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Study on QOil Temperature Prediction of Shunt Reactor Based on Feedback Constrained

Variational Mode Decomposition and Long Short-term Memory Neural Network

DING Wentao', DAN Shuheng', CHEN Haoyu', CAI Lichuan®
(1. College of Electrical Engineering, Shanghai University of Electric Power, Shanghai 200082, China; 2. State Grid Sichuan Electric
Power Company, Chengdu 610000, China)

Abstract: Shunt reactor is an important power equipment in the power grid. Accurate estimation of its oil tempera-
ture variation trend can provide an important basis for early fault monitoring and warning. An kind of oil temperature
prediction model of shunt reactor based on feedback - constrained variational mode decomposition (VMD) and long
short-term memory neural network (LSTM) is proposed. Firstly, the signal feedback constrains and weighted sample
entropy are used to optimize VMD decomposition number k& and penalty factors « to form a VMDFS decomposition
method, decompose the original oil temperature sequence of the shunt reactor into multiple sets of smooth sub-se-
quence so to eliminate the influence of the unsteady information. Then, the LSTM neural network prediction models
for each sub-sequence is set up and particle swarm is used to optimize the number of neurons. Finally, the predicted
oil temperature of each sub-sequence is superimposed to obtain the final estimated oil temperature of the shunt reac-
tor. It is proved through the analysis of the measurement data of a 220 kV shunt reactor at a substation that the pro-
posed model has such advantages as high accuracy, strong robustness and slow accumulation of errors in single-step
and multi-step estimation performance,and can effectively reflect to the oil temperature variation trend of shunt reac-
tor, as well as provide reference for its monitoring and early warning.

Key words: shunt reactor; oil temperature prediction; VMDFS; long short-term memory neural network (LSTM )
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Fig. 7 Single-step and multi-step prediction results of shunt reactor oil temperature 1 temperature
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Table 4 Performance comparison of multi-step prediction
o ‘ ) T
FURIUES 2 LD
VMDFS-LSTM VMDFS-SVM VMD-LSTM EEMD-LSTM LSTM  SVM
RMSE 0.359 0.422 0.361 0.482 0.575 0.797
25 4 2/20 min MAE 0.268 0.327 0.285 0.394 0.439  0.600
MAPE/% 0.473 0.595 0.503 0.696 0.784  1.127
RMSE 0.456 0.556 0.524 0.775 0906 1.184
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VMDFS-LSTM
—%— VMDFS-SVM I zﬁggé\%ﬂd
—©— VMD-LSTM $ VMD-LSTM
== HEMD-LSIN 3| { EEMD-LSTM
—— LSTM 5 LSTM
M
ke 9 | EsvM
13 = A
| it ) |
E R
1 4 8 12 24 36 40
A
(b) MAE



BF3E 5447

TICH, WRUNIE, PRIET, G5 TSSO SIS A LSTM I 4% B8 10K B AL it F 00 AT 5 *91 -

10
T
I
I

L

HELRIEARTN diR 24 i/ C

€1 €1 €1 €1 L

. {ﬁg? $5:]1i0_@;io_@®f\ RN
W ©

0F

«

B9 ZEZARTN L dIREBIHES HHEHNE

Fig. 9 Contrast of box-whisker plots for continuous

iterative prediction of 1 d absolute error distribution

FGK Bl 2B 7 FLAE RE Y B R 3R, T LA v 2
KRN VE B M SCHES BN A T5 05 Bl L bR
RO R BT I IR S A AR EE AT AR

SEM:

(1]

2]

[4]

v, BN, B/ R T 4 IR HR F T aS OGS R 25
(1] B RS A 311k ,2014,38(7): 127-135.

ZHENG Tao,ZHAO Yanjie. Overview of key techniques of
EHV/UHV controllable shunt reactor|J].
Electric Power Systems, 2014 ,38(7):127-135.

WoOB.m R PR T AR TR OB
U IR SNRFPERT S, H0 A d 5 oI, 2020, 41
(5):104-109.

DAI Feng, GAO Shuang, SONG Bo, et al.

vibration characteristic of dry-type air-core reactor based

Automation of

Study on

on finite element method[J].
Power Compensation, 2020,41(5): 104-109.
FoFEORE L R T U SEE R
Tilt 2 AR ) 70 A (D). FRL D LA RS 5 TR A S, 2019, 40
(6):73-78.

