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Fig.1 Model migration process
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Fig.2 Flow chart of state estimation for deep
transfer learning
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Table 1 Estimation results for different number of
convolution layers

B BUR K (R (ERECRO R b ECP O R Al vt/
2%/10* %/10* ] /s ms
1 20.875 18.635 0.262 4 11.19
2 3.241 4.258 0.278 1 12.92
3 10.358 9.667 0.297 2 13.54
4 11.235 12.419 0.308 5 15.23
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Table 2 Estimation results for different number of
frozen layers
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1 4.416 5.176 0.321 11.86
2 4.317 3.645 0.324 11.54
3 3.729 2.985 0.289 11.69
4 2.891 2.356 0.259 11.32
5 4.327 4.454 0.275 12.91
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Table 3 Comparison of state estimation errors for
IEEE118-bus system
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Table 4 Comparison of state estimation accuracy of
actual provincial grid in different methods

e e K 2 R R 25 4 (H
CREE AN — -
/10 /1077
WLS 7.346 2 6.334 8
WLAV 5.167 6 5.867 1
DNN 677.540 0 386.910 0
ARSIk 2.730 4 2.016 8

SRS TIORG BB H AL B8y T B v o Y A E R R (A
B K 4 W 1R 25 B WLS f1 WLAV 4» 5l & T
62.8% M1 41.2% 5 2 [ HH F 25 1 fie R 46 X (B 1R 25 8
WLS F1 WLAV 43l $2 & 1 68.6 % 1 65.6% . A
U, AR SO AR SE PR R G0 rh B B R

T BE L S B A N AR AR R IR A
HL A 1 AR A, R SCOR S B 1 o T R kA7 4
JEIN .

P 5 o B4 g e I8 2 A SR B0 s 3 1 A8 Ak i
Je BB s T R AR . NE T LA L R SR
FEAE SR B 1), HL S I T R A A 1RG4 76 B S 1)
TR

561

w
Ny
T

o
()
T

b
o
T

B
o

S E ST IR pou.

b
=N

A [A]

>
IS

5 10 15 20 25 30
W ik
(a) HIAT IR
1.585

- fiit
- HH

—_
W
[
(=]

o

1.575 ¢

TP p.u.

1.570 +

iy

S

1.565 PN N
TR DX i)

1.560 I I I I I )
0 5 10 15 20 25 30
WAl
(b) KBTI

5 SERRE RN AT G B SRR T 2 i 2%
Fig.5 Branch power curves before and after actual
provincial grid topology changes

T I B 2y A 109 ~70% B3R B8
AR ARG TG B DL B 5% C B/l C 3,
3.4 fHitHEIFLE

18 G IR FS Ak 87 1R 6 AR T B 2 35 1 o EL R

http : //www.aeps-info.com 53



2021, 45(24)

Wk AR ok TR A . %7 1k % R G BB R e
K, TS KA R RSB R B
B TR0 R SR S A T A BRI B2 R 4
FILAE R A K, E 2k B B 2 &R G0 MR B ) 4K
AN DRI, A SCHR I A 3 TR B AT RS 2 T IR S A
5 ¥ ASARE I IR A Al T B b A SRt mT L
T LS P R

2 50 LLE B % 2 G0 MBI K, 16 58 i
DR SfbR 25 Al 155 2k T B [ 32 28 G0 M52 i 44
B . U HRTE KRG Fisfr WLAV B A5 ik
L 20 AR X Tl J R S A T A R 0 FH A S R R L (H
A [] BUAE A 25 g TR 45 SR O B, AR SCH B B R 2R
8RR R 7E — BN AR AR Z R G M
BRI o 7F 52 PR A G H I 1% B34 ) 03 e, AR
ST IE TR RCR AL G 0 WLS Fl WLAV 43 #2
F+T6.23% A171.05%.

