020, 44(17): 43-51(in
Chinese).
[13] LI G L, GOMEZ R, NAKAMURA K, et al. Human-centered
reinforcement learning: a survey[J]. IEEE Transactions on
Human-Machine Systems, 2019, 49(4): 337-349.
Mg, 1, W, S BT IRERALA ST 0 L A
FFRAE RE JRNC H 0 A0 4t o3 8 P R A 4R T 2 (D). LT R B

[14

[l



254 ESSer

REEXRY

Fot 3

PR, 2022, 50(22): 100-109.

XU Bohan, XIANG Yue, PAN Li, et al. Local decentralized
voltage management of a distribution network with a high
proportion of renewable energy based on deep reinforcement
learning[J]. Power System Protection and Control, 2022,
50(22): 100-109(in Chinese).

[15] HUANG Y M, XU C M, ZHANG C, et al. An overview of
intelligent wireless communications using deep reinforcement
learning[J]. Journal of Communications and Information
Networks, 2019, 4(2): 15-29.

[16] BRUCE J, SUENDERHAUF N, MIROWSKI P, et al. One-
shot reinforcement learning for robot navigation with interactive
replay[EB/OL]. 2017: arXiv: 1711.10137[cs.Al]. https://arxiv.
org/abs/1711.10137.

[17] MNIH V, KAVUKCUOGLU K, SILVER D, et al. Playing
Atari with deep reinforcement learning[EB/OL]. 2013:
arXiv:1312.5602 [cs.LG]. https://arxiv.org/abs/1312.5602.

[18] PRASAD A, DUSPARIC I. Multi-agent deep reinforcement
learning for zero energy communities] EB/OL]. 2018: arXiv:
1810.03679[cs.LG]. https://arxiv.org/abs/1810.03679.

[19] CEUSTERS G, RODRIGUEZ R C, GARCIA A B, et al.
Model-predictive control and reinforcement learning in multi-
energy system case studies[J]. Applied Energy, 2021, 303:
117634.

[20] X4x, AR, Rk, S REIRALE I LRRD]. AL
Ak, 2018, 41(1): 1-27.

LIU Quan, ZHAI Jianwei, ZHANG Zongzhang, et al. A
survey on deep reinforcement learning[J]. Chinese Journal of
Computers, 2018, 41(1): 1-27(in Chinese).

[21] SUTTON R S, BARTO A G. Reinforcement learning: an
introduction[M]. MIT Press, 2018.

[22] NIE W, HUANG K, YANG J, et al. A deep reinforcement
learning-based framework for PolSAR imagery classification
[J]. IEEE Transactions on Geoscience and Remote Sensing,
2022, 60: 1-15.

[23] Ak, TR 2R RRMARILAE D LRI LR,
2019, 46(8): 1-8.

DU Wei, DING Shifei. Overview on multi-agent reinforcement
learning[J]. Computer Science, 2019, 46(8): 1-8(in Chinese).

[24] PV, BRIE. R BEIRIR IR AL S o) M T OGRS
IRIRE[T]. [ B3R, 2020, 46(7): 1301-1312.

SUN Changyin, MU Chaoxu. Important scientific problems of
multi-agent deep reinforcement learning[J]. Acta Automatica
Sinica, 2020, 46(7): 1301-1312(in Chinese).

[25] B84, MR, IMBZS. BRALF I BIREHR1]. FRIEER S
i, 2018, 40(6): 68-72.

MA Chengqian, XIE Wei, SUN Weijie. Research on
reinforcement learning technology: a review[J]. Command
Control & Simulation, 2018, 40(6): 68-72(in Chinese).

[26] TTHLMG, =56, Sk, A% BREERALe ) EE KN

FHESARDI. B 5 A TR, 2019, 32(1): 67-81.

WAN Lipeng, LAN Xuguang, ZHANG Hanbo, et al. A review
of deep reinforcement learning theory and application[J].
Pattern Recognition and Artificial Intelligence, 2019, 32(1):
67-81(in Chinese).

[27] XUEIPH, RREIER, IMQER. IREESR AL > Sk 5 NI ST
BUREFAR ] B ReRlA S AR, 2020, 2(4): 314-326.
LIU Zhaoyang, MU Chaoxu, SUN Changyin. An overview on
algorithms and applications of deep reinforcement learning[J].
Chinese Journal of Intelligent Science and Technology, 2020,
2(4): 314-326(in Chinese).

