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Table 2 Comparison of accuracy for TCN prediction
CO with and without CEEMDAN respectively

'f[pé'éMé%*ﬁgg e'mse/ emae/ Cm(,‘x/
(RL-L) (pLeL™) (pleL7)

TCN 1.55 2.16 6.28

CEEMDAN-TCN 1.01 1.53 5.54

Ryt B IR SC R IR M 1) TCN X 3 Ho 3 i
SRR T LAl RN, 6 B s fia] 5 270 3900
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Table 3 Parameter settings for LSTM and
BiLSTM neural networks
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Table 4 Comparison of prediction accuracy of different
neural networks for CO concentration with CEEMDAN
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28 W 25 ( MLL] ) HLL] ) ¢ |.l,LLl )
CEEMDAN-# 2 BiLSTM 1.18 1.95 11.29
CEEMDAN-X{JZ BiLSTM 1.17 1.62 5.81
CEEMDAN-#i 2 LSTM 1.05 1.71 8.63
CEEMDAN-¥{)Z LSTM 1.21 1.66 5.56
CEEMDAN-TCN 1.01 1.53 5.54
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Table 5 e, of dissolved gas in oil prediction
results of two transformers without CEEMDAN

e’ (RLL7H)
TCN  GRU  BiGRU [LSTM BiLSTM
H, 16.17 1175 1454 1430  12.37
B 2987 42.05 46.21 4539  43.27
co 2271 97.98 105.10 93.37  82.90
Co, 27.74  37.62  38.12 4470  38.43

iR Rl

T1

H, 14.22 14.92 14.85 14.11 13.87

) pey ey 15.26 18.31 20.98 17.38 17.83
T

(10} 26.65 24.31 25.47 2347  25.04

CO, 16.94 15.84 16.68 15.75 15.73

A CEEMDAN B, fifi fif TCN XJ 2 5728 e 8%
ST NG T e, A €, 3K 2 D IRZESE RS
AEROR B



& AH) ALK 198

*6 2 &T[ERFAK{ER CEEMDAN At
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Table 6 e, Of dissolved gas in oil prediction

results of two transformers without CEEMDAN

e’ (WL-L7H)
Ty M ; ;
TCN  GRU  BiGRU [ISTM BiLSTM
H, 1.18 0.87 1.04 1.05 0.92
N ey 2.03 2.70 2.95 2.91 2.79
! (0] 1.67 6.03 6.46 5.80 5.14
Co, 2.43 2.94 2.99 3.45 2.98
H, 0.82 0.82 0.84 0.80 0.80
ey 1.06 1.14 1.32 1.10 1.12
= co 1.74 1.61 1.66 1.58 1.65
Co, 1.03 1.00 1.03 0.99 0.99

ik — 201, X R4 SR CEEMDAN J5 (1)
IMF JE 77 W0, 45 Rk 7 f1% 8 fim. RH
CEEMDAN J5,2 648 4% E 25 3R 1Y e, F1 e,
1A, TCN T0INDAS B AH %5 F L H W0I B A 4 B I
BT, TN 25 St BH A T I AR 1 i 8 R 45
®7 2 ATEEER CEEMDAN &Sk
BE 6. FNER

Table 7 e, of dissolved gas in oil prediction
results of two transformers with CEEMDAN
e’ (pLL7h)
Ty S ; ;
TCN GRU BiGRU 1STM BilSTM
H, 7.04 1238 12.82 1135  13.60
N ey 8.54 9.26 9.66 8.46 8.56
! co 18.21  31.02 40.85 31.94  30.64
CO, 25.66 3506 36.87 30.90 34.64
H, 1125 1522 1425 13.13  14.00
ey 9.09 11.61 1221 12.89 12.22
= (o00) 20.04 33.83  35.18 34.53  34.46
CO, 12.55 1321 1428 1232 15.87
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Speed observation of linear induction motor based on extended Kalman filter
HOU Xinguo, TU Xuan, ZHAO Jinghong, MA Yuanzheng, LUO Xiangyu
(Electrical Engineering School ,Naval University of Engineering, Wuhan 430033, China)

Abstract : In order to solve the problem of lacking velocity feedback information in the velocity closed-loop control system for
linear induction motors (LIM) after cancelling the velocity sensor,a velocity observer based on the extended Kalman filtering
algorithm has been implemented, considering the end edge effect of LIM. Firstly, based on the mathematical model of three-
phase linear induction motor considering edge effect,an extended Kalman filter observer with appropriate gain and covariance
update matrix is derived. Based on the vector control system of LIM,the speed parameters identified by the observer are fed
back to the speed closed-loop system. Then,the vector control system model of linear induction motor with speed observer is
built in Simulink,and the identification speed of observer is compared with the actual speed of motor. Finally,the results show
that the closed-loop control using the identification speed can ensure the stable operation of the system. Under three kinds of
loads , the error between the predicted speed and the actual speed of the observer is form 0.51% to 2.34%. The various dynamic
performance of the system reveals that the LIM vector control system based on the extended Kalman filter observer increases
prediction velocity error and decreases thrust error with increasing load. However, the magnetic flux amplitude error slightly
increases. Therefore , considering the end-edge effect,the observer based on the extended Kalman filter can replace the velocity
sensor to achieve three-phase LIM control under both unloaded and loaded conditions.

Keywords : linear induction motor ( LIM ) ; edge effect; extended Kalman filters; vector control; speed observation; first-order

euler linearization
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Prediction of concentration for dissolved gas in oil based on CEEMDAN and TCN
ZHANG Wengian', LIU Jinfeng', JIANG Jun', ZHAO Xufeng®, FAN Lidong’
(1. Nanjing University of Aeronautics and Astronautics ( Jiangsu Key Laboratory of New Energy Generation
and Power Conversion) ,Nanjing 211106, China;2. College of Economics and Management,
Nanjing University of Aeronautics and Astronautics,Nanjing 211106, China;

3. Hangzhou Qiantang River Electric Group Co.,Ltd.,Hangzhou 311243, China)
Abstract ; Accurately predicting the concentration trend of dissolved gas in oil has a positive effect on the evaluation of
transformer status and life assessment. In order to improve the accuracy of dissolved gas in oil prediction,a dissolved gas in oil
prediction method based on complete ensemble empirical mode decomposition with adaptive noise ( CEEMDAN) and time
convolution network ( TCN) is proposed in this paper. Firstly, the CEEMDAN method is used to decompose the original
sequence of dissolved gas in oil into multiple intrinsic mode functions ( IMFs ) , separating the stable and unstable IMFs.
Secondly, TCN are established for IMFs,then predictions based on these trained TCNs are made. Finally,the prediction results
of IMFs are overlaid to reconstruct the prediction results of the original sequence. Analysis in this paper shows that the root
mean square error, mean absolute error and maximum error of the prediction method are 1.01 pL/L,1.53 pL/L,5.54 pl/L
respectively ,which are reduced by 53.47% ,41.18% ,13.36% compared to the case without using the CEEMDAN. When using
CEEMDAN , the three errors are the smallest compared to commonly used recurrent neural networks. The proposed dissolved gas
in oil prediction method has higher prediction accuracy and can provide more effective support for condition based maintenance
strategy.
Keywords : dissolved gas in oil; transformer; complete ensemble empirical mode decomposition with adaptive noise

(CEEMDAN) ;time convolution network (TCN) ;time series forecasting ; condition based maintenance
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