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Abstract: With more and more renewable energy resources penetrating into the microgrid system, the parameter space
of the microgrid system model is doubled, and thus the computational complexity of its real-time optimal scheduling
keeps rising. At the same time, the uncertainty of renewable energy resources also brings great challenges to the optimal
scheduling problem of microgrids. To tackle the above problems, this paper proposes a real-time optimal scheduling
strategy for microgrid, which is based on distributed deep reinforcement learning approach. Firstly, under the distributed
architecture, each distributed generator and main grid are treated as independent agents. Secondly, each agent has a local
learning model, and it establishes its state and action space respectively based on local data. A multi-objective optimization
reward function and constraint conditions are designed, which include power generation cost, transaction price, power
supply life and so on. Finally, each agent seeks its optimal strategy by interacting with the environment, and meanwhile,
agents learn value strategies from each other to optimize local action selection so as to minimize overall operation cost.
The simulation results show that, compared to the deep deterministic strategy gradient algorithm, our method improves the
training speed by 17.6% and reduces the cost function value by 67%, which meets the requirement of real-time optimal
scheduling for microgrids, while ensuring the stability of the system and the accuracy of the solution.
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5G,i(t) = {t, Pricejeya (t), S0C(t), Pei(t)}. (24)
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Table 1 Parameters of generator and energy storage

BIE Y K a; Bi Vi
Ko BRROOFIR o ot/

) (Jt/h)
(kW) (kW) kW?h) kWh)
KHEEIE] 200 50  0.00375 2 0
KHEEI2 80 20 00175 1.75 0
KEEIE3 50 15 0.0625 1 0

E ThE Y &It SoC
fEREsEIL EFR O FER SoC SoC  JuF
&W) (kW) 1% 1% 1%

&t 50 =50 70 50
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25,75

5] PN 3 L P B KA He T 5 R 200 MW 25 & 34 512 by
FEL R FEL A AR I B 18] B 20 UG~ 28 3N AL, 5 32 FEL IR
S AN 2 AN B, IR 2.

k2 R KEFEH

Table 2 Real-time electricity price of main grid
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MADDPGH 7% R 1H 5 AN B R A Hh = 2B 1 32,
S TAE AN B AR I A Hb 22 i s AL AR AT L
FH, UGN B, BT shfE M 4838 4b T sh 1E 4R
RYYEL, PR b vk 0 2B B AR, AR
). BEE B RE AR TFaf NG 36 it BT S B kAT 2
>, KEZ T I E A, iR F2800 ) HA
oA iF, MADDPG 532 1) 22 il B IZ B IS 88 T — 30000
Bz, SR MIDDPG RIS 13400 8 1 A A iz i sk
T-—90000Ffifx, FH HATSRAFAERER P 8. AR, A
SR T 40 A5 XM ADDPG ) SIS AL 1 B 75 15
AT R G EAR T4 N MDDPG &%, Hik
SR E TR,

—MADDPG
—DDPG

20M[

0.0 M

~100M 6000 8000 10000
JE 3
4 MADDPG 5DDPG#LIZERTEL &

Fig.4 Comparison of MADDPG and DDPG algorithms

1 1
0 2000 4000



10 19

FRTTPEE: FTpAn QR P SR 2 > AR I SR DL A 1887

4.2 T MADDPG FE 5 e P SE R4k 8 B

RIS R, A AR B AR 1 22 P H A
HEAN ], AR 23 il 25 HE3AN & H 6 45 = AL )|
SroeiJE, R H D Th & UL S e h AR AL i 2
K. R H T SIS NE S R, REHICIE24 h
PR LT R AE B A T A £160 kKW IR I 50, & Ha B
TC2TE AR TAE 2160 kW % h; K& T3 TE AL
TAE 540 KW BT 3 30, 7T UL ZRid RS R LR
TEHIR IR IG A BRI H A AR TAE A AR
RUNE 6T, 3 HL RS e T35 A F 5, i 7R
WIZR5E e, AR AT DU 3 78 S 8 1 P9, it A
R R TCAH BT, RN R AR S AL S
AR, S8 — B RA TGS, 45 REWH, 4 ek
TENN GRS G, ¥ REE T B AR AR R BUAEL, AN B A
T RGUSATHUA.

