5550 & #5124
2023 4F 12 /1 10 H

HLAIL-S 4 O H]

Electric Machines & Control Application

Vol. 50 No. 12, December, 10, 2023
CCBY-NC-ND 4.0 License

DOI:10. 12177/emca. 2023. 146

XEHE1673-6540(2023) 12-0021-11

FE 2SS TM 407 XHkERERD A

. s s - A nlr
HEFHFERERFES]F SO-SVM BT [E =2 fE12
XNTE, k&', BRI, HER®, axw’, T A
(1RAREIKRF ©$HIREFR,Z8 L9 650500;
2. = WA FRFTAEAE] , =& 29 650200;
3. kT Rk wA THEZ, LB 200240,
A mhEMARFTAEANS] B AHFHRR, =d L 660217)

Transformer Fault Diagnosis Based on Sample Integration Learning

and SO-SVM
LIU Kezhen', YAO Yue'* , ZHAO Xianping’, YANG Chunhao’, SHENG Gehao’, WANG Ke*

(1. Faculty of Electric Power Engineering, Kunming University of Science and Technology,
Kunming 650500, China;
2. Yunnan Power Grid Co., Ltd., Kunming 650200, China;
3. Shanghai Jiaotong University, School of Electronic Information and Electrical Engineering,
Shanghai 200240, China;
4. Electric Power Research Institute of Yunnan Power Grid Co., Ltd., Kunming 650217, China)

Abstract: Aiming at the problem of low accuracy of
classification model caused by the unbalanced category of
transformer fault samples, a transformer fault diagnosis model
based on sample integration learning and snake optimisation
algorithm (SO) optimised support vector machine (SVM) is
proposed. The model first uses the EasykEnsemble sampler to
generate multiple subsets with balanced categories after
multiple under-sampling of the samples; then the SVM model
optimised by SO with key parameters is trained with the
Bagging strategy, and the final fault types are obtained by
integrating the results of the classifiers. The validity of the
proposed model is verified by the arithmetic example, and the
data show that the diagnostic accuracy of SO-SVM's fault
diagnosis is improved by 3.44% , 6.89% , 10.92% , and the
AUC value is improved by 0.026 4, 0.042 5, and 0.081 2,
respectively, compared with the models of RF, SVM and
KNN; in the same classifier, the SO-SVM model is more
accurate than the SMOTE and ADASYN sample balancing
methods, the diagnostic accuracy is improved by 4.59% and

2.87% , respectively, indicating that the SO-SVM model has
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better fault diagnosis capability for unbalanced samples.
Key words: transformer; sample ensemble learning; fault

diagnosis; snake optimization algorithm

O ER AR R A AR 2 S AN A 3 B S S TR
T 2R ALK 11 7] A, % M — ol 35 T AR 4 k2 20 g £
ARSI (SO) ik S Fe 1 AL (SVM) 28 1 35 T 2 st
B, ZAERVEH ] EasyEnsemble SRAT 88 X AE A HE4T 221K
PR Ja RS HIPE 1Y) 24~ F4E 3 SR U5 LA Bagging S
Y2k SO AL BES UG Y SVM A 2R A5 B Ay ai 2
TRAG BN B A B 3 aek AR A ) i SRS LA AR AT
BGUE, #5042 B, SO-SVM (1 i B 12 Wi A L F RF . SVM,
KN 25 45 70 |2 B o B 26 4 B3R 5 T 3.44% . 6.89% |
10.92% , AUC {43 B2 T 0.026 4.0.042 5 .0.081 2; 7i:[F]
— 3445 T, S0-SVM BEAUAH Lt T SMOTE I ADASYN #£
AT IS WIET A = T 4.59% (2.87% , 1 BH
SO-SVM #5 A X RS- REAR (1 e 812 Wi B 1 T4

KB AR AR RS W; ek

0 3|7

BB A A A7 Hh R T s e ) 0 R L
M 02 2 20 B R v R R, L R B T TR
2R TR 2 b (5 L 1K 26.8% , 3 AR I

© Editorial Office of Electric Machines & Control Application. This is an open access article under the CC BY-NC-ND 4. 0 license.



