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Fig.1 The flow chart of features selection

2 ET MIC HyHHEE R

ARG T 2 F5r 18R, 56—k
I 19 T V) A v VL o A i e A e B Y
LR , 4L 14 & 899 Z5%uHie 5 56— 4 ¥
B 1 WV P DO B A 11 I A s 25 PR T B 3
BT 24 530531 50800 1 e A8 e A i B REAE
AR Ay BRI AR | BRLP AAARVA BE 1  BRE
B3R 2 AR A AN Z P AR X A 62 A

BhR, 0% 1 FR,

SRy ik G RRIE TE BRI R B TU AR I SRR b, T %
JE 62 SIRIRFRZ [ LM R | bt G B PR 5
R 2 HARSE R IR, 62 41 RTE RN
HHSE R BN 2 Bis

T ARUE MIC 25 5 i e SR R AE 5 748 T 28 1
B (B P 2 AR R M 56 R TE TR 62 1R
) MIC B, R T 5 MIC T8 % L, ] Bf3iRg
UE 5725 P 25 e 1 P R DG 3R 88, MIC JR R T 15
AR BRI HE B AH G RO MIC {H4n3R 2 fis .

PR B A OC R BUZEN X Pearson Z 40 H S 7R B
22 V) ) LR 56 FR AR A i B2
i i AR B 2 [V R AR M X R o MIC FUE R )
ST BRILIE B AH OC R B WK, ] MIC 7E
—ERREE b TR FIAE R R R

R 1 TR B AE 25 775, e 205 B RRAE
BE, N3k 3 PR,

NIREAE 16 46 5 75 0 3% 114 455 iF 46 4 P il LA AS 31



2 HEHEAR 142

R EHERSY RE 62 18R

Table 1 62 indexes of feature mapping extension
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Table 2 Distance correlation coefficient and maximum
information coefficient of the first 12 features
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Table 3 Features sets selected by maximum infor-
mation coefficient and linear correlation analysis
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Fig.2 Heatmap of Pearson coefficient
between 62 features
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Table 4 The comparison result of first four feature
combinations with the largest distance corre-
lation coefficient and key gases set
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Fig.3 The accuracy of models under different
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Fig.4 The ROC curve of different feature sets
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Feature selection of dissolved gases in power transformer

based on maximal information coefficient
CHEN Ruyi', JIANG Jun', CHEN Min®, FENG Ruiqi', LI Chen®, ZHANG Chaohai'
(1. School of Automation,Nanjing University of Aeronautics and Astronautics,Nanjing 211106, China;
2. State Grid Zhejiang Electric Power Co.,Ltd. Research Institute, Hangzhou 310014, China)
Abstract ; The key gas method and IEC method for dissolved gases analysis only focus several gas index that may be affected by

random error and relative percentages,and maybe it is not perfect to be used to conduct preventive maintenance and inspection

of transformers. To solve the problem,key gases are mapped into 62 features including traditional combinations of key gases and

other new features. The features highly correlated to transformer status are selected by maximum information coefficient, to

escape random error of gas concentration. To avoid redundancy between selected features, Pearson coefficient is used to filter

features to reduce the redundancy of the selected features. The result showed that correlation coefficient between the selected

features and the transformer fault is relatively high. And the result of distance correlation coefficient also shows that the feature

set formed by the selected features is more closely related to the transformer overheat fault state than that of the traditional fault

characteristic gas.

Keywords : maximal information coefficient ; Pearson correlation coefficient ; feature selection ;dissolved gas analysis ;fault diag-

nosis
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