200 LU E R L I EL N I N EL N ELE B B B
2 1s0f —m KA e B T AR
~ 160} a-0-0-8-9-0o80-s-0-58F-0-0-0-0-0 0 509
= 140F B
120 ) S IS IS S S NN S NN SN SN SR S S S S RS R
0 2 4 6 8 10 12 14 16 18 20 22 24
t/h
100 T T T T T T T T T T T T T T T T T T T T T T T T
Z  sof - L2 e AL T AR A
> 60*?*'#'%—%.%%«
] 40r 4
20 1 n 1 n 1 n 1 n 1 n 1 n 1 n 1 n 1 n 1 n 1 n 1 n
0O 2 4 6 8 10 12 14 16 18 20 22 24
t/'h
80 T T T T T T T T T T T T
E 60+ —a— I3 —e— de L LA A
~ 40} =333 o280 g 00090 00e000
= 20F 1
0 1 1 1 1 1 1 1 1 1 1 1 1
0 2 4 6 8 10 12 14 16 18 20 22 24
t/'h
K5 RHEICH D)%
Fig. 5 Output power of generation units
Sk
0e
-5
,lok
E -15F ® .\
i fzow\ . o-® R / "
B L e . / o \ e
-25¢ \ /\ .
L ° o-© o\ °
30k e e
30’ \/ ) [
[ ]
35F e
,40' " 1 " 1 " 1 " 1 " 1 " 1 " 1 " 1 n 1 n 1 n 1 n J
0 2 4 6 8 10 12 14 16 18 20 22 24

t/h
6 FHR AR

Fig. 6 Exchange power between the main grid and mcirogrid

W52 2/N T FTIR, A BE ST RIS VRS A
SIRCR I EH AR, 58 RE AT NS AT IR,
il BE ST R A7 FUIR A, 7 OIS 14 52 8 e A4S i
W BEARAE A SRR R, N T B RE ST I IR
S8, N et f st MDA B BE BT I FUIRES.
KI7-8 B T A RE ST ARSI, I R4
BB RER TR B RN, S Bk RE oo Rk
I ETREER. BT B T
AT ARSI — AL B b, BT ARE A DI RN 3E4T,
F R RV IE AN AT BRI, SR oo RS
BRI A, AR I FREE A 58 N, B T 30
WA RUIR IR AAES0% R IEh, 75 & R EFE R LA
HURAIX — T 2K,

95

85

75

65

55

SoC /%

45

35

25

15 0 1060 2060 3060 4060 5060 6060 7060 8060 9060 10600
JA
7 10000 HISoCHE £k
Fig. 7 SoC mean curve during 10000 cycles

60
55

50

Soc/ %

45
40

0 5 10 15 20
t/h
Kl 8 fikfiE i uSoCAL AL

Fig. 8 Variation of energy storage unit SoC
5 B4
RS O EE P A A 18 ) A AE AN o PR i
SRR AT SO ALK I, $e i T — T
A3 AT IR E Ak 2 ) P S A T B v, R R
L TC. fifRE o DL E M IRl = S5, &



1888

7om oo 5 MM

39 %

SR FH BN X 28 5 A RS HEAT 52 1., SREUAH R PR 51
TSNS, FARAE IS K0S Pk s A2 15 2 2
AR, VHHLIE, B R R E M S A
oAl BRI 22 X 2% S 4 B Ja AR AT Pl S AR Y, Sk
BN 2% IR MBI EBEAT S5, Bl 2% 3K 3 =
ISR A SCRT S Hh A T VEAE IR 58 B mT AR
Ze AL SRS, S B A R R IC Y T, SEBL T
HL R G SEI AL T, ARt i 7 ARG NGRS,
Pt 7 RGBT A

TR Ja SERIRITFU A, R 25 FE 4 1 X HLE r X A Ok
TN, 32 A SOEAE A B T 4 2 kTR RCE
2 A AR EETT i, DUYIE SEBR A e I R e EAT
2.

