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Review and prospect on artificial intelligence application in power system
power flow calculation
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Abstract: The new-generation artificial intelligence technologies, represented by deep learning, provided new opportunities for the
digital and intelligent operation of new power systems. To deepen the understanding of the application of artificial intelligence in
complex power flow calculation problems, the review and prospect of research in relevant fields were presented. Based on the current
development status of the new-generation artificial intelligence technologies and grounded in power flow calculation with various
scenarios, the traditional methods were summarized and the research progress of artificial intelligence techniques in power flow

calculation was reviewed. The urgent challenges were analyzed and future research directions were envisioned to provide references
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for further applications of artificial intelligence technologies in the field of power flow calculation.

Keywords: power flow calculation; artificial intelligence; deep learning; digital and intelligent operation; new power systems
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JEAHL RGO AR T O R T
W) & 5 72 48 F 3 F 42 1 9 AL 4% 2% 2 ( machine
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PRI , Xk LA 0 R, ) 28 495 1 bR sk A 1 R oG B it
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% T S b g T B A2 2 ) B T R
Ges R AN]SR, DL I o a7 R B R W 4%
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DL & FHAIL &% 2% 21 & 8 1 o (R A 5% 43 32, FLARE
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22 AR ARL M R OC Rl A AR Z RRETE
BRI G 1 1 )22 R 3 A 8 PR S0 SORRAE , DA & A
BRI AR IE SR Y . 51550 E 4
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K X I Y i £ o ARIAISEL
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BOHEH Y222 % DL A2 2 HILAZ O 02 38 1o I 4K
XS RIS X LY Z IR,

26 FHR 43 DL AR B 2 DL LR A% 00 A5 7R 37 Az Tfi
>k, F E AL FEUE R M4 MW 4% (recurrent neural
network, RNN) &1 25/ 4% ( convolutional neural
networks, CNN ). & #f & ™ %% ( graph neural
network, GNN) . ¥ J& 15 & M %% ( deep belief
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Fig.1 Typical structure of deep learning models
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Table 1 Derivative models for deep learning
DL & %! firHE ARl kR L]
SRNN!'* PEIR 22 U] Fr )= gk )2 AT BERUA TN
RNN GRU'™ EETAEHN] KM OC R AR R T, S8 D
Attention RNN"/ Bl AER I HLH] K75 AR e S
LSTM! CICETT TR SR R SR R BE T Ok
VGGNet 3x3 B T M2 451 RIS AE J1 iz Ak fig T
ResNet' > B 25 T SEARL AR ORI I X 24 TR 1 SRS P AT
CNN DenseNet!* ol SSUE v A B sh AR L 5
GoogLeNet!* Inception 4544 4 )&y F- 243t 1k R AR R AL, AT R
& 1IF £k Mk BT ( rectified linear unit, ReLU) . - R .
[26] ’ b RF ) 2 B IR Y
AlexNet!* Y R Dropout 1E Ik SRR RV G, BT R R A R
GAN! EIPNES-wiLi N RFERA SRR 11 R
GNN  GraphSAGE'™ LR E BT 4 o 45 4 e
GCN'! REE SEIAA 1Y 15
RDBN B2 2 s |G IH 2548 A& 10 F0 S ]2 > iR
DBN SDBN'*"! BRM & 5] AR B2 WD TR AR B AR i A AL B
TL-GDBN'*! IR > Fsf i ) 25 SR ARG B SRR
SAE! PR R B AR BRI BARFREL N RS ERE ) iR
AE VAE!* LR 2 A28 R A A 2 )RRV AE ST
CAE"™’ e RE A E N Ak 55 PRSP S s | 5 M Pk ik
DAE!*! A S I S Yo M R AT )