[28] A&, oI, CRIRIE, S5 EEALE I LRR: Hatit
HLFIBLAY & D). #Be 5 H, 2016, 33(6): 701-717.
ZHAO Dongbin, SHAO Kun, ZHU Yuanheng, et al.
Review of deep reinforcement learning and discussions on
the development of computer Go[J]. Control Theory &
Applications, 2016, 33(6): 701-717(in Chinese).

[29] MAHMUD M, KAISER M S, HUSSAIN A, et al. Applications
of deep learning and reinforcement learning to biological
data[J]. IEEE Transactions on Neural Networks and Learning
Systems, 2018, 29(6): 2063-2079.

[30] sk4f, sRiEH, 2RI, S5 WE LT REHR

AT S P RN ZER D], E AL T AR AR, 2021,
41(10): 3392-3406.
ZHANG Yi, ZHANG Hengxu, LI Changgang, et al. Review on
deep learning applications in power system frequency analysis
and control[J]. Proceedings of the CSEE, 2021, 41(10): 3392-
3406(in Chinese).

[311] KIRAN B R, SOBH I, TALPAERT V, et al. Deep
reinforcement learning for autonomous driving: a survey[J].
IEEE Transactions on Intelligent Transportation Systems,
2022, 23(6): 4909-4926.

[32] ARADI S. Survey of deep reinforcement learning for motion
planning of autonomous vehicles[J]. IEEE Transactions on
Intelligent Transportation Systems, 2022, 23(2): 740-759.

[33] R, B, D%, 5 ZAgentiREIRALY S LEIR].
AR, 2020, 46(12): 2537-2557.

LIANG Xingxing, FENG Yanghe, MA Yang, et al. Deep
multi-agent reinforcement learning: a survey[J]. Acta
Automatica Sinica, 2020, 46(12): 2537-2557(in Chinese).

[34] NGUYEN T T, NGUYEN N D, NAHAVANDI S. Deep
reinforcement learning for multiagent systems: a review of
challenges, solutions, and applications[J]. IEEE Transactions
on Cybernetics, 2020, 50(9): 3826-3839.

[35] EdEmn, BN, 5O, AF. R IR AU IR S
FEMLOCALTERE[T]. FIEE AR, 2020, 44(8): 2932-2940.
YUAN Guili, JIA Xinchao, FANG Fang, et al. Joint stochastic
optimal scheduling of heat and power considering source and
load sides of virtual power plant[J]. Power System Technology,
2020, 44(8): 2932-2940(in Chinese).

[36] DANESHVAR M, MOHAMMADI-IVATLOO B, ZARE

K, et al. Two-stage robust stochastic model scheduling for



Vol. 6 No. 3

B, & EFRERUFINHMAMEITERE 255

transactive energy based renewable microgrids[J]. IEEE
Transactions on Industrial Informatics, 2020, 16(11): 6857-
6867.
[37] i, REIR, BT, % LA RS ML LS
R[] ERIHA, 2021, 45(6): 2256-2272.
LI Jinghua, ZHU Mengshu, LU Yuejiang, et al. Review on
optimal scheduling of integrated energy systems[J]. Power
System Technology, 2021, 45(6): 2256-2272(in Chinese).
[38] TIAN L T, CHENG L, GUO J B, et al. System modeling and
optimal dispatching of multi-energy microgrid with energy
storage[J]. Journal of Modern Power Systems and Clean
Energy, 2020, 8(5): 809-819.
AR, sk, ZEME. AR TS B XU 1 fle
2 E 2 AR, LT R, 2015, 35(5):
1051-1058.
LI Cunbin, ZHANG Jianye, LI Peng. Multi-objective

optimization model of micro-grid operation considering cost,

[39

—

pollution discharge and risk[J]. Proceedings of the CSEE,
2015, 35(5): 1051-1058(in Chinese).

[40] LIN L, GUAN X, PENG Y, et al. Deep reinforcement learning
for economic dispatch of virtual power plant in Internet of
energy[J]. IEEE Internet of Things Journal, 2020, 7(7): 6288-
6301.

[41] S EAR, SR, SCHRR, G5 AR TIRBEIEQ 4T L iYL

FL A FSE I (). f I RS A Bk, 2022, 46(3): 14-22.

FENG Changsen, ZHANG Yu, WEN Fushuan, et al. Energy

management strategy for microgrid based on deep expected Q

network algorithm[J]. Automation of Electric Power Systems,

2022, 46(3): 14-22(in Chinese).