XA E, A TR B > il SO-SVM (1478 He 45 i [ 12 e

22 LIU Kezhen, et al; Transformer Fault Diagnosis Based on Sample Integration Learning and SO-SVM

TEM R F L TR R, AR R AR 6 =
HHEARTE L B R S R | A A )
R X AR A I et ME AR T
ZESR NE R T 22 48 v AR 48 L R A5 0 1) DG B 12
2, A AR A SRR s T

A5 s PSR AE AR BB B 38 R 23 7 A R
CH, .C,H .C,H, #l C,H, % —RIK/3 TR,
LA H, (CO Fil CO, S5, i i SR o3 Hr
(DGA) BN 2 Fe 22 H A R0 28 A% il 12
Wr T, RS IR A8 IR AR s A T A i AT I e , A 52
AT T a0 AR R AR
) K B R AT o PR A i A BT, T AT Rk T
L7748 e g A 3s A IR, 3 15 & B0 N BB A 7R T AR
BB (RAEAS SRR e KR s 1T,

BT DGA Bg, [ NAMITFEE S T2
AR RS2 W vk, R L = AR
ST AR AE LU B %, s 1) ) 3 3L SR A AN T
W, Tk 58 4 S AR AIE AR 5 4% 2 I 22 ] 1) B
FHLEESY S BB AL 0 8 T LA
TR RIS IR B T RS R 25 45 bl e 24 75
IRER . HETE LS 2= S Bk a s &
FEG SYM Mg 7 e m g
Horp, A FLEHIS IERIY SVM BIAITE/NEATT
CACHERB BT, B )z N T AR R AR R 2 W
SR, AR g S PRz A7 & AR O Y BE R AR, =
BB BT AR T 25 S R S AR AR A AR
RES . MIONAFA7 B s T ik sr2E
FERSZRInt , B ZE ) M /DB A AL 5 BRI
7B, BRI G i FE O D B R AR S )
P, i e b AR R

R BEARAS Y- KA 5 e, DA i A7 B X 4
PEIEAT KRN KA o 3 RAE LABEAL R AR 1
TREAS & B 7 s 20 6 D8 R 4
A (SMOTE ) "' | ol 3 35 & # # A& ( Borderline-
Smote ) " HI H 1F I A3 B FE (ADASYN) U 4%
W R BIE A OB FEAS B, A7 30 G5 AS 2 7 1) )
L, b BEAIL R SRAE DU LA R AL 25 555 2 30k
FEAS, 25 T B8N R PR AR 2 & 0, R 2 A
etk

FET M, ASCHE R T —Fh I T AEALE e )
1) SO-SVM 75 [k & i B2 W ik . & 58, Aok
NABEE SVM BRI CHESEL (85T R A ¢ FIA% oA

BAREL &) AN BRI B0 FEPERRRREAT ™ R
IS (SO ) X Hkf5 itk LItk 80U5
A SVM #2144 Balanced Bagging Classifier £E i,
) R RIS A T AR R AR U RS AR A
%771 A 1 i3 EasyEnsemble SR A # X A A £2
T2 WK RFERIG 2NN LT 4, SRS LA Bagging
RIEH 5 2B A R R B2 R4 R
SRR s g s AT IR A TR 204

1 EAKRFEIE

L1 ZFrmEN

SVM B YHEA SR AN 1 Bz, H AR 23K
fife— > REA RX o3 Hidhs A T T, 75 A R IE RS
JRE A e 14 T i 2 AR 0 500 380~ i T LA ] o
K,

; &

E1 SVM HEEFEE
Fig.1 SVM classification principle

XFF— M) o 2, R BRI+ 1,
TAZRIC A - 1, X T 45 % (9 Ak 23 1) o i) s 4
S=1 (o ,y0) 5 (%,5) o, (g, y) | H 2 eR',
PR A HRE T AL & AR AR sy, € - 1,
+1} ARERPTE I i e (1,k) o B AE =S [H]
LANER i IC BRI w - x+b=0, B il e
AT R — A () BP9 JL AR T i hy

w b
Yi =Y *X; (1)
[ w ] [ w ]

X w I RAGE [R50 A E S8

RRARE A S, SR ) B8 Y T 17 B 5 T
AORH y= min y,, MRS SVM B K
Vol BP Oy OR i maxy, 25 U h s b

w

y =y MUK y W

i cx; +
[wl [w

KL AR FoR o | w | WML LR B9

© Editorial Office of Electric Machines & Control Application. This is an open access article under the CC BY-NC-ND 4. 0 license.