£5 SMEFHRSHITRE

Table 5 Efficiency of state estimation for
various algorithms

e — U T8 A T I ]/

MR 2R BE -
WLS WLAV AR
IEEE 14 0.0018 0.003 4 0.0125
IEEE 118 0.006 1 0.019 2 0.0129
IEEE 2383 0.154 2 1.207 7 0.014 2
FB Gl
0.084 3 0.8332 0.014 3
(W7 14632 1%)
HB YR M
0.088 7 0.8756 0.014 4
(W7 2 4 % ) 7
F G
0.089 1 1.023 1 0.014 4
(Wr 3 462 8%)
4 Z5iE

TGS 1 4 D B A8 5 ORI 9K B R A A TR L Al 3
PERBRC 2E BRI , AR SCHRE S T 36 FIR T B 2% 2T 1)
ARSI 2, o 7 B 52 Bz 47 0k 2 P 4 b
A A T B0 EHE B B Ak T #S R v R ) il g
IEEE FrifE 5 G0 F1 5 S0 PR I i ik, 75 4 DU
45t .

1) 3 F U B A2 B8 2 2] AT R DB Fh 22 1]
PR ST B , 45 T BOHE 9K Bk S A TR Y v 4k
PERE .

2) A S I B MR RS BG4 DL R BB DK B
77 3, Al LA e R R H IR S A i B e e AN S
A P R

VARSI W S AE AR AN A AT —E R Rl
SR P S A A N D B R AR YA LT SR AT AR

54

A%, Ja 8] AT 5 2% 07 15 A8 DO R0 B35 00 1 8
AR AL T o

Bt 5% T 28 1) X 48 AR (http : //www.aeps-info.com/
aeps/ch/index.aspx) , AT X E fg 475 7] L[] 15
M43,

2 % x o

(1] TR ) RGUREAG T IM ] AE 5T v B R F ) R,
1985.

YU Erkeng. Power system state estimation[ M ]. Beijing: China
Water & Power Press, 1985.

[2] BARAN M E, ABUR A. Power system state estimation [ M ].
New York, USA: John Wiley & Sons Inc, 1999.

(3] Z= 5000 0% O Wk L SR 30, 45 . ol ) 2R R RS A o 1) AL i F 5 B
ARFEE[T]. R R GEH Sk, 1998,22(11) : 53-60.

LI Bijun, XUE Yusheng, GU Jinwen, et al. Status quo and
prospect of power system state estimation [J]. Automation of
Electric Power Systems, 1998, 22(11): 53-60.

[4] SCHWEPPE F C. Power system static-state estimation —Part
Il : implementation [J]. IEEE Transactions on Power
Apparatus and Systems, 1970, 89(1): 130-135.

[5] BIAN X M, LI X R, CHEN H M, et al. Joint estimation of
state and parameter with synchrophasors Part [ : state tracking
[J]. IEEE Transactions on Power Systems, 2011, 26 (3) :
1196-1208.

[6] BIAN X M, LI X R, CHEN H M, et al. Joint estimation of
state and parameter with synchrophasors Part [ : state tracking
[J]. IEEE Transactions on Power Systems, 2011, 26 (3) :
1196-1208.

(7] Rt , itk — b X2k M 22 R A AL T 1 [T ] i D R 4E A 3l

f£,2015,39(6) : 41-47.

CHEN Yanbo, MA Jin. A bilinear robust state estimation

method for power systems [J]. Automation of Electric Power

Systems, 2015, 39(6): 41-47.

GARANAYAK P, PANDA G. An adaptive linear neural

network with least mean M-estimate weight updating rule

—
o
[}

employed for harmonics identification and power quality
monitoring [J]. Transactions of the Institute of Measurement
and Control, 2018, 40(6): 1936-1949.

(9] =M ok, i &, B0 ), 45 B 1 1) 4% 105 20 SR o i 48 I 45 N

Huber-M i & ¥ - /R S 8 % @l 05 125 B9 #L B 1 Ha v iy R 25
R[], i T AR R, 2020, 35(9) : 2051-2062.
LI Chaoran, XIAO Fei, FAN Yaxiang, et al. A hybrid approach
to lithium-ion battery SOC estimation based on recurrent neural
network with gated recurrent unit and Huber-M robust Kalman
filter [J]. Transactions of China Electrotechnical Society, 2020,
35(9): 2051-2062.