S5k

[1] SU Jian, LIANG Yingbo, DING Lin, et al. Research on China’s ener-
gy development strategy under carbon neutrality. Bulletin of Chinese
Academy of Sciences, 2021, 36(9): 1001 — 1009.

(A, BEoe, Tk, 45 Berh A E b 3R BERUA SR s #3 . th
ERERBE, 2021, 36(9): 1001 — 1009.)
[2] WANG Y. Coordinated control and energy management system of

microgrid group. International Conference on Energy Science and
Applied Technology, 2021, 804(3): 032007.

[3] GUO F, WEN C, MAO ], et al. Distributed secondary voltage and
frequency restoration control of droop-controlled inverter-based mi-
crogrids. IEEE Transactions on Industrial Electronics, 2014, 62(7):
4355 - 4364.

[4] XIAO Hao, PEI Wei, KONG Li. Multi-time scale coordinated optimal
dispatch of microgrid based on model predictive control. Automation
of Electric Power Systems, 2016, 40(18): 7 — 14.

(B, 26D, 7177, FE TS0 2 ) A Gl el D) 22 I i) RUBE b 12
R, B RSGE BN, 2016, 40(18): 7 - 14.)

[5] ZHU Jiayuan, LIU Yang, XU Lixiong, et al. Robust day-ahead e-
conomic dispatch of microgrid with combined heat and power sys-
tem considering wind power accommodation. Automation of Electric
Power Systems, 2019. 43(4): 40 — 48.

CRFFITE, R, VFOLME, 5. 25 H8 X R TH AN P Bc (T i e I ] i
BHEATHRIL. ARG AZNL, 2019, 43(4): 40 -48.)

[6] ZHANG Zhong, WANG Jianxue, CAO Xiaoyu. An energy manage-
ment method of island microgrid based on load classification and
scheduling. Automation of Electric Power Systems, 2015, 39(15):
17 -23.

(IRAE, g, WRT. 3T 50 2 S BE IR A  BU e Y g e
57k, ARG ABNL, 2015, 39(15): 17 -23.)

[71 PAN Xiaojie, ZHANG Liwei, ZHANG Wenchao, et al. Multibopera-
tion mode pss parameter coordination optimization method based on
moth-flame optimization algorithm. Power System Technology, 2020,
44(8): 3038 — 3046.

(RRIGRZ, TR, TRICHH, 55, BT AN KR SE I 2 121777 K
L) B GERe e A% 2 SO R AR Ak 7 . HL IR, 2020, 44 (8):
3038 —3046.)

[8] ZHAO Shugiang, WANG Yang, XU Yan. Dependent chance pro-

gramming dispatching of integrated thermal power generation and

energy storage system based on wind power forecasting error. Pro-
ceedings of the CSEE, 2014, 34(S1): 9 — 16.

[9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

(17]

(18]

[19]

[20]

[21]

G5, F45, 1h . =T KA T 22 BE AR ) K A6 S A DG HL
SHARE. HE AL TREAR, 2014, 34(S1): 9 - 16.)

YAN Haibo, KANG Linxian, ZHOU Dong. Optimal model of day-
ahead dispatching and energy storage for micro-grid considering
Randomness. Power System and Clean Energy, 2019, 35(11): 61 —
65.

O™, FEMRE, Ji 2. 25 BB LIE AT M0 E A B2 5 i RE DAk
R L ST ARR, 2019, 35(11): 61 - 65.)

HUANG Q H, HUANG R K, HAO W T, et al. Adaptive power system
emergency control using deep reinforcement learning. IEEE Transac-
tions on Smart Grid, 2019, 11(2): 1171 - 1182.

FENG Changsen, ZHANG Yu, WEN Fushuan, et al. Energy man-
agement strategy in a microgrid based on deep expected Q network.
Automation of Electric Power Systems, 2021, 11(2): 1 - 17.