XA, PNCEE, IRET, A5 AT IHREERAL S B &N

W TR, I RGE A 3hik, 2020, 44(9): 33-42.

PENG Liuyang, SUN Yuanzhang, XU Jian, et al. Self-adaptive

uncertainty economic dispatch based on deep reinforcement

[42

—

learning[J]. Automation of Electric Power Systems, 2020,
44(9): 33-42(in Chinese).
[43] sk A 7R, BEABI, skAREE, 4. B TR 1Y
L A i BE MR R ik (0], AR, 2019, 43(6):
1914-1921.
ZHANG Zidong, QIU Caiming, ZHANG Dongxia, et al. A
coordinated control method for hybrid energy storage system
in microgrid based on deep reinforcement learning[J]. Power
System Technology, 2019, 43(6): 1914-1921(in Chinese).
G, s, AR, AF JETIREENE AL T BT Gk
RE RGP S DIIE[T]. HLRIHAR, 2021, 45(10): 3869-
3877.
LIANG Hong, LI Hongxin, ZHANG Huaying, et al. Control

strategy of microgrid energy storage system based on deep

[44

[l

reinforcement learning[J]. Power System Technology, 2021,
45(10): 3869-3877(in Chinese).
[45] WANG B, LI Y, MING W Y, et al. Deep reinforcement

learning method for demand response management of

interruptible load[J]. IEEE Transactions on Smart Grid, 2020,
11(4): 3146-3155.
[46] =15, MR, HEl, 55 TR W5
A LR B 2 5 75 K (A6 I8 BE 7], BRI, 2020,
44(11): 4140-4149.
YAN Gangui, KAN Tianyang, YANG Yulong, et al. Demand
response optimal scheduling for distributed electric heating
based on deep reinforcement learning[J]. Power System
Technology, 2020, 44(11): 4140-4149(in Chinese).
WOATE, BRAEF, Mok, 5. SE T IR AL 3T B
Jily R SR By e SR ARSI 7). L R G A Bk, 2021,
45(14): 97-103.
XU Hongsheng, LU Jixiang, YANG Zhihong, et al. Decision

optimization model of incentive demand response based on

[47

—

deep reinforcement learning[J]. Automation of Electric Power
Systems, 2021, 45(14): 97-103(in Chinese).

[48] ZHONG SY, WANG X Y, ZHAO J, et al. Deep reinforcement
learning framework for dynamic pricing demand response of
regenerative electric heating[J]. Applied Energy, 2021, 288:
116623.

[49] BAET, BIRAN. ERELSRE AT MR R AL~

PeAb T[] iR, 2021, 45(6): 2319-2327.

ZHAO Xingyu, HU Junjie. Deep reinforcement learning based

optimization for charging of aggregated electric vehicles[J].

Power System Technology, 2021, 45(6): 2319-2327(in

Chinese).

XSk, W, AR, 55 BT IR T R

PR B BV ST S AL BE D). W R e A Sk,

2022, 46(4): 36-46.

LIU Dunnan, WANG Lingxiang, WANG Weiye, et al.

Optimal scheduling of electric vehicle load for large-scale

[50

[l

battery charging and swapping based on deep reinforcement
learning[J]. Automation of Electric Power Systems, 2022,
46(4): 36-46(in Chinese).
[51] LT H P, WAN Z Q, HE H B. Constrained EV charging
scheduling based on safe deep reinforcement learning[J]. [EEE
Transactions on Smart Grid, 2020, 11(3): 2427-2439.
LIU Y K, ZHANG D X, GOOI H B. Optimization strategy

based on deep reinforcement learning for home energy

[52

—

management[J]. CSEE Journal of Power and Energy Systems,
2020, 6(3): 572-582.
ROKHT, REERE, WAL, SF. RE TR AL Y K E
LRE H R RLAELARAL[I]. I R PL T AR AR, 2021,
41(16): 5581-5593.
SU Yongxin, WU Zexuan, TAN Mao, et al. Online

optimization for home integrated demand response based on

[53

—_

deep reinforcement learning[J]. Proceedings of the CSEE,
2021, 41(16): 5581-5593(in Chinese).

[54] skir, HaE, BRI, % HETMulti-Agentit SRR
7 2] B RAE B REAETE LALLM T FE (], P R APl T 7
4, 2020, 40(1): 117-127.