ZHOU Xiu, TIAN Tian, LUO Yan, et al.
heating problem of dry - type reactor earthing system and

Power Capacitor & Reactive

Analysis on

foundation[J]. Power Capacitor & Reactive Power
Compensation, 2019,40(6):73-78.

2 BT BUEAR. TR D i U B I 4
GEIEMREITT. = LAY, 2020, 56(5): 55-61.

LI Hao, YAN Nianping, JIA Zhidong.
moisture in dry - type air - core reactor package on its
insulation[J]. High Voltage Apparatus,2020,56(5):55-61.
WL AT B, E B A AR TR TR0 IR
HLPLAS R ARG S A il g o3 A FUARLD ). = TR HL 2%, 2019,
55(11):41-47.

CHU Fanwu, FU Ying, WANG Qi, et al. Distributions of

steady - state magnetic field and electromagnetic force of a

Influence of

(7]

9

[10]

[11]

[12]

dry - type air - core filter reactor under different operating
conditions[J]. High Voltage Apparatus, 2019, 55(11):
41-47.

Mro 85, 8A AT 2 AL R IR s O R
il J52 37 VY B LR i D3R 43 A (0] 5 T HL AR L 2020, 56
(1):87-95.

CHEN Jun, DAI Qiqi, YUAN Zhao, et al. Calculation in
temperature field of UHV oil-immersed air-core reactor and
analysis of influencing factors[J]. High Voltage Apparatus,
2020,56(1):87-95.

TR, i, w5 — il Re A i pT A o e
LRI [A) 4 S sh A7 22 0] ' 1 R G A Bk,
2019,43(24):165-170.

LI Weiliang, YANG Hongtao, HAN Shijie, et al. An inter-
turn protection and dynamic simulation test on pumped
windings of energy - extraction reactor[J]. Automation of
Electric Power Systems,2019,43(24):165-170.

5B, ELLR, XA, 45, 110 kV T30z IR B i T
A RS B B B B )], 5 TR L AR, 2022, 58(3):
186-193.

ZHANG Meng, WANG Hongyu, LIU Chengzhu, et al. Test
of seismic simulation bench for 110 kV dry-type air-core
shunt reactor[J]. High Voltage Apparatus, 2022, 58(3):
186-193.

RAE, BEE,E TF RTZYESE RS
F IR HL AR IR S P (1 EL AT 55 S e 5[], #e 0 A
B4, 2020,40(3): 122-127.

WU Shuyu, MA Hongzhong, JJIANG Ning, et al. Simulation
analysis and experimental research on vibration and noise
of UHV shunt reactor based on multi physical field coupling
[J]. Electric Power Automation Equipment, 2020, 40(3):
122-127.

TR, B, T/, S5 BT AR 2 S HLAN
Bootstrap 7772 B 748 He 25 1502 J i DRI ). = s Al
TRE2AHR,2017,37(19):5821-5828.

QI Xiaowu, LI Kejun, YU Xiaoyan, et al. Transformer top
oil temperature interval prediction based on kernel extreme
learning machine and Bootstrap method[J]. Proceedings of
the CSEE,2017,37(19):5821-5828.

NP LB W, R TR LA Y e
S 1] ik 1] 4 F 78 38 T2 9ot st T . o s HL g
2021,57(12):103-109.

LI Shiyong, XUE Jing, WU Mianzhi, et al. Prediction of
transformer top-oil temperature with the improved weighted
regression  based
High Voltage Apparatus, 2021, 57(12):

support  vector on particle swarm
optimization[J].
103-109.

WE R 550, 2T K-means BT iLFIAH{R
I B 8 45 o TR DT R s B s ait iR S0 ()], o 0 B s ki

,2021,41(6):213-219.



.92.

202542 A

Eudz

Folt 2

[13]

[14]

[16]

[17]

[18]

[19]

(20]

(21]

TAN Fenglei, CHEN Hao, HE Jiahong. Oil temperature
forecasting of UHV shunt reactor based on K - means
Electric Power
Automation Equipment,2021,41(6):213-219.

VG N G N S B 6 D pE I Bl S 7B
LAY 5 v TR O K L B A TUZ il 000 1), # R AR
2021,45(8):3314-3323.