[10] SR, oA W], 52 30 L . 48 08 F AR eR B ) R e bt 22 IR A
T M 5 5 e 2 A (D], P A BL T A 4R, 2011, 31(7)
89-95.

GUO Ye, ZHANG Boming, WU Wenchuan. Solution and



performance analysis to a robust state estimation method with
exponential objective function [J]. Proceedings of the CSEE,
2011, 31(7): 89-95.

X7 — HAT e, A T IR SR A R A AR G S
25Oy HT LT 2 [T ] TR 2241, 2020, 35(11) : 2339-2348
LIU Guangyi, DAI Renchang, LU Yi, et al. Graph computing

—
—
—

[

based power network analysis applications [J]. Transactions of
China Electrotechnical Society, 2020, 35(11): 2339-2348.

(127 JA 2 p, B A, L0 B, 4 . VR 2% o) 6% A vl 199 v A1) o7 R
RIS LT B R4 A Fik, 2019,43(4) : 180-191.
ZHOU Niancheng, LIAO Jianquan, WANG Qianggang, et al.
Analysis and prospect of deep learning application in smart grid
[T]. Automation of Electric Power Systems, 2019, 43 (4) :
180-191.

[13] 25 AR M, B 2K 2T PSO-ELM (¥ fiff RE 44 1R b 77 FEL AR
BAESLT] 8 TR ER,2020,39(1) : 165-169.
MIAO Jiasen, CHENG Limin, LYU Hongshui. Estimation of
state of charge of energy storage lithium battery based on PSO-
ELM [J]. Electric Power Engineering Technology, 2020, 39
(1): 165-169.

[14] BEE TS, B R . &5 T4 28 W 46 1 RS A T 7 i gt [T,

WL RGeS, 2018,46(22) 1 109-115

ZHAO Weiyue, JIN Song, LYU Tiancheng. Research on state

estimation based on artificial neural networks[J]. Power System

Protection and Control, 2018, 46(22): 109-115.

WO PN S, TR AR, A Ik il 2 9 8% Dy ) A A

B vh ) = AR S A D] 0 R GE A Sk, 2016,40(16)

38-43.

HUANG Manyun, SUN Guoqiang, WEI Zhinong, et al.

[15

—

Three-phase state estimation in distribution systems based on
pseudo measurement modeling using spiking neural network[J].
Automation of Electric Power Systems, 2016, 40(16): 38-43.

[16] ZAMZAM A S, FU X, SIDIROPOULOS N D. Data-driven
learning-based optimization for distribution system state
estimation [ J]. TEEE Transactions on Power Systems, 2019,
34(6): 4796-4805.

[17] WENG Y, NEGI R, FALOUTSOS C, et al. Robust data-
driven state estimation for smart grid[J]. IEEE Transactions on
Smart Grid, 2017, 8(4): 1956-1967.

[18] YU J F, WENG Y, RAJAGOPAL R. PaToPaEM: a data-
driven parameter and topology joint estimation framework for
time-varying system in distribution grids [J]. IEEE
Transactions on Power Systems, 2019, 34(3): 1682-1692.

[19]1J1 X Q, YIN ZY, ZHANG Y M, et al. Real-time robust
forecasting-aided state estimation of power system based on
data-driven models [J]. International Journal of Electrical
Power &. Energy Systems, 2021, 125: 106412.

[20] Jr i, 52/ 26 R0 AR R, 45 ol A IR 2 M DI R il e e 2 i
(7] RGO I 515, 2020, 48(23) : 176-186.

FANG Jing, PENG Xiaosheng, LIU Taiwei, et al.
Development trend and application prospects of big data-based

condition monitoring of power apparatus [J]. Power System

FRIEAE S TR BT AR ) (IR AR N R L ) RGOS A T

Protection and Control, 2020, 48(23): 176-186.