256 ESSer

REEXRY

Fot 3

ZHANG Hong, SHEN Xin, MU Haoyuan, et al. Research on
online optimal dispatching of residential energy consumption
based on multi-agent asynchronous deep reinforcement
learning[J]. Proceedings of the CSEE, 2020, 40(1): 117-127(in
Chinese).

[55] sk, ®wr, PR, A% TR IERAL T R R ERE A IR
SIRACRRE[I). I RS A shik, 2021, 45(21): 149-158.
ZHANG Tian, ZHAO Qi, CHEN Zhong, et al. Hierarchical
optimization strategy for home energy management based on
deep reinforcement learning[J]. Automation of Electric Power
Systems, 2021, 45(21): 149-158(in Chinese).

[56] WEI T S, WANG Y Z, ZHU Q. Deep reinforcement learning
for building HVAC control[C]//2017 54th ACM/EDAC/IEEE
Design Automation Conference. Austin, TX, USA. IEEE: 1-6.

[57] MOCANU E, MOCANU D C, NGUYEN P H, et al. On-
line building energy optimization using deep reinforcement
learning[J]. IEEE Transactions on Smart Grid, 2019, 10(4):
3698-3708.

[58] GAO G Y, L1 J, WEN Y G. DeepComfort: energy-efficient
thermal comfort control in buildings via reinforcement
learning[J]. IEEE Internet of Things Journal, 2020, 7(9): 8472-
84384.

[59] NAGARATHINAM S, MENON V, VASAN A, et al.
MARCO - Multi-Agent Reinforcement learning based COntrol
of building HVAC systems[C]//Proceedings of the Eleventh
ACM International Conference on Future Energy Systems.
Virtual Event Australia. New York, NY, USA: ACM, 2020.

[60] DING X Z, DU W, CERPA A. OCTOPUS: deep reinforcement
learning for holistic smart building control[C]//Proceedings of
the 6th ACM International Conference on Systems for Energy-
Efficient Buildings, Cities, and Transportation. New York, NY,
USA: ACM, 2019.

[61] W, KA E, BRAL, 45 AT XUZRAL > r k£ ne
Pel X SRR BRI BE D). AR, 2021, 45(4): 1330-1336.
NIE Huanhuan, ZHANG lJiaqi, CHEN Ying, et al. Real-time
economic dispatch of community integrated energy system
based on a double-layer reinforcement learning method[J].
Power System Technology, 2021, 45(4): 1330-1336(in
Chinese).

[62] YANG T. Dynamic energy dispatch strategy for integrated
energy system based on improved deep reinforcement
learning[J]. Energy, 2021, 235: 121377.

[63] Xk, =W, B/, S5 BT 2 EREAE SRk
>J B 0 B 255 RE R O U R R BE (D). B R &t H ik,
2019, 43(1): 40-48.
LIU Hong, LI Jifeng, GE Shaoyun, et al. Coordinated
scheduling of grid-connected integrated energy microgrid
based on multi-agent game and reinforcement learning[J].
Automation of Electric Power Systems, 2019, 43(1): 40-48(in
Chinese).

[64] FRBE, FHril, sKEE, AE BT RMEAT bR T IR IR R

2 E TR A R R G AR [T]. h R AL LR
i, 2021, 41(3): 819-833.

QIAO Ji, WANG Xinying, ZHANG Qing, et al. Optimal
dispatch of integrated electricity-gas system with soft actor-
critic deep reinforcement learning[J]. Proceedings of the CSEE,
2021, 41(3): 819-833(in Chinese).

[65] XU, B, 250, % ZHIWRGE I ARLAD]. B
M A, 2020, 44(10): 3804-3820.

LIU Yingshu, CHEN Xi, LI Bin, et al. State of art of the key
technologies of multiple microgrids system[J]. Power System
Technology, 2020, 44(10): 3804-3820(in Chinese).

[66] ZEMS, Rl L, AR, A TR 2 0N 4R

HRERSE L BirBa IR S ], WA, 2020,
44(10): 3680-3690.
LI Peng, WU Difan, LI Yuwei, et al. Multi-objective union
optimal configuration strategy for multi-microgrid integrated
energy system considering bargaining games[J]. Power System
Technology, 2020, 44(10): 3680-3690(in Chinese).

[67] ZOU H L, MAO S W, WANG Y, et al. A survey of energy
management in interconnected multi-microgrids[J]. IEEE
Access, 2019, 7: 72158-72169.

[68] LATIFI M, RASTEGARNIA A, KHALILI A, et al. A
self-governed online energy management and trading for
smart micro/nano-grids[J]. IEEE Transactions on Industrial
Electronics, 2020, 67(9): 7484-7498.