HUBLS RN, 55 50 %, 45 12 44

Electric Machines & Control Application, Vol. 50, No. 12, 2023

23

N |
ﬁ’ilﬂ@?ﬁl:r{}lbﬂ? [wi?®

PRIREA — A4 38 AN 2 2 AR — LR )
W, SR AR LA, 51 A Lagrange e 1 o K HAY i

1
HIELIH B bR B Lw.ba) = — [[w]” -

,sotey(wex, +b) =1,

iai(y,-(w cx, +b) = 1), BEHTR Eﬁj@:r{vl’ibn
" FIP Lagrange #ECH X B,
¢ FLBRTHE masmink (w0 1B b
ANV %ﬁfﬁimﬁzﬁwﬁb%%f&omﬂl
zlayx e zay 0. oA FR AR
AL ﬁnﬂ:lrﬂﬂﬁ““

mlnfz Zaayy](x x;) - Zai

o1

maxL(w b,a),

s. 1. zay=0 a;=0,i=1,2,-,k(2)

Ko jﬁﬂ‘%ﬁﬁ H e sk 35 )
ﬁkﬂ‘ﬁjﬁgiumﬁﬁﬁa _<a1 ) 2*5“.’
a; )" LS w b E’J%ﬁl‘:{ﬁﬂ%@ﬁ?’ﬂ

Za yX, (3)

*—y—Za vi(x, - x) (4)

A" HHAE I H T
U SR A7) B - 1l e w ™

WL 19 43 S P S R O
S(x) = sign(w”

sign[Za-*y-(x- - X;) +b*] (5)

AR RFAIE 23 (8] o B B SR L E AN AT 23 B, 7
BN A% pRBSON HAE AR ek AR T S5 3] ey A 4
AL AR 23 ] v 7 o 4 2 () Rl R e M S
ML, R RERR A K(x,2) , PIRRHETE
E S [H] P BB SEZR R ¢ (x) |, WK B Ay
AX[E] Y oz, A A0 AR
K(x,z) =¢(x) * d(2) (6)
A K (o, 2) AL ERE; b () BRI R A
WL AT 43T 1R S A 1) S LN AR A R A
B 53 PR bR %ﬁjﬂ

f(x)—szgn[za y,K(x,x;) +b" ] =

-x+b” =0, A

.x+b*):

sign[zai*yi(l)(xi) cd(x) +b*] (7)

PERR I et e b, — DU G A R 202
& AR SRR U 5 Lagrange K+ o
FHOG; A a>0 B R B X 7 A R AR o A 7 o
KI5 e B R OC 1) 3 FF
[ i
1.2 dpfRfb&Ex

AL (SO) J& Hashim, F. A F1 Hussien,
A. G TE 2022 452 4 1Y B B8 se 4 A= # L AL R
VT RO A S A T RS A
ZhRA . TR ER MY, AT 5 A
AUFREE IR B B R AH G, A TR B, MEMEA
RIS TR, MMAZ B St 2 LI 5
P M EAER R MR E Y e X,
/W (o e IS TR U S B S DY 73T e
A1 EE RS Y R AE AT LR EORTS 2 ),  E
TR o A Y se AL, HLJ] B PR3 I R AT, M
PEAMAR U IR, 0t 22 ) 25 A7 — s W32 1 B
A1 100 A 5 | B A %) 32 R, A TRE S v AT LA
TRE SR A7 B 5 JE] BRI A R B A e A ST
SN A ST | BB ) W VA S 128 T X7 SV
IEER AN 2 Fis .

FHe
| A0 E))

E2 SOftuE
Fig.2 SO optimization process
BRI 7 SO Rk B BA iy f50E i
AIRPRERCE D n, R AR ) AR B 48 15 O L, WU
FARALEE R RB A

© Editorial Office of Electric Machines & Control Application. This is an open access article under the CC BY-NC-ND 4. 0 license.



