Ea6h F3W
202546 B

x B OB AR

Power Generation Technology

Vol.46 No.3
Jun. 2025

DOI: 10.12096/.2096-4528.pgt.24227

FESHES: TKOI; TM 732

E Tz IV R NI R G R N A 4RiE

EIEX, #E, T
(FHRFHAIEFR, LAY 58T 266071)

Review of Application on Optimization Strategies for New-Type Power System

Based on Reinforcement Learning

YAN Zhengyi, ZHAO Kang, WANG Kai"
(College of Electrical Engineering, Qingdao University, Qingdao 266071, Shandong Province, China)

WE: [HMW] B 0 RG0S RE 1 e H 3l
{3k, 34k 2% > (reinforcement learning, RL){E N A L%
REATU I — WOCHE R, 76 v 77 U I 39 e Ak K fg U7 Tl b
JEPLH T AT . 58 RL TR H 450k i) o A 90 5
X TRANIZI AR RGISAT FEHIFIIACSE 7 T i
FEFREIE, N, T T RLLESZER AN T A R
R, HRETRRATREMFA A, DHINBEIIRAE
REfb I RESR AL . [D77R] X RLTE 25 25 B S 40 1) S
MNHBHT T 258 . RGN T RL B2 A R B AAR &
PREE,  VEANR I IX L8 50k an ] 9 B FH T3 284 B ) 2R 45 40
BRI SEBR A . XS ST R R RL BE AT 2R,
JE R 7 3K 6 % vp AT 1) 45 R A e i AT A R R4 BT
(450 ML TAEg5E:, RLEER 7T HME RS
BHRALKT, FFEZAN NS h R 7B SR Rl
SEAERDN RGN E e TR I . SR, R’
EHWZ R0, 8 H B ATAE A — L i A R )
WA, RIS RRAS L IR A AR A R
(4581 RLOWHT B ) RS0 ) & Re AL TR AL 18 I v
%, M, FERPURMERIH, 57wk — RFEARM
S B BERAR . B SR R A H AR S ) B A AN S
BERESENER.

R AN RS WAL I RL); IR R
(DRL); #REHM; fLibiens; REVRE L, &HEH; I
R NLEBEAD

ABSTRACT:

toward higher levels of intelligence and automation,

[Objectives] As power systems evolve
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reinforcement learning (RL), a key technology in artificial
intelligence, shows great potential in the intelligent
development of the power sector. Enhancing research
methods for RL applications is crucial for fully exploring its
potential in power system operation, control, and
optimization. Therefore, the performance of RL in practical
electrical applications is analyzed, and the possible research
directions in the future are prospected, so as to provide
assistance for the intelligent transformation of power
systems. [Methods] This study provides a systematic review
of RL applications across diverse fields of electrical
engineering. It systematically introduces the fundamental
principles and landmark algorithms of RL, detailing how
these algorithms are applied to address practical problems in
new-type power system. The study categorizes mainstream
RL algorithms in current research and analyzes the
advantages and disadvantages of structural improvements
made to these algorithms. [Results] Compared to traditional
algorithms, RL significantly enhances the intelligence level
of new-type power system. It achieves remarkable success in
various application scenarios, particularly in addressing
system complexity and uncertainty. However, despite many
successful cases, several urgent issues still exist in this sector,
such as high computational costs, long training times, and
limited generalization abilities. [Conclusions] Reinforcement
learning provides novel solutions for the intelligent
development of new-type power system. However, achieving
large-scale application still needs to overcome a series of
technical and practical challenges. This study provides
references and insights for researchers and practitioners in

electrical engineering.

KEY WORDS: new-type power system; reinforcement
learning (RL); deep reinforcement learning (DRL); intelligent
grid; strategy optimization; energy management; situational

awareness; optimized scheduling; artificial intelligence (AI)
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Fig.1 Schematic diagram of MDP process
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Fig.2 Schematic diagram of MDP iterative information
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Hb Ak 3 LA A A R A e SR 0] R, I HARR T B
4l (1) SRS A B BUE AN B S 21 T, IR I Tk
WSCE LSRR, J7 Z RN, Bk, # 2 N
BRI RIS, LA AL R AL H
T
133 ZERERRIL S > B

% 2 e R 9 4k 2% 2] (multi-agent reinforcement
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Tab.1 Applications of reinforcement learning algorithms in new-type power system

SV i i) R KRS et Hbx
SCHR[30] AL Rainbow PR SIGH U/ it 75 SRR TR, 3 v P SR
SCHR[31] (DG MATD3 PG AR Fl I (DI A T A
SCHR[32] AEIRAE S G DA-MAPPO A VA P D) [ O 7 £, [ BT BARAEG 25 TP ) PR L AR
SCHR[33] K, MADDPG PERTT A MR, B A B AR BRHE U 38 R
SCHR[34] AT DDPG R AIC T 7 AR A
WHR[35]  Z EARETHAE - RS 282 4R DDPG/% H 5305 o 41 I BEAR IR ], 488 e M
SCHR[36] o B Q-learning /D RREFE , B2 LSR5 A
it R Il PPO? SRR SR LTI
%#[38] — ic L A MATD3PG FEAG 458
SCHR[39] it £ 1Y hyper Q-network eIV S TR H 1 g 2
CHiR[40] J— FeAR-TH LI O-learning BA TSR A
CHR[41] I L I O-learning BB TR 5 3 3
SCHR[42] e G DQN i AR (T 50%)