TAN Fenglei, CHEN Hao, HE Jiahong. Prediction of UHV

shunt reactor top oil temperature based on optimal

clustering method and similar period[J].

segmentation and improved semi-physical model[J]. Power
System Technology,2021,45(8):3314-3323.

SHU Xiangbo, ZHANG Liyan, SUN Yunlian, et al. Host-
parasite: Graph LSTM - in - LSTM for group activity
recognition|J]. IEEE Transactions on Neural Networks and
Learning Systems,2021,32(2):663-674.

WANG Kai, ZHANG Hongru, WANG Xiaoyi. Prediction
method of transformer top oil temperature based on VMD
and GRU neural network[C])//2020 IEEE International
Conference on High Voltage Engineering and Application
(ICHVE). [S.1.]: IEEE, 2020: 1-4.

skOMSL I kLK R AR BT A/ N AR SRR
& 1A% 16 B 728 P g P o A ORI 5k . v
A,2021,45(9):3745-3754.

ZHANG Peng, QI Bo,ZHANG Ruoyu, et al. Dissolved gas
prediction in transformer oil based on empirical wavelet

transform and gradient boosting radial basis[J]. Power

System Technology,2021,45(9):3745-3754.

LIANG Yi, NIU Dongxiao, HONG W C. Short term load
forecasting based on feature extraction and improved
general regression neural network model[J]. Energy, 2019
(166):653-663.

AR UL K RS S TR M R AN 4R
AR BTN 25 190 265 19 72 TR ety v oA A T S R .
L EHIAR L2022, 48(2):653-660.

XIE Le, QIU Wei, LI Zhenwei, et al. Prediction model of
dissolved gas in transformer oil based on variational modal
decompo - sition and recurrent neural network with gated
recurrent unit[J]. High Voltage Engineering, 2022, 48(2):
653-660.

DING Can, ZHOU Yiyuan, DING Qingchang, et al. Inte-
grated carbon-capture-based low-carbon economic dispatch
of power systems based on EEMD-LSTM-SVR wind power
forecasting[J]. Energies,2022,5(15):644-650.
DRAGOMIRETSKIY K, ZOSSO D. Variational mode de-
composition[]J].
2014,62(3):531-544.

EORT &% 58, % LT VMD-DESN-MSGP £
TR R DGR T AT )] F R AR, 2020, 44(3) :
917-925.

WANG Su, JIANG Xin, ZENG Liang, et al. Ultra-short-

[EEE Transactions on Signal Processing,

[22]

23

|

term photovoltaic power prediction based on VMD-DESN -
MSGP model[]J]. Power System Technology, 2020, 44(3):
917-925.

fif  HLE LA B R TSR VMD 2
B Al R S B2 WoR 7 k(D). Ak sh 5 i, 2021, 40
(6): 184-189.

HE Yong, WANG Hong, GU Sui. New fault diagnosis
approach for bearings based on parameter optimized VMD
and genetic algorithm[J]. Journal of Vibration and Shock,
2021,40(6):184-189.

WANG Lishu, LIU Yanhui, LI Tianshu, et al. Short-term
PV power prediction based on optimized VMD and LSTM
[J]. IEEE Access,2020(8):165849-165862.

[24] BAZ, BHEIE, 50507 , . ST RS AR 7S 0 A

25

[26

28

[29

|

|

—

|

—

AL G R 2 8 5k )] AR 345 e i, 2019, 38(13):
268-273.

ZHAO Zhijin, HUANG Yanbo, QIANG Fangfang, et al.
Single channel blind source separation algorithm based on
feedback variational mode decomposition[]J]. Journal of
Vibration and Shock ,2019,38(13):268-273.

o F At E, IS, 45 BT VMD-FIG A2 AU AL
GRU F XUk 2228 X [l T[T, K PHAES1E, 2021, 42(10) -
237-242.

XIANG Ling, LI Jingxu, WANG Penghe, et al. Wind speed
multistep interval forecasting based on VMD-FIG and pa-
rameter - optimized GRU[J]. Acta Energiae Solaris Sinica,
2021,42(10):237-242.