[69] LIU W R, ZHUANG P, LIANG H, et al. Distributed economic
dispatch in microgrids based on cooperative reinforcement
learning[J]. IEEE Transactions on Neural Networks and
Learning Systems, 2018, 29(6): 2192-2203.

[70] WANG H W, HUANG T W, LIAO X F, et al. Reinforcement
learning in energy trading game among smart microgrids[J].
IEEE Transactions on Industrial Electronics, 2016, 63(8):
5109-5119.

[71] SESETTI A, NUNNA H S V S K, DOOLLA S, et al. Multi-
agent based energy trading platform for energy storage
systems in distribution systems with inter-connected
microgrids[C]//2018 IEEE Industry Applications Society
Annual Meeting. Portland, OR, USA. IEEE: 1-8.

[72] LU X Z, XIAO X Y, XIAO L, et al. Reinforcement learning-
based microgrid energy trading with a reduced power plant
schedule[J]. IEEE Internet of Things Journal, 2019, 6(6):
10728-10737.

[73] R, d/fR, BRE. BT 28 AR AR S 1 £ e X 45
FRER AL R irTE (0] i TR RER AR, 2021,
40(8): 1-10.
YANG Zhao, HUANG Shaowei, CHEN Ying. Research
on cooperative optimal operation of multi-park integrated
energy system based on multi agent reinforcement learning[J].
Advanced Technology of Electrical Engineering and Energy,
2021, 40(8): 1-10(in Chinese).

[74] XIA Y, XU Y, WANG Y, et al. A distributed control in



Vol. 6 No. 3

B, & EFRERUFINHMAMEITERE 257

[75]

[76]

[77]

[78]

[79]

islanded DC microgrid based on multi-agent deep reinforcement
learning[C]//IECON 2020 The 46th Annual Conference of the
IEEE Industrial Electronics Society. Singapore. IEEE: 2359-
2363.

LIU Z F, LUO Y, ZHUO R Q, et al. Distributed reinforcement
learning to coordinate current sharing and voltage restoration
for islanded DC microgrid[J]. Journal of Modern Power
Systems and Clean Energy, 2018, 6(2): 364-374.

KHOOBAN M H, GHEISARNEJAD M. A novel deep
reinforcement learning controller based type-II fuzzy system:
frequency regulation in microgrids[J]. IEEE Transactions on
Emerging Topics in Computational Intelligence, 2021, 5(4):
689-699.

SMITH E, ROBINSON D A, AGALGAONKAR A.
Cooperative secondary voltage control of static converters in
a microgrid using model-free reinforcement learning[C]//2019
21st European Conference on Power Electronics and
Applications (EPE '19 ECCE Europe). September 3-5, 2019.
Genova, Italy. IEEE, 2019.

MASSENIO P R, NASO D, LEWIS F L, et al. Data-driven
sparsity-promoting optimal control of power buffers in DC
microgrids[J]. IEEE Transactions on Energy Conversion, 2021,
36(3): 1919-1930.

2 MdE, BRI, SEBRRAIMEA . HORL T
Fe A, ARG R 58, 2022, 28(7): 2119-2138.
LI Shaobo, YANG Lei, LI Chuanjiang, et al. Overview of

federated learning: technology, applications and future[J].

Computer Integrated Manufacturing Systems, 2022, 28(7):
2119-2138(in Chinese).

[80] skid, wh/AE, MXIEAR, A — Mk TR U RAH G

SRR 2 TR ], TR, 2015, 38(7): 1326-
1336.

ZHANG Bo, SHI Zhongzhi, ZHAO Xiaofei, et al. A transfer
learning based on canonical correlation analysis across
different domains[J]. Chinese Journal of Computers, 2015,
38(7): 1326-1336(in Chinese).

Wim B E: 2022-04-17; f2EIBHA: 2022-08-15,

EETEN:

J#m (1991), B, WMEHmR
t, AR FEGHAALIEREL A &
oy A, @AE4EH, E-mail:
878585460(@qq.com.

Fokd (1964), B, LB SHA
IAZR, WA FIR, BRI @ AR
BRABEMW., e W, wHh13 8815
HAREF.

& (1989), B, SR TR, LML, AR

FOAANLIE AR RGO L.

EHH (1987), B, SR IAEF, W, BARFTH

ANTIGRAC A ZRAETH LA,

(EHREE  F4)