1 - MATD3 3R 2 5 G 14U RE IR I T 10 7 2 SR W B 12 350725 s DA-MAPPO 3R 73 A 30TE 5 7) 2 84 A 10T 3y S A0 A 5095 : PPO2 3R 1R 10T ity S W A
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(knowledge-assisted deep deterministic
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WS R i R0 A BALI B A, AR AR AR
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R R 3 X HL T 7 %8 (federated deep reinforcement
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AE RS AR . 7 A REW, RH %
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SETHHIE bR, BRI 1 IR BE Ak 5 2 AR S X AT
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A B U e FEE AN R RIS ) S 3 A R
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S Z N TR EE, @ T B IR R I &
AT RNE, LR B R b REEA
FaE e SACH 71 AR 7700 S R 57 1)
() AR D o X R, SR A ST e B
F A VE S PTG B 15 AR % T 4 1 S0 e
Y5 T 0 R 6 2 AL R RR IR A B, Ab PR AT T AR
U5 2R G5 B ey S BE AN SE M
2.3 RALEEE

SRAG A 23] BLA TR A H 77 R 3B AT R
FE. W) RGBAT I B A 1 E A4 ) 1]
R, SR A A 2] AT DL S S R R RO,
Fem ) RIS AT BOR AR E M . SCHR[46]45
& XE IR FE O 2% (double-DQN, DDQN) % i,
DA /MK 24 h R IR EL g AR g B AR, TE T 2 T
HL I R G L e i 22 S5 A R T, ISR 3 Re &
WAL FEmS . SCHR[47) % Fl DDPG Hyk i@ 1
— ol ) g A L IR (19 8 5 1 R B M A R A4 H
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learning 535 ¥ XU FL 4l 7K & g H BE LR AL 18 FE 7



HaoE FIMW

K B OB R 513

e MTHE Q% IE, HERERSUHE T
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ST RBEMARSGME, HTHLEHaEKE
(R HL LR B A S g A, HLIX e R 2 ]
A EAEH S RIER E 4%, RS HT R4S
EEEAEIE TR ERE K. RS0k, F
s, Gn o] B AR G A 2 ST A K FELI FR G R (1 R A
K A A R R AT AR R R R () — A E
Ji 1Al

Bk, Ak 2] e mT DL T ARG 3 T 3 1)
G FE, I SLBLE B BR8 e KAk SOk
[331K9 2 1 3£ T MADDPG 532 ) 55 4 5w A6 7
M T AR K TR R A 1 SE AN 22 AL SR
A T 2 ERMM R E R, 5% T KRB
KEE B s 7 N CASE = i 3 . SCHR[34]
Pt — PP T IR AL I B T AN
e SR WS 23 AT 75i%, R DDPG 7K, B
J&i, AR EBIIGE T BT T E S R R
2.4 EE W EE R S R

F, S 4% 1) AT B O L 70 R 48 R 5 R R TE R
SEMEEN, DR RGN Z e eistr. 4%
S (1 L IS 421 7 V20 45 PID #k . A ThAI G T o)
R, HIX 7 Y TE T K F DO A 1 R R
P 25 R AR AT, AT B T T AN 8% R B R AN i R
o BRAKAE SR DAIE I R BRI 2 ST I ) B A
178, B3 EE ) S DL 5 R AR Ak ) H
g, B s I, UL E ShR AT AR R A
RS AL TR R HL I TG Tl i Hh B R 23 A =X
RE VB A0 B N AR 2, S0 SRS A R 7 A R R
EXiI

AR E 3 HL TR % ] (autonomous voltage
control, AVC)[F| &, SCHK[49]42EH T 5T DQN #
%51 DDPG Wi Fi Jc i (1) DRL 515, il T AVC
Felg,  LASCHEHL IS ) T 0 H A 8O0 B g 4 )
173, SCHR[3S)AE B4 BE M By LAt 1, F2 b
—Fli 3 T MATD3PG ¥ 45 5 Fir F ) i f F s 4% £l
HMg, ZIRMMG S5 PR AR AR R EAE
ML RRAR, SCIL T R R 1 E AR )

W . STHR[S01Ks S i v H 428 1 i) R 5 0 5 /R
Bl 5% #4251 72 (Markov game process, MGP), Jf:
7 2R, RS A-TELE 1T
THERAT AL SR, LAXUAE IR DDPG 53k 1) L
P SRS RIS, 45 R R, KD T
RiMRZE, IS HARR BT

