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Fig. 1 Schematic diagram of multilayer perceptron
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Tab. 1 Fault type in the samples

Hi R Y AR AR
JRIHR A, 28 PD
fRRE L 37 D1
e AT, 88 D2
MR 34 T < 300°C 43 T1
Rl #4300 < T'< 700°C 33 T2
Rt B 7> 700°C 59 T3
EH 45 No
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Tab.2  Part of the samples
H, CH, C,H, C,H, C,H, co Co, e A
93 19 14 2 0 109 0 No
137 18 16 2 0 119 0 PD
44 23 11 7 0 319 0 No
0 385 92 714 0 265 0 T3
35 551 219 344 0 393 0 T2
23 412 102 771 0 304 0 T3
22 443 110 745 0 312 0 T3
18 461 194 263 0 454 0 T2
19 428 176 235 0 333 0 T2
15 15 4 17 22 82 0 D1
22 443 110 745 0 312 0 T3
15 365 97 585 293 0 T3
12 338 95 550 261 0 T3
14 322 85 474 243 0 T3
7 855 7 450 899 8 564 54 205 0 D2
1 691 730 202 837 726 1499 0 D2
54 15 0 0 0 61 0 No
3635 1 490 146 1784 4127 898 0 D2
75 33 12 15 16 252 0 DI
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B P AU oy 5 A e A R 2 TR] A O
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FEe 122 I 265 1 B A 2L 4 IR (2) ) B dis it
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— X = xmetm (2)

X

X sealed
std

K, %y WITEACAE RS ISR B, ©
HEREE RIFLGE, %0, ATESTETPME, v,
SR AR
3.3 EERBEISHIEE

from sklearn.model_selection import StratifiedShuffleSplit

from sklearn. preprocessing import LabelEncoder

from sklearn. preprocessing import StandardScaler

encoder = LabelEncoder ()

split = StratifiedShuffleSplit(n_splits=1, test_size=0.2, random_state = 22)

for train_index, test_index in split.split(dga_data, dga_data[’Fault Type’]l):
dga_train_set = dga_data. loc[train_index]
dga_test_set = dga_data. loc[test_index]

X_train = dga_train set[[’'H2',’ CH4',’ C2H6’,’ C2H4’,’C2H2 1]

y_train = dga_train_set[’ Fault Type’]

X_test = dga_test_set[['H2','CH4',’ C2H6',’'C2H4’,' C2H2' 1]

y_test = dga_test_set[' Fault Type’']

y_train = encoder. fit_transform(y_train)

y_test = encoder. fit_transform(y_test)

scaler = StandardScaler ()

X_train_scaled = scaler. fit_transform(X_train)

X_test_scaled = scaler. transform(X_test)

B3 TEBF[HFEISHREIRD

Fig. 3 Source code of the transformer diagnosis model
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Fig. 4 Transformer fault diagnosis model based

on multilayer perceptron
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Fig. 5 System accuracy at different network layers
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Tab.3  Model accuracyat different layers and nodes

5V 97 5 B 17 5 AL IGREEHER 3/ % ML HER 2/ %
1 50 75.9 73.1
1 100 78.2 76. 1
2 50 -50 89. 1 76. 1
2 100 - 100 91.0 71.6
3 30 -30-30 92.9 82. 1
3 50 -50 -50 92.9 83.6
3 100 - 100 - 100 95.4 79. 1
4 50 -50 - 50 - 50 97.0 79. 1
6 50 —50 50 —50 - 50 - 50 98.1 77.6
10 50 =50 - 50 - 50 —50 —50 -50 - 50 - 50 - 50 97.0 85. 1

VEDx be , e AR [R) B B R |, 3 B B R
AN SRR ] BEHL (SVM) 8 Rl 12 W 7 1%
HAT Tl g RN 4 s,

x4 ET=ZWER IFASVESEREEMAN
R ERR DB B R

Tab. 4 Transformer fault diagnosis based on three

ratios method , support vector machine and

mulli—layer perceptron

ik MR IEH1/ %
ZIEE 65.0

SVM 70. 1

MLP 83.6
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Diagnosis methodof power transformer fault based on deep learning
YANG Tao,HUANG Junkai,XU Kui, WU Jianrong , CHEN Shijun
(Electric Science Research Institute of Guizhou Power Grid Co. ,Ltd. ,Guiyang 550002 Guizhou, China)

Abstract: The dissolved gas analysis method (DGA) in oil is an important method for internal fault diagnosis of transformers. It is

widely used in transformer on-line monitoring and periodical test detection. Traditional diagnostic methods such as characteristic gas

method and three-ratio method are commonly used in practical applications. These methods have some limitations which caused the fault

diagnosis accuracy to be low. In order to solve this problem, this paper proposes a transformer fault diagnosis method based on multi-

layer perceptron in deep learning technology. It uses the open source Scikit-learn machine learning framework and TensorFlow deep

learning framework to construct a transformer fault diagnosis model. The fault diagnosis model was trained and tested by using the fault

sample data in practical engineering. The test results show that the transformer fault diagnosis model based on multi-layer perceptron

technology can correctly diagnose the transformer fault. Compared with the traditional three-ratio method and the support vector machine

techniques , the multi-layer perceptron has a higher diagnostic accuracy and better fault diagnosis performance, which can provide more

accurate reference information for transformer overhaul.
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