Journal of System Simulation

Volume 30 | Issue 5 Article 5

1-3-2019

Prediction Model for Breakdown Voltage of Transformer Oil Based
on Relative Transformation and Kernel Principal Component
Analysis

Yinguo Xiong
School of Physical Science and Engineering, Yichun University, Yichun 336000, China;

Follow this and additional works at: https://dc-china-simulation.researchcommons.org/journal

b Part of the Artificial Intelligence and Robotics Commons, Computer Engineering Commons, Numerical
Analysis and Scientific Computing Commons, Operations Research, Systems Engineering and Industrial

Engineering Commons, and the Systems Science Commons

This Paper is brought to you for free and open access by Journal of System Simulation. It has been accepted for
inclusion in Journal of System Simulation by an authorized editor of Journal of System Simulation.


https://dc-china-simulation.researchcommons.org/journal
https://dc-china-simulation.researchcommons.org/journal/vol30
https://dc-china-simulation.researchcommons.org/journal/vol30/iss5
https://dc-china-simulation.researchcommons.org/journal/vol30/iss5/5
https://dc-china-simulation.researchcommons.org/journal?utm_source=dc-china-simulation.researchcommons.org%2Fjournal%2Fvol30%2Fiss5%2F5&utm_medium=PDF&utm_campaign=PDFCoverPages
https://network.bepress.com/hgg/discipline/143?utm_source=dc-china-simulation.researchcommons.org%2Fjournal%2Fvol30%2Fiss5%2F5&utm_medium=PDF&utm_campaign=PDFCoverPages
https://network.bepress.com/hgg/discipline/258?utm_source=dc-china-simulation.researchcommons.org%2Fjournal%2Fvol30%2Fiss5%2F5&utm_medium=PDF&utm_campaign=PDFCoverPages
https://network.bepress.com/hgg/discipline/147?utm_source=dc-china-simulation.researchcommons.org%2Fjournal%2Fvol30%2Fiss5%2F5&utm_medium=PDF&utm_campaign=PDFCoverPages
https://network.bepress.com/hgg/discipline/147?utm_source=dc-china-simulation.researchcommons.org%2Fjournal%2Fvol30%2Fiss5%2F5&utm_medium=PDF&utm_campaign=PDFCoverPages
https://network.bepress.com/hgg/discipline/305?utm_source=dc-china-simulation.researchcommons.org%2Fjournal%2Fvol30%2Fiss5%2F5&utm_medium=PDF&utm_campaign=PDFCoverPages
https://network.bepress.com/hgg/discipline/305?utm_source=dc-china-simulation.researchcommons.org%2Fjournal%2Fvol30%2Fiss5%2F5&utm_medium=PDF&utm_campaign=PDFCoverPages
https://network.bepress.com/hgg/discipline/1435?utm_source=dc-china-simulation.researchcommons.org%2Fjournal%2Fvol30%2Fiss5%2F5&utm_medium=PDF&utm_campaign=PDFCoverPages

Prediction Model for Breakdown Voltage of Transformer Oil Based on Relative
Transformation and Kernel Principal Component Analysis

Abstract

Abstract: Aiming at the difficulty of measuring the breakdown voltage of transformer oil on line, a new
prediction model for breakdown voltage of transformer oil is proposed based on relative transformation
(RT) and kernel principal component analysis (KPCA). By analyzing the factors that are closely related to
the breakdown voltage, the original data space is converted to the relative data space by relative
transformation to improve the distinguishability between data. KPCA is employed in the relative space for
the purpose of data dimension reduction, denoising and extracting nonlinear features. Kernel principal
components extracted by KPCA are used as the input of kernel extreme learning machine (KELM) to
establish the prediction model for breakdown voltage of transformer oil, and the parameters of prediction
model are optimized by differential evolution algorithm. Compared with RTKPCA-LSSVM, RTPCA-KELM
and RTPCA-LSSVM, the simulation results illustrate that the proposed prediction method has better
prediction precision and generalization ability.
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Abstract: Aiming at the difficulty of measuring the breakdown voltage of transformer oil on line, a new
prediction model for breakdown voltage of transformer oil is proposed based on relative transformation (RT)
and kernel principal component analysis (KPCA). By analyzing the factors that are closely related to the
breakdown voltage, the original data space is converted to the relative data space by relative transformation
to improve the distinguishability between data. KPCA is employed in the relative space for the purpose of
data dimension reduction, denoising and extracting nonlinear features. Kernel principal components
extracted by KPCA are used as the input of kernel extreme learning machine (KELM) to establish the
prediction model for breakdown voltage of transformer oil, and the parameters of prediction model are
optimized by differential evolution algorithm. Compared with RTKPCA-LSSVM, RTPCA-KELM and
RTPCA-LSSVM, the simulation results illustrate that the proposed prediction method has better prediction
precision and generalization ability.
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Tab. 1 Prediction results of various models

RTPCA-LSSVM RTPCA-KELM

RTKPCA-LSSVM RTKPCA-KELM

%¥1(16.74, 22.13, 140.01)  %:¥((660.47, 85.64, 7.27)