T ¢ T B PR 25 ) 2% ( simple recurrent neural network, SRNN) | [ T34 3 BAJC ( gated recurrent unit, GRU) & LTI
#2224 (attention-based recurrent neural network, Attention RNN) 4G #101Z (long short-term memory, LSTM) fi5 JL{]
ZH M 2% (visual geometry group network, VGGNet) 5822 M %% ( residual network, ResNet) %545 1% 1545 FL R 4% ( densely connected
convolutional networks, DenseNet) 7K #1147 P 2% ( Google inception network, GoogLeNet) MV Jj 51 4% ( AlexNet) | &7 5
%% ( graph attention network, GAN) . [&| 5k # 5 % & ( graph sample and aggregate, GraphSAGE) . [&| % £’ 2% ( graph
convolutional network, GCN) 3% FR¥RJE (5 2 M %% (restricted deep belief network, RDBN) i B 8 15 /& W 4% ( sparse deep belief
network, SDBN) T % 2% > 73 4H IR JE {5 7% M 4% (transfer learning grouped deep belief network, TL-GDBN) & [ 4 5 #%
(stacked autoencoder, SAE) ZF43 H 4mfid#s ( variational autoencoder, VAE) . #:F! H 4% #% ( convolutional autoencoder, CAE) |
M i 2% ( denoising autoencoder, DAE)
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24 RBM £ )2 2% 2 i A5 B = B RRAE, 2E
WOE 4 R AE % . DBN R FH 6 W B2 )
FEE 22 AT 55, oW 27 > P ) DBN 3 i 2% )
B o A AT R AR R I, W B 2% 2] i i DBN A AE
S N SR B i Ak 1 28 I 2 B AR in sl ik
TR He v O 25 SR AR 1

AE 1R TG W B 22 ) 45 A R0 | LA &5 44 Hh
N2 Gt as g 2 A8 Y A2 R R

B ; gt i B Dt s S0 Bl S ) U 4 B RR A 5 (]
SR 2R R IR 25 T 114 2% 7 E T e S [l i s 5 80 5
[F] , 360 o ) X 25 2 51 o ) 132 22 3K B e/, AR
FHE AFRIE R B LA 2 R P AE REfE X i A
5 BT RAR 2 2 AT RRAE 4 JBC T A 0 AR A5
1B, AR bR 12 B BV AT 27 ) B0 B RRE R, T
1738 T BAEREYE SRR FRIUCRES B T 4 2k

1.2 &{EE3

RL & ML BB Z —, B TEMRIRE
REAAANa] 3 i 5 2R 858 22 B2 2T B LR, LAk 31
KAk IR sl S BLRS RE H AR ] RL A% 0
SRR A AL, G H ] S R AT R e O i R
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Fig.2 Learning mechanism of reinforcement learning
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PREHY RL AIEE TSRS Y RL, T 2504 2
7R o BB R AFE THE R R RL S0E R IRE O M
4% (deep Q-network, DQN) % . DQN %5 & O-
Learning 1 DNN, #.0> L AE 2 ] | DNN &3 Q oRi
K, i i kAU M 4 SR O pRBU IE 1T K
FEMO D MBS TF AL S Q-Learning, DQN Mk 22 4b
TET 5 IA H bR R 28 F 22 5 R ALH . DON 51 A —
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Table 2 Main algorithms of reinforcement learning

RL 257 RS AL e

DQN' Ze U A BRI - DAL R PR P RS
D3QN"#! %54 Double DQN Al Dueling DQN O PRECTAN MR M

FETE PREL RL Dueling DQN'# ANTRME PR A AR BRAS RN S /R e P O BT HER T
Double DQN'*! Hiw O sRECR FUM 2% 4544 G O (HAT Ak TR
DRQN'* 51 RNN #5377 FIK 06 & A B B FOFER 43 7T 0 A 55
TD3!*! LA 24 O PREML | FE 31 5 s T i O (Al TR
SAC!*! FUA SRR AR i S AR TR Jrk

\ TRPO'*" FIAEFERLR R s B

HTRBBZIRL e SRR AT sk S T B R
DDPG ' (fﬁfﬁfﬂ% Aéﬁfi@g‘gﬁ“’ﬁ“ BOER iy vt s s
A3CH AT TAE S B ms fh 3 R AL T T B BION % S 3h 1 25 )