B TRAEAR. ST REACR A AR BR 27 ST HLEY PM_
(2. Sy TR, Feit 5k ,2021,37(3): 166-171.
JIANG Feng, QIAO Yaqian. PM_(2.5) concentration predic-
tion based on sample entropy and optimized extreme learning
machine[]]. Statistics and Decision,2021,37(3):166-171.
FADLALLAH B, CHEN B, KEIL A, et al. Weighted -

permutation entropy: A complexity measure for time series

%

incorporating amplitude information[J]. Physical Review E,
2013,87(2):022911.

%9, ke, SR, 45 JE T ECBO-VMD-WKELM
P4 DR FEL Ty 23 S ) 22 A5 TR0 ], Pl AR L 2021, 45(8) ¢
3070-3078.

LI Qing, ZHANG Xinyan, MA Tianjiao, et al. Multi-step
ahead ultra-short term forecasting of wind power based on
ECBO-VMD-WKELM][J]. Power System Technology,2021,
45(8):3070-3078.

XU MG, VF A5k, 3 E 0, 5 T A0S K
TCIL Pl 22 10 4 ) A8 TR 48 T b Ve A AR B2 00 5 7
[J]. P AL T RE2441, 2019, 39(13):3998-4007.

LIU Yunpeng, XU Zigiang, DONG Wangying, et al.
Concentration prediction of dissolved gases in transformer

oil based on empirical mode decomposition and long short-

(F#:% 101 )



WF5E 554 XUFFE, A5 o, FRA MG, & REIR AL R IRE CT AT — U LR S A A 9T <101
University,2021. TG BT ,2014,30(4): 13-17.

[29] ¥ A S5, T AR ) RGUIRS AT
BT[N, Bepti /1,2017,45(1):51-56.
HUANG Shi, FENG Mengshuang. Research on power
system slate estimation algorithm considering nonlinearity
[J]. Shaanxi Electric Power,2017,45(1):51-56.

[30] Z=i e, T RME, Bharon, . R Zab 45 0 Ui M
PARFE]. TP E AU TR ,2012,23(9): 1051-1056.
LI Shilong, WANG Tianhui,MA Liyuan,et al. Study on two-
step damage detection methods of large and complex
structures|J]. China Mechanical Engineering, 2012, 23(9):
1051-1056.

[31] 234, R, FeTA7 518 5 By 2 1A Ledk
/N FTE )] VAN, 2004, 24(7): 22-24.
LI Haikui, WANG Xuefeng. Nonlinear least square
algorithm based on symbol calculation and trust region
method[J]. Journal of Computer Applications, 2004, 24(7):
22-24.

[32] M BH, B, . BT /N IR S R (5 sk
AR RS U S EIHN P R R I RS

(B35 92 W)
term memory neural networks[J]. Proceedings of the CSEE,
2019,39(13):3998-4007.

[30] #1 BRIk AT.HE VSR BETRENLE MBS A T
A EIBAER DR 2R S AL 7L 0] W ) A Sk
#%,2018,38(9):45-53.

HU Chen, ZHANG Zhu, JIAO Yang, et al. Error state
correlation analysis based on random matrix theory for
electronic transformer|J]. Electric Power Automation

Equipment,2018,38(9):45-53.

XIAO Yang, KANG Zhongjian, MA Xiaowei. Application
of the trust region algorithm based on the method of least
squares power guided in the identification of system
dynamic load parameter[J]. Advances of Power System &
Hydroelectric Engineering,2014,30(4):13-17.

SR IGE K i K ik TR R £ S A/ ARk D.
Fi L ST R, 2014,

ZHANG Xiaofei. Trust - region alternating least squares

133

—_

algorithm for tensor decomposition problems|[D]. Nanjing:

Nanjing Normal University,2014.

| F & (1994—), B, BB R TAF, ML, £ 2R
77 6] A P JE T 3 AR % 88 AL (E-mail : kail-kaiyu. liu@cn. abb.
com),

Mo R(1983—), 5, AR AL, M, £ XA
Ty AP R T B M AR AL (3 43 4 ) (B - mail: guang.
yang@cn. abb. com),

TXAH(1997—), B, AR A, BRI G HBEA
R A A 2R L BB B (G845 1F & )(E-mail : 1085606464@
qq. com),

FEARE(1969—), 0, #A L, T B R T @A LA
AL A R 5 B 4T AT A AR ALEE BT 5
4 (E-mail : danshuheng@shiep. edu. cn),