AR ) P DAOR B L) R GRAGE, XA
HNERGH 2 A MA SEBAT 2R EE ., LRIHR
PRI 7 VE MR T B T8 B 2 K 52 S R 26 ) A He
AR, XMW BT, JCHRAERT
FARBRERANTE T, 7RIS O RN A G2
T A o AN RS B Y o o R A o ST R AT A
AT DL B 2R GeAE A E AN AR A R ORI
IEENE AR PR . 5k A% ST AR B8 S
S ISR SR, 0PI A4 ) ) e i AN A
R, PR BE 2R G0 PR BUR TR i e B DLRME
I BB e By, B I T FE A R YR A L DA
B AR o

SCHR[40]K F 5 Ak 27 >0 2 ] SR 24T D) 2293
Bic 2l 7 1 5 % e it i 30 2P K L (virtual
synchronous generator, VSG)f%itH D2, SKil [
% J6fk VSG RIS Ph i f i . SClR[41]300 17—
R A Q 5 31 SR BEAT Ak L X 303 38 1 )92 1)
%, WCOTVERE BORE 0 B B ERAR,  HAT BAER XY
AR kAT 72, BRI R . SCER
(5174 H — Ffr 32 T~ 0y ) 2 Jily b H 1 2 H A s AL 27
2] (top-Q multi-objective reinforcement learning,
TOPQ-MORL) & BE A4 1l S, 1% SRS R 2 1
T S 22 2 BB A 47 1] 1% E PPAN s v 4 W ) 2 il Ry
K, SEHL T 2 o FE AR o M e s v L I ) RUBE
B AV

gi b, A 5 ) 0 A R ] A, RL.
DRL % N T4 AN K EGR IR B M,
P, L R 2 42 ) S (A R RE R R T 3 o B B AR M
BRI FAME . RAOCRG AL 35 8R4 SR BE
FARE RS, W SRIN VSG i Sng 5 7 A 2 Ag U
RV FAOCACTR B, 3R T 3R 4 145 IR & S8
H5ESMERE, BiRBIESHENRE. &6
PR, A3 4 o) LA I R QAN e U R e S R T
DA, Jd5d sk o >3 AT LA T T L R0 D AR
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HL Y TR) BRCVE PRI BE 0, SEILSE N RIS . T EERY
LB
2.5 BHEH

AR AN AL T Z0 21T P 2R A R
SRR, 30 T SR A K 1) A2 A 35 RN £E 1) R
R B S SR NS S B L ) R G AR 2 AR
AR B AVEAL, AL HE A R . B
BHAT B IR o BERAL 22 ST REE JE L BN A
RS AN SEIS TR AL, & ST X s AT RS
PN SRR T o T8 545 B A 0 2% A S I T
BERAEMEM, 84T R A] DUFR 2L ) F B
W, SIS R I v T E 22 4 U R R Rl A
Wa) S, 5, AT DA S 2R T S N A A g ) AR Y
SN TN e S RV N = B R Qe B e~
el PSR N ST 7.

SCHR[52]4 1 — b TR B iR Ak 5 = 1) R
B % # vE N I 5 (false data injection attacks,
FDIAs)RLI 7715, fiok 7 B A0 2% ST R0 7 v
R A RS2 AN B8 KE 1 1) ) @ . 12 7 VR AE oA
R PR FE n Ak 25 ST R SR R i it B3 hn 1 — i
BEIPLE], PR BURSHFE, AR EHACER
PERIAT X 231, AT S0 1 5k 2 I RE SR, A
AE S PR S VR A A T oy . SCHR[S31E T I H
W 2% 55 T A0 PR AL I SR S R OLH . SIN T Bk
T EE R TR A, PR TR T R ST
Kt e 5k, el 7B RkaEw A 1. 2
Hi I A TG 1) AR AR B AR, £ TR AL
RGNS AR 1o SCHR[5418 5 4k 5 >
IR AL A, $RH T — M AT MADDPG
WG RN AR A Ik, TR
FEL PO Y 22 4 25 358 (security situational awareness,
SSA). ZHEIER I KIE T LGRS, A
WG 1 M) = Bl R B K 7 ) F ) 2 i
M2 E SSAE 4k, DL R AE BAL 6 1 1R (1)
B, LA T R G RE RS TR I8 AT Ik AR S
W RS R, 7R B R AR T E 3R 5 I U W
TELE Y, RN E S, XHR TR R
GRS EIBAT, J B BE L R AL AT B SE
R

gi b, aRAl S SRR BN AR B

RN E PEADS BUPE Y, oG A T R R
WO 22 A A BN JT T o 5RAL 2 2 SC A
SRR, BERGLE 2 A AL 1 T R G0 S8
Bl AR ORy SEms, Rl (et B AR R e ol ) AR
BEAh, BB AR B AT DL RO R AN A
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