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Transformer fault diagnosis technology based on sample expansion and feature
selection and SVM optimized by IGWO

OUYANG Xin, LI Zhibin
(College of Automation Engineering, Shanghai University of Electric Power, Shanghai 200090, China)

Abstract: To enhance the learning ability of a transformer fault diagnosis model for unbalanced samples and improve the
recognition accuracy of minority fault samples, a transformer fault diagnosis technology based on sample expansion and
feature optimization and support vector machine (SVM) optimized by improved grey wolf optimizer (GWO) with
multi-strategy (IGWO) is proposed. First, the mixed oversampling technique based on K-nearest neighbor oversampling
approach and kernel based adaptive synthetic algorithm is used to expand the minority samples to obtain the balanced
datasets,, and analysis of variance (ANOVA) is used to select the transformer candidate ratio features. Then, by improving
the initialization strategy and update formulas of parameters and positions of the GWO and introducing a differential
evolution strategy to adjust populations, an improved GWO with multi-strategy is proposed. Finally, a transformer fault
diagnosis model based on mixed oversampling technology and SVM optimized by IGWO is constructed, and
experimental results show the method can enhance the recognition accuracy of the model for minority fault samples and
improve the overall classification performance of the model effectively.
This work is supported by the National Natural Science Foundation of China (No. 51405286).
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Fig. 1 Random linear interpolation (k = 3)
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Table 1 Alternative ratios for transformer faults

FRAESm Y LA AEIE FHESR Y FLAEAEIE
S CH4/H, Siy CH,/D
S, CoH,/CoHs Si3 Hy/To
S C,Hy/CoH, Sis CH4/Tg
S C;H¢/CH,4 Sis CHy/Tg
Ss CoH,/CoHy S CHy/ T
S C,H,/CH,4 Si7 CHy/Tg
S CyHy/H, Sis CH4/Ty
Ss H,/D Sio CoHy/Ty
S CoHe/D S20 CoHy/ Ty
Sio CH4/D S CoHy/ Ty
Su CoHy/D S Hy/Ty

2) HdhE EE R

ASCAE TEC TC 10 Hud FEPY . SCiiR[32-33] K dg
JEIETT T R IR SR B 875 AREA KR/ N EdiE
£, IR 73 B EGE S BRI eI EE . Tl
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Table 2 Distribution and labels of samples

FEA KT KMgmps  YIgREAl INREM Bk
iR I 1 81 35 116
TR # 2 93 41 134
SRR 3 49 21 70
S GEN 4 39 18 57
T RE TR 5 95 42 137
EH 6 195 84 279
R RE T L eI # 7 28 12 40
PRI F eI 8 29 13 42

3.2 BIRFEHALIE
ARICKH KNNOR-Kernel ADASYN VR & KA
SR HRIB UCRRE (1 T7 200 Bt 4R 2R 47 P 10 Ak
B, HAEERE d 08 TREARY EiEE, 1E4E
FEARHL b R5E T REA R G SR A2, 8IS
BRI2 1] HEAT TSR0, RZEI k=5 d%=60%
A LLE R REAN R REAS . AR A IE
FNREAMEAIIRREA A ], F VR A RSN IE
KRBT EA AL T, SR IR FEARRIAL B S
IR A T B ERREA, Z RN
— B RE A AR D IR SR A I 0 FL AT P AT AL Ak
H, ER LA L. ISR
FERT G RIFEAS AT S DL U0 ER 3 P
R 3 NGHIERERIFH S HIER
Table 3 Distribution of the training data before and after sampling
P S e

PEA AT — —
STRERT KrEE

1 81 191

2 93 188

3 49 192

4 39 190

5 95 191

6 195 195

7 28 192

8 29 190

3.3 HEARFFIEIEE
ANEEAEIREE T SRRHIE kPR, (H
W T RHAEIRN R T A, BRARAS W B 7R ) - 53k
R, KA SCR A ANOVA Sk F s Ik #E4T 48
i, H A EUFE N 52 Sk [34]. H 4G, FIH ANOVA
TR EIER SR & F,, » FFE TR T4
J¥, 13k 4 Fioms SR0E, T AR ISR SRR
£, ZHREYEIZ W 5 AR RIS In— A LA AR IR 4
FRET4E, FELL SVM 1) 5-4738 EE R AR A