XA E, A TR B > il SO-SVM (1478 He 45 i [ 12 e

24 LIU Kezhen, et al; Transformer Fault Diagnosis Based on Sample Integration Learning and SO-SVM

K %o r|
C] |
X = rjz] X X2q 1 (8)
o 1 O
| |
nl an xnd I:I

[ T A7 i3 e XA ], SO B30 75 2242 il
SO AG B BEHLRIRECL (5 RERE HEAT I AL A
AMALL E A R A =

X, =X, +rx (X, —X,.) (9)
X, N METE T 4R T AL E A
L0, U] X B BEALELG X, A X, AT EAL )
R BB ARG R IR A S B RRE 1 13053
WERREAS A, O | S AR A2 0 SRR O X,
X o

eSS B BRI I R AL T, MR YR Q

4 (10) FroR -
T, =exp(—t/T)
{0 = ¢, % expl (¢ = T)/T]
Aty SR T R U

ATPIE 0<0.25, T 2 AR BT
I AMABEHL S AL 5 S Y, MM A L
(1) FFHAERGE ™

X = Xt € X AX [(X = X)X+ X, ]
{Xifrl = Xf~and,|‘i €y X AX [ (Xmax = X)X+ Xmin:l

(11)
Xy P Xy TR ER o+ 1 UCIEA A
TR 2 ) 8 X, rand,m X, rand I3RS ¢ IR
MEME R AL E 50, BRI T, — & 0.0554,
FA; 5350 0 HEMEAS R S B RE ), TR A

(10)

wmr.
% _ exp( _fmnd,m)
' Sim
] ’ (12)
% _ exp( _fmnd,r)
[ Jix

T 2 i P Sy r 53990 Ry T A5 %) i B 3 332
JEAEL 3, 0 S, ¢ 0500 S e 51 2R P B 1o
HEYE Q>0.25, FkA TR RIRE,
WA R BRI R T, KT 0.6 I, dg2A>
EREEEY iz, % (13) Tk A &

(A

Xfﬁl = Xppa 203 X Ty X7 X (Xppg — XZJ>

(13)

A Xy FIX, A + 10 PEAUR AL B
TR X AR 2R AR e A HHTA ¥,
— e 2,
UG R T, /DT 0.6 I, i 2K A

Ab T 53} B AR AR 2, R AR T e I A 4 =X
(14) BB AL E AR B, SO T Al A A 4 50
(15) BB A5 &

Xﬂ: :Xiand,m tey X F XX (thst,f

{X;Trl = Xnap £€3 X Fpxr x (X

- Xiw)
- X0
(14)
X = X, ey XM, XX [(Q XX )+ X, ]
{X;Tfl :Xian(l,f ey XM xrx [(QxX; )+ X, ]
(15)
T Xy A X 53 5010 S T A 1 1) B A6
By M, FI M 530 Ry e SR B BB R 5 F, AN
Fy 53 590 by e AR 19 %21, 35 an =X (16)
7R :

2 {2 e )
_ /;

best, m

(16)
I im0 01 Ay R A4S 14 B 10 36 7
X

AR b JE AT A, W X (9) BEMLAE BE— A
ARBUR 4S5 i R 22 AR
1.3 #fE#F A< Ensemble

Balanced Bagging Classifier 52 Ensemble 4 i,
SRRy — A, R E 3 R, HEAa T
EasyEnsemble % ¥: #% 5 43 2% 4% Y bagging
s>,

EasyEnsemble SRA¥ & (Y JEA ST B 2R A7 7RSS
AP 10 800 B LA /D B AR AR Sy B, ) 22 4
FAEARTEATRENL kb U IRAE, 73 50 R B AR A
PATHE R ZARH] k2 P A i I SR B 46
TRBAE AR AT m Rl 2 B, $2 HARE A K th 2
O HF A RREARESD, D, D, o A
Bl — R BERHEA D, BRI 1S T X T m—1
Fp Z BEFEARBENLE I ke YOS B RORAE, B IR
Rt AN T EICH D, B — T 81

© Editorial Office of Electric Machines & Control Application. This is an open access article under the CC BY-NC-ND 4. 0 license.