[21] BER, T REHR, 5 — NN TR AR T R 5 H
IR AT R RHIER T ] ) R 88 A 8k, 2020,44(24) : 1-10.
ZHAO Jinquan, XIA Xue, XU Chunlei, et al. Review on
application of new generation artificial intelligence technology in
power system dispatching and operation [J]. Automation of
Electric Power Systems, 2020, 44(24): 1-10.

[22] BEIRUE A2 i, Sk 2000, 45 HLG % I TERE IR 5 10 1 RGeS Y
S AR BELT]. T R 4 A B4k, 2019,43(1) 1 15-31.
CHENG Lefeng, YU Tao, ZHANG Xiaoshun, et al. Machine
learning for energy and electric power systems: state of the art
and prospects [J]. Automation of Electric Power Systems,
2019, 43(1): 15-31.

[23] B, XA IR, il A TR BETE L I R GG RBIH R 4L
TR IR [T]. iy R GE A Bk, 2019,43(1) :2-14
YANG Ting, ZHAO Liyuan, WANG Chengshan. Review on
application of artificial intelligence in power system and
integrated energy system [J]. Automation of Electric Power
Systems, 2019, 43(1): 2-14.

(241 ¥, R B RE Ty, 55 5 T et 4 8 45 S RER S A Ty vl
WIS Wy ik [T ) RGO S 1], 2021,49(2) :89-97.
XIAO Fei, YE Kang, DENG Xiangli, et al. A fault diagnosis
method of a power grid based on an optimal coding set and
intelligent state estimation [J]. Power System Protection and
Control, 2021, 49(2): 89-97.

[25] WANG C, CHEN D L, CHEN J W, et al. Deep regression
adaptation networks with model-based transfer learning for
dynamic load identification in the frequency domain [J].
Engineering Applications of Artificial Intelligence, 2021, 102:
104244.

[26] REN C, XU Y. Transfer learning-based power system online
dynamic security assessment: using one model to assess many
unlearned faults [J]. TEEE Transactions on Power Systems,
2020, 35(1): 821-824.

[27] E35 AT, A SC, 48 T IR 155 AR 28 190 265 64 22 S L T
i LR RIS (D] B ) R A Bi4E, 2020,44(12) 1 84-92
WANG Hao, YANG Dongsheng, ZHOU Bowen, et al. Fault
diagnosis of multi-terminal HVDC transmission line based on
parallel convolutional neural network[J]. Automation of Electric

Power Systems, 2020, 44(12): 84-92.

R (1986—), B @454 & W 4, 8l Hug , M A F
VL ERFRT @ RN RAIR B EFOM ATHEE S
A & %P 69 8 A . E-mail:zanghaixiang @hhu.edu.cn

B (1998—), B, M AT R A, £ ZAF 5 7 ¥ : A IR
FH K &4F . E-mail:657800307@qq.com

FEF1991—), &, BIF, ERH L A BEK
L ARSEH PR ERERAS S AL, Emal
hmy hhu@yeah.net

(4%E Mhrid)

http : //www.aeps-info.com 55



2021, 45(24) c EARAHR -

State Estimation for Power Systems with Time-varying Topology Based on Deep Transfer Learning

ZANG Haixiang, GUO Jingwei, HUANG Manyun, WEI Zhinong, SUN Guogiang, YU Wenshuai
(College of Energy and Electrical Engineering, Hohai University, Nanjing 211100, China)

Abstract: A data-driven state estimation method based on deep transfer learning is proposed for the situation that the data-driven
state estimator is not available due to the real-time change of power system topology. The model obtained by training the massive
historical data of the original topology is used as the base model. When the new topology is updated with real-time measurement
data, the weights and parameters of the feature extraction layer in the base model are loaded and saved. Only fully connected layers
of the model need to be fine-tuned to obtain a neural network adapted to the new topology, which improves the adaptiveness and
generalization performance of the data-driven state estimation model. The estimation results are tested by arithmetic cases on the
IEEE standard system and an actual provincial power grid of China, and compared with the weighted least squares method and
weighted least absolute value method. The results show that the algorithm has better estimation performance and estimation
efficiency compared with the above two physical algorithms when topological time-variability is considered.
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