TMEKY AR R ZE%  POIME/KY AR ZE%  BOMEKRY AR % FOMERY  AHX R %

W EAE/KY ZH(1,14.20, 4.22) ZH( 1, 98.56, 7.79)
58 57.64 0.63 58.81 0.26
60 58.77 2.05 60.10 1.31
60 58.97 1.71 59.58 0.75
58 58.05 0.08 58.87 0.92
56 53.98 3.61 51.44 0.26
61 58.91 3.43 59.35 3.79
60 57.09 485 56.47 472
58 57.39 1.05 57.64 0.15

58.79 0.55 57.08 0.04
60.89 0.76 59.53 1.05
60.30 0.02 59.02 0.76
59.31 1.63 58.45 1.27
53.33 5.10 57.44 0.62
60.26 1.42 58.95 4.32
58.60 2.38 58.89 1.86
58.34 0.33 57.90 0.11

http: // www.china-simulation.com

Published by Journal of System Simulation, 2018

* 1661«



Journal of System Simulation, Vol. 30 [2018], Iss. 5, Art. 5

55 30 45 5 3 RGN A Vol. 30 No. 5
2018 45 Journal of System Simulation May, 2018
2 A RBURI IO L ANEL, VO 10 24 2 A1 4, BCHIRHEZ ) 4.32%.
Tab. 2 Comparison of prediction error . -
oy HBER RAA Eue 5.10%. 4.72%M1 4.85%, LWI{EX 4 Bk,
- TN BEM % RTKPCA-KELM Tl 4 i ke, FLAT o &b
TS—ZS/':/I- 4.85 218 15809 £, T RTPCA- LSSVM i 2%,
roea. 4] DE SEACBI BHINAHE, K 3
KELM 2 472% 152 L3458 g TSRO AR SUURIF ik G A TR 2 L 45 A
RTKPCA- T -3 92 0 13
LsstM 510% 152 12343 TSR, W, C, ef2”,27,.,2°,..,2%},
RTKPCA 4 A XGRS AR (P I e L. FHER 3
KELM ! 432% 125 10871 MZ 4 T, RAAE X HAIEE, RTKPCA-KELM,

28 1 fi1Zk 2 v )L, RTKPCA-KELM . RTKPCA-
LSSVM. RTPCA-KELM Fl RTPCA-LSSVM iX 4 F
BERY, S8R ZE RIS SRR 22 e A IR T J2 AN S
FEH Y RTKPCA-KELM #5777, 709k 1.0871
F11.25%. 5 RTPCA-KELM #1tk, RTKPCA-KELM
K H RTKPCA $& Ui 3= e A8 5 b RTPCA A% i
B AR MERFIE, B T TDRERE, ¥ 5 iRz
SEIARXT IR ZE S B FREAR T 19.22% A1 17.76%; 5
RTKPCA-LSSVM #I k., RTKPCA-KELM X Hi
KELM #tfi, FIH KELM kAL & 68 11,
WG T3 i S 25 5L, ST AR ZE RSP B AHDA
FEOHIBRAR T 11.93%F1 17.76%; 1fixftt RTPCA-
LSSVM, A SCHE H IR Pl i vk o Ak, 3005
AR ZERIP B AR 22 03 30l W 5 B AIK T 31.26%F11
42.66%. X 4 FIFIEARNRZERT 2% R AS

%3

RTKPCA-LSSVM , RTPCA-KELM #I RTPCA-
LSSVM IX 4 Flas s, ¥ 5 M5 22 s A 1 2
RTKPCA-KELM, Jj 1.2084, Lt RTPCA-KELM [%
ik T 18.38%. “F¥JAHXIRZEHMIE RTKPCA-
LSSVM, &y 1.47%, & RTPCA-LSSVM F#{K T
31.31%, [RIFFER T 3T RTKPCA FFAEHEHUN A
P o IAEAH R IE ST VR 44, H KELM
I3 7 iR 2 BHIK T LSSVM.

XTEER 2 Ak 4 LA, H] DE SRR
BRI AT NIUEVEIE AT SR, &R
RESTEAN IR EAS 24 m, RTKPCA- KELM,
RTKPCA-LSSVM, RTPCA-KELM, RTPCA-LSSVM
(1350 05 FRAR ZE IR BRIR T 10.04%, 7.28%, 9.10%,
5.60% . 554G 45 R R YT A SCHR T
RTKPCA 17 s disiohi 77 ik KELM Tl 52
AR EFEE, B TS Rz A RE T .

A S F VIR A5 PR R o000 45

Tab. 3 Prediction results of various models by cross validation method

RTPCA-LSSVM RTPCA-KELM RTKPCA-LSSVM RTKPCA-KELM
SRRV ZH(1, 2%, 2%) ZH(1, 25, 2") 424, 23, 25 ZH(2, 27, 2%

RN AR R 22 TAE RN bR RN TS RN

kv 1% IkV 1% kv 1% IkV 1%

58 57.85 0.27 58.29 0.51 57.73 0.46 57.76 0.42

60 58.85 1.91 59.71 0.48 59.95 0.08 59.03 1.62

60 59.13 1.45 59.79 0.35 59.78 0.37 59.41 0.98

58 58.02 0.04 58.90 1.55 58.58 1.00 58.47 0.81

56 54.47 2.74 57.30 2.33 52.75 5.80 55.22 1.40

61 58.50 4.11 58.17 4.63 60.32 1.12 58.57 3.99

60 56.63 5.62 57.39 4.35 58.37 2.71 58.11 3.15

58 57.42 1.00 58.19 0.32 58.14 0.23 58.00 0.00
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