HUBLS RN, 55 50 %, 45 12 44

Electric Machines & Control Application, Vol. 50, No. 12, 2023

25

EasyEnsemble Bagging

3 Balanced Bagging Classifier &2
Fig.3 Balanced Bagging Classifier principle

%&%Lﬁ|DM| =ISl,1=1,2,--,m—-1,
SHHRER D, 16D 1 RRE R T, ORI
RHERE AR (v, y, ) BRI K DI I
B 1-(1-1/1D,1) " W% REAAE AR R
B b AT BV T B P, A
BLAIER P 425
1 | Sl <k
) (17)

P =1-[1-
| D, |

p=[1 -(1 -lgl)] (18)

W/ DAREARRR | SR I, Bifi 5 SRR U
k BOHERHEA (x,,y,) 23 AR TE BT A U257 42 A AR
P MPEZ IR XA —E R b AT KR A
T A U AE B R . IR, AR e 28 T s
FRIREAR R 5 die D 2R A% BORH 2248 K, i
A CI8) ATHIREA (;,y,) 0 A 1E T A U k1 S vh
FRRBE 238 LU AES B50RE 26 35 K AR B IR 2 R0 O 02y, 7 43 28
R v () T AR B R, B PR T SR R A AR
MRAERU R, Kk WRHERBINES D, =
[Dy Dy Doyt SR EREALES D, &
I, B 2 A N 2R 28k Co
Bagging S X} i A7 B 73 2 8% B9 45 R AT 2
A, BEATA AL 4855 14 JXUBS: , DATI 9 /N 14 45 2 1)
w2 B BRI C, 2l A B JE
IrRAFIAT ) AR £ (i =1,2, 0 k) A
FAR RS A A8 Fe g B R AU BR R R L, (=
0,1,-,7) LA EEEER 0
Sond =arg§naxfzii (19)

AP, AR RARRIEEE R L, L AR Y

B RS IAR IR

2 EEHFERERGIZEMNA &R SO-
SVM 1=

2.1 HIEHIALIE R AFIEIRET

TEFE T REAAE 27~ 1 SO-SVM 78 [ g e
WAL B H, R4 Rk 26U (CH,
C,Hg (G, H, 1 C,H, ) 36 5 FUARAME 12 Wi AU 1Y
BN ) TREAE RO R RO A 28
FEH, 2 R AE A R 22 S R, A I R
T R b, OB B R AR AL 5308 X6 58 (1 52 1) ]
TR T RBENRAE G . o PRI RERS T 47
ARFURRAAE F AR PR A R, TR R 4 2 2
R 20 (20) A 2% B 4 AR AR N B 46 i 2 X
[L0,17,

x" = - (20)

AP IR TR 51 500 S A U B REAS
FEH 50 0 A REAR 2% MR 5 Y /)M EL A B
PNIERS
2.2 TEFBEBEHEAK S LI R

M #E DL/T 722—2000 5 IEC 60599—2015
DA B 748 st PR RS B G P B 119 56 55 -5 JRLE 119
I, ) 37 e AR IS A IR KA e 1 R

RSO T F 77 FRL I 2 A S A5 R B 2
H I AR R LR 23 I AR
FIPLER B P25 Rl RS TR AT AN 26 2 I
P3N [ e B 2 R0 72 e s i P i AR
K3 PR,

F1 TEFRKSREEHD

Tab.1 Transformer status and coding

IR fRIPK Y
1EH 0
e AR D, 1
AR D, 2
R D, 3
=3I EuE: T, 4
LAFTEUE T, 5
T i 44 T, 6
JBCH A DT 7

© Editorial Office of Electric Machines & Control Application. This is an open access article under the CC BY-NC-ND 4. 0 license.



XA E, A TR B > il SO-SVM (1478 He 45 i [ 12 e

26 LIU Kezhen, et al; Transformer Fault Diagnosis Based on Sample Integration Learning and SO-SVM

F2 TEFAREBRHIESS
Tab.2 Data distribution of different types of

transformers
IR SR YIS ML

N 650 585 65
D, 285 256 29
D, 140 126 14
D, 128 115 13
T, 274 247 27
T, 105 94 11
T, 82 74

DT 76 69

Fx3 MBAAREHETSEETE
Tab.3 Gas data under different faults

W SRR/ (pl - L7

%Al H, CH, C, Hg C,H, C,H,
N 8.01 2.65 0.53 2.12 0.86
N 14.65 3.71 10.52 2.69 0.22
D, 62.31 11.19 1.86  10.01 14.63
D, 44.96 8.09 1.09  18.88  26.98
D, 30.60  29.80 6.82  16.01  99.00
D, 41.48 4.88 5.76 0.49 10.73
T, 10.99  111.16 9.44 2935 4.44
T, 1101 102.41 57.99  277.6 0.00
T, 0.32 13.31 1.99 3.71 0.19
T, 14.52 8.84 2.33 3.61 0.14
DT 2175 5513 12.62 15.87 15.51