T T E R EE Q M 4% (dueling double deep Q-network, D3QN)  XF PLiREE O M 2% ( dueling deep Q-network, Dueling
DQN) SHEIEE Q M4 (double deep Q-network, Double DQN) IR EEH Q M %% (deep recurrent Q-network, DRQN) XU HER
TR 7 P SR W A6 B (twin delayed deep deterministic policy gradient, TD3) ZEM:ii 51 —PFi8 4 ( soft actor-critic, SAC) fF{Ti
REEHLAE (trust region policy optimization, TRPO) . ¥T ¥ifi 5 B )i 4k ( proximal policy optimization, PPO) 7 & #ff & P 3 W 466 8

(deep deterministic policy gradient, DDPG) 5% # i #4# &t i 5 (asynchronous advantage actor-critic, A3C) ,
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Fig.3 Training structure of DQN
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g(x,u)=0, (3)
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DRI, WA 4 FroR, s A7 R 2 E
PR ATAT A 38, 32 A7 S80S 17 1) 30 9t D7 e A 7 S R
fifp, ELili e R G A A SF AR A, R R
AR 5 R AR i (B — D A A
SR 2 04 DX, T T 2 1 O 1) AL, T e
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Fig.4 Operating space of power system

22 BEHRITHE

WHUE R T R R BR T R AS
BURBER, A5 R B AL ) Aok (R Bk SR
S5 Rt AT AR RE IR AR T KR, i ) 2R 4 i
ZAHE VESS S AN E M AT Y E AT
T RGAEATE SN T Wis 72 etk S v AT
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HE 35 i ( probabilistic power flow, PPF) J&—
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W R FHGETH 7 5 5K Ak 9 07 e, 75 ) DU AR 5

L RN 45 1 5 R TR B S S
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g(x,u,P,,Pg)=0, (4)
K, Py FPG 435I R BEAIL G A A L E 3R AR A
R PRBUN S 8 Ay b, 8 BE 51 AT AR
P PPF 25 OV Al R G0 1R AS A5 N 2000 B Al
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HHEEOLT , PPE J7 2 N 2 LU 20K BEfg 1T
SR 0 AL i RO R (R AR S E N T 2245,
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HL ) R GE R AN P B A S A R A A TR
23 mMBRITE

A (optimal power flow, OPF) &7E455E
HL I R SR G BT 38 3 O R 4 1)
A FREN LA 48 € AR SR R G R —
APEREFS bk H bR sR SR 2 A AT R A0
OPF {l1HL ) &G B 5 H A A VLR & 7E—i,
DA 7 B o kil AT & Tr e B R ek e m
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OPF 1E R tr 2R LAk [B) R, 3 ) A0 45 42
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BricA TR e W H A 45 8 B br R BB (E . OPF 1Y
G|

min [(x,u)

glx,u)=0 (5)
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HAT, % HA OPF H fr ok 450 3 2 22 55 1 L 36
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Table 3 Research summary of conventional power flow calculation
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GCN'® Al 7 30 AR ik IR LA
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Table 4 Research summary of probabilistic power flow calculation
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5 2 WA A K ST i SR s (I A S I R RS
PPO FEAEDRAF S N AN HR R A I AL T
KA B 4a %2 7 A5 LA b Sk 1 =A% B Fh 21k
() N=1 A% A 8%k  SCHR[ 86 il ik DDPG
AT 220 OPF B PGHUR i, WU AL+ 7
#4458 DDPG SIE(E pREL, I Zhod B h REAE 5 142
SRR R 2R AR A = 2 R B R AR A DA
SRe /NS R o P VAT BE SR, DR SIS B L ik A2
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Table 5 Research summary of optimal power flow calculation
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Fig.5 Research framework for deep learning in power flow calculation
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Fig.6 Research framework for reinforcement learning in power flow calculation
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Fig.7 Challenges and future focus of artificial intelligence in power flow calculation
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