MALHFR, BHHAN IGWO-SVM & 12 7l b
BT W S, JEHURCOK H FREDT ) fig 1k 5
VE N A AE IR T4

3 4 T BRHE R EEILE F e

Table 4 F ., of the alternative ratios for transformer faults

£ S Faue S S R (R Flaie
1 S 289.24 12 Sia 67.87
2 Siz 272.81 13 S 49.98
3 S 235.70 14 S 44.02
4 Si3 229.14 15 S 27.15
5 Si7 202.18 16 S 17.49
6 Ss 172.25 17 S 12.18
7 S20 154.02 18 S; 9.58
8 S 137.42 19 Sx 9.56
9 Sio 126.88 20 Ss 8.45
10 Sis 100.46 21 Ss 7.69
11 Sis 77.81 22 S 2.64

i 3 s, HHAEAEIRLER n Dy 14~16 I,
BRI FRIL B B RABL(93.99%), 75 18 EI G I 12
RUE, ARSCIEHL n g 14 1 BT B2 #5326 5 8E(So1+
Si12+ Sis~ Si3~ Si7 Ss+ Sz Siis S0~ Sigs Sise
Siav Sov SiFNIREIIMEIE T4
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Fig. 3 Recognition rates of fault diagnosis model based on

different alternative subsets
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Table 5 Parameters of IGWO-SVM model
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Table 6 Confusion matrix
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FREELRE N 100 E% TP (BLIFH) FN (8 5:451)
BRYEE D 2 GES FP (f1E1) TN (351451
wRIERIRE G 100
BRI T u 6 AR R PEAN PR bR T
AR 24 0.45 R TP
ESIHE T ¢ [1,100] TS| e ———
& % [107,1] TP+ FN
TP
3.5 WSS IFREREH Fosin =7 7P 9
R4 L EAE, BT IR A R AR IGWO- 2R, P
SVM 75 FE 28 MBI BT iy P 4 Frse =2 p
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Fig. 4 Structure of the transformer fault diagnosis model
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% A BT B B e I UG R, A RO R 4
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Fig. 5 Fitness iteration curves of grey wolf
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BT REAY RARHEILIER IGWO AL SVM 1A R &2 I Bk

K6 k& 740ERT IGWO-SVM A 5
SRR AT AL IR VB HE R PP R R, WD EERFEAR
Pz REE B, AR 2R R BRI 7
FlDBERPEAR LA X MEChEE, & T 91%,
[FB SRR F,_ T 0.94, BERIELAR F,
SRR FE_ B RIS 0.963, WA
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Table 8 Diagnosis results of different sample ways
GES A IGWOSVM
TRAH /% Kappa A%
JE G K AR 86.8 0.839
SMOTE 89.5 0.872
SVM SMOTE 91.3 0.895
K-means-SMOTE 92.9 0.913
AT 95.1 0.940

1/ 33 2
2 41
3 21
w4 17 1
#
o5 1 40 1
o
7 12
8 1 12

1 2 3 4 5 6 7 8
RRIES

6 HRRIZHR AR

Fig. 6 Confusion matrix of fault diagnosis

= 7 IGWO-SVM #RALFMNH5FR
Table 7 Evaluation metrics of IGWO-SVM model

PES PN IERR
GRS Ro/%  Panl%  F WAE/%  Kappa ¥
1 94.3 97.1 0.957
2 100 97.6 0.988
3 100 91.3 0.955
4 94.4 94.4 0.944
5 95.2 93.0 0.941 96.2 0.954
6 95.2 97.6 0.964
7 100 100 1.000
8 92.3 100 0.960
FHMHE 964 96.4 0.963

4.2 FEFZEMRERTEE

= 8 R T RN RAE N IE#ATHAY RS
B AR A TREAY R R IG B EETE IGWO-
SVM HER R 2 W g 5, Horb Bir s S i N ARFAIE
PR 1 AR TR R 22 Pl LU AEIK -

W 8 Fron, KRR HERATHAY RE1
HIREETE IGWO-SVM BRIZWT T, JLRG% S
15 95.1%, Kappa RE(=1A 0.940, fHEL T K-means-
SMOTE. SVM SMOTE. SMOTE J7i2 } J5 ta %045
£, HARMZEDHHRTF T 2.2%- 3.8%- 5.6%- 8.3%,
Kappa 207> 37 7 0.027. 0.045. 0.068. 0.101.

7 FE 8 Rl T HEFANFREE
IGWO-SVM  H5 B7E & A A 1) A 4 28 A A vfE 8
AL 2k, TTLAE AT A SR TR R A 4
R WERAE S RREA E A X (A R g, AR
P EFEAR A Be S ¥t . 25 BRTR, A
ASCRFETTIEBATREARY 7R A WD EE
ARG FE AT R A2 T M e

100
E
90(-
8ol
£ 70t
<
£ 60 -
SOT 2 - rmsans v
SMOTE i
40| |- © - SVMSMOTE ',
- % = Kmeans-SMOTE \ '
—A— RICREE R }4_
30 1 1 1 1 1 1
1 2 3 4 &t 6 7 8
F iy
B 7 FEIRHAENESEZ%
Fig. 7 Recall curves of different sample ways
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Fig. 8 Precision curves of different sample ways
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Table 9 Diagnosis results of different feature inputs and optimization algorithms
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Fig. 9 Recall curves of different models based on selective ratios
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