2.3 HRRISHTRE

BT HAEARSE M 2T 1 SO-SVM 5 [ gl 512
Wi iE 4 frzs, BL SO AR Ak iy SVM ERIAEE Sy
FLht 432548, LA Balanced Bagging Classifier #££7K )
BE N7 2 7 W R BE Rl 3 2R AR A5 R AT LR 5 TR
FALY BAR DR

Step 1+ 4 WS4 3] 14 ity v V8 Ak U AR AR R A T 4
AL B %2R B %) 3 A I ZRBe Al i 46

Step2 : FEYIZREE T, LA BOEFEA S S, Xt
ZHCRFEARTEAT b YCRAE, 73 Bl AV B A
Frd e e AT 8 k2 F r I 2R 46

Step3: U & e A AL S L P RE SR N, A
SHAERE D, B RIEAREL T, $28 W AR B 3
IR, 5 B A AR AL B, T BRI 2k
I EARTE R — MR R & N

Step4 : TR R IR E R T, IEYE Q,
AR e A A AN ) 175 50 5B o7 A 5, BB 2
ASH e T g AFBEFE N, 5 E ik E
O JEAH L A Bt e 3 0 e AR B A I R v o)

JNE = o

Steps + 21 V7 JEE AN 722 A 53k 31 fe KRB
L E AR, FRBOCY AT SVM BRI B8 c Ml g,
N LRZEA IR 3

Step6 : fifi 1] SO 3345 1) 1 e 0l 2 K0
SVM 2805133 k 4> SO-SVM 732K 4%

Step7  #  X £& fay A B — 4> SO-SVM B
RSO E T Sl o 2R A% B AR, A R &g
T YA T R A

R L. B

W, SYMBITFCR SOttt

¥ 0L {0
B T
ol 651 1
IR L 1
ik L 3

FHEZ

Hllh -
s e

I it
35V 1

SO-SVMHET

EERIF IR TR

S

SRR |

4 HEIDETRARREL
Fig.4 Technical route for fault diagnosis

2.4 LEERITMIEIR

A s it A2 W AR B S o b AT R
VEHE T DL B LA AR AR 501 112 e
RO TR AR R R WA S By — a2k
TRVEHE I FE MR 0 A 2 B ARIE S iz 26 bR 2
ARV SRS PO INE S ISE 1 ¢ Naa DK
FHAZ W%

b
12

5 Z“HERRBEEE
Fig.5 Two-category confusion matrix diagram
HBAEAF AN A A PRI, 3218035 Rk
2k (ROC Hi£k) T AT J 4 10 A 2B Y A4 PR E o
TINS5 A s 2 1] £ T AR ) A 21 73 2R AR Y
AUC 18 ; [AlAF: m] A 455 B 9 23 2R MR BB, — Al

© Editorial Office of Electric Machines & Control Application. This is an open access article under the CC BY-NC-ND 4. 0 license.



AL SERINT, 55 50 &, 4 12
Electric Machines & Control Application, Vol. 50, No. 12, 2023

27

FAERT 0.5 BB 73 AR A A B H L,
(BB R P R

3 BEhlSh

3.1 SO &R

Hi T SVM BRI 3 S ER R 2 B S8 ¢ Rl g
(R SEIA , PER ARSI SR INE >R F SO B Hgk A7 fi Ak
SO FEVE M S HR B Ry VBB 023038 I (A -
BRI R, Bk R BN SICIRAS B, R T 12
U, RS 1 BE (A Dy 0.891 27, Il Ziad 7 ) A5 A4
ZHCEAINE 6 PR, e S50 B kg
Mk 4 o,

x4 BRSEEINER

Tab.4 Selection results of optimal parameters

B ARG RS

c (0,200) 50

g (0.1,4) 0.6
200 17 10
09
160 14 08
0.7
w120 Soll 50 4
80 08 0.5
04

0 5 10 15 20 25 30

05— [/ | I S
0 5 10 15 20 25 30 0 5 1015202530
! t 1

E6 MidEHMSHTUE
Fig. 6 Parameter variation diagram during optimization

process

3.2 RENSURLERITLE

ARCAE Windowl0 ZR G5 A% 0o A BE 25 K B0 5
AMD Ryzen 5 5600U 2.30 GHz N 1F 16 GB %%
TS JMRAS R Python3.9.7 355 T 1L 3 o B4 Xt
BEAIHEA T o A SR E A SO RS R X A e 8
BES WY 8 M, BB RF SVM  KNN — i it i
MR RE A XoF HEASE AR, O b AR 7 0 3L 32
SER AR VE RN 7 R, XF R 12 W e T AR 4
RIS,