(B ERR, TR, SCAETR, &6, FET IR AR QM 4 Bk A B M g =
IR, ARG BN, 2021, 11(2): 1-17.)

WANG Hanlin, LIU Yang, XU Lixiong, et al. Research on commu-
nity micro-grid distribution network energy trading model based on
leader-follower game theory. Electrical Measurement Instrumenta-
tion, 2021, 58(6): 68 —75.

(CEmak, XUVE, VFILARE, 55, HT 3 AN ZR B0 i ek X fal o X e P
RERAC AT TL. NS4, 2021, 58(6): 68 - 75.)

JIA Xingbei, DOU Chunxia, YUE Dong, et al. Multiple-time-scales
optimal energy management in microgrid system based on multi-
agent-system. Transactions of China Electrotechnical Society, 2016,
31(17): 63 - 73.

(LA, BFE, B, 5. BT 2AERENHBMEZ ¥R EE
. R THRARZAR, 2016, 31(17): 63 -73.)

LIU S, XIE L, ZHANG H. Distributed consensus for multi-agent sys-
tems with delays and noises in transmission channels. Automatica,
2011, 47(5): 920 — 934.

GUO C, WANG X, ZHENG Y, et al. Real-time optimal energy man-
agement of microgrid with uncertainties based on deep reinforcement
learning. Energy, 2022, 238: 121873.

GUO Guodong, GONG Yanfeng. Real-time automatic control algo-
rithm of microgrid energy management system based on deep rein-
forcement learning in electricity market environment. Electrical Mea-
surement Instrumentation, 2021, 58(9): 78 — 88.

(BRI, SRMEVE. v TS REE R R TR BE AL 2 S I RE
ARG F B F0E. Il 51, 2021, 58(9): 78 - 88.)
NAKABI T A, TOIVANEN P. Deep reinforcement learning for en-
ergy management in a microgrid with flexible demand. Sustainable
Energy, Grids and Networks, 2021, 25: 100413.

CHEN Y, PENG X, XU X, et al. Deep reinforcement learning based
applications in smart power systems. Journal of Physics: Conference
Series. Stanford, CA, USA: IOP Publishing, 2021: 022051.

JIN X Z, LIN F, WANG Y. Research on energy management of mi-
crogrid in power supply system using deep reinforcement learning.
IOP Conference Series: Earth and Environmental Science. IOP Pub-
lishing. 2021: 032042.

GUOF, XU B, ZHANG W A, et al. Training deep neural network for
optimal power allocation in islanded microgrid systems: A distribut-
ed learning-based approach. IEEE Transactions on Neural Networks
and Learning Systems, 2021, 33(5): 2057 — 2069.

HUANG Qingdong, SHI Binyu, GUO Minpeng, et al. Q-learning
based distributed adaptive algorithm for topological stability. Journal

of University of Electronic Science and Technology of China, 2020,
49(2): 262 —268.



5510

FRTTPEE: FETpAn CR L IR A7 > TR R SIS LA P 1889

GEERAR, ARk, SRR, 5. J£TQ-learning 4341 = H & M 1
FAREPERNE. T RIEORZAZAR, 2020, 49(2): 262 - 268.)
[22] ZHAO Y, ZHANG Y, WANG S. A review of mobile robot path

planning based on deep reinforcement learning algorithm. Journal of
Physics: Conference Series, 2021, 2138(1): 012011.

EH WA
FoTHt  BIFEE, WA T, NFE R R AT R S e 4 1Y
Hie, Email: fhguo@zjut.edu.cn;

il 8 WA, R RE L | B o A SR AL R 9T, E-
mail:snxbb203@163.com;

R B BEOIRR, L, NERZzshiEs] . R EE
ZEREL, B-mail: xiangwu@zjut.edu.cn;

HOM LA, DGR R R A ik
AR RGHEA KT, E-mail:hdong @zjut.edu.cn;

X|ovk A, 2 UL B REAG LSS AL, E-mail:
liubing1911@163.com.