WA S0 LU AR SC $2 80 12 Wi 7
V- B A R i, T SRR R T AR AR A
XPIERAE 174 AEicHks I A iR B0k 12 A4,
R4 93.10% , 4351 Fb RF SVM  KNN # R1 g /> T
6.12.19 >, 2 W A R 42 5 1 3.44% .6.89% |
10.92%

ﬁ 0 o il o o % o o
E 1 1 - 0 _é 4 (N Kl
o 1 o ] 1 o 7 ] 1
1] o o ] oF 0 1 L} o o 1 5 1
o o L L a | 0 1 L o o o I 5
Predicted lanel Predicted label
(a) A CHERY (b) RFfLRY
1 2 3 4 8 & 7 0 1 2 3 4 3
0 I 0o o ) ‘,- 2 1‘; o 2 1‘: ] 0
1 h) 1= 4 \” o 1 a o a
2 o 3 [T R R 1
£ 0 i ¢ s o )
E at oM I o o E g=1 1 = 1 1
L 1 1 o 1 1 [y 1 o 2 L] o
1 L o 1 L : 1 0 L) 4 1
0 0 s 1 1 EE S
Predicied label T T T
(c) SVMHEA! (d) KNN#EAY

7 BEBSHERBBENR
Fig.7 Diagnostic results confusion matrix for each

model

x5 AEREBSEHERELER
Tab.5 Diagnostic accuracy results of different models
e s N E RIS WA %/ %
R KNN SVM RF ARG
N 93.85 96.92 96.92 100
D, 82.76 82.76 89.66 93.10
D, 78.57 85.71 92.86 92.86
Ds 84.62 84.62 92.31 92.31
T, 85.19 88.89 92.59 88.89
T, 54.55 63.64 63.64 72.73
T 50.00 50.00 62.50 75.00
DT 42.86 71.43 71.43 100
SE15 82.18 86.21 89.66 93.10

O3 M E S 0 v R A AR A DL K8
025 WO P I Pl e o A A I B S TR A 3 Akt
T B2 0 (B A A A T KNI ASS 78D S o HL F
FTA R R, U0 B A%, 43 ) e 5
4.4 4, SVM i T4 sR BRI T4 1% 1 A 1) R
5 CBFELE, XD BRI RS A T, 43 A
WigkiR 4 4.2 4~ BT RF BIRUEILFUORM Y
Bagging 2% >J il , BAR BEALIMAETS 2] I 2546
{BAEAEA T M (025 2] SR — R L4
TRDBR R USRS R B R 4.3 .2
A R T TG BRI A ST AT — 2 i Ak
B IMAS SCHE 0 R ARLE B2 T 11 SO-SVM
TR H] EasyEnsemble R4 % XF Y1l 25 i2E 17 R R
FEAE 2 A A I, LR AR IS /9 SVM S

© Editorial Office of Electric Machines & Control Application. This is an open access article under the CC BY-NC-ND 4. 0 license.



XA E, A TR B > il SO-SVM (1478 He 45 i [ 12 e

28 LIU Kezhen, et al; Transformer Fault Diagnosis Based on Sample Integration Learning and SO-SVM

Balanced Bagging Classifier 4& i 2% 2J 5% % ) 3L /3
e A RBRAR T AEAS (] A R D4k
(= SUGHINITIRS LN S I L i Gy = N ]
FIBr AR 3.2.0 4>,

AR BRI W 2 R 22y ROC £k, 4
K8 i, M DL A SCBERL ) AUC [ A7
RN 0.960 8, AHH T 0F LU AL AL 73 Sl 4 i 1
0.026 4 .0.042 5.0.081 2,3 BH 7 S i 4 A8 780 A3 )
AR Bz AR PR R SO, S I T 58 36 i B o)

Fedwo

LOF P e

7 e
2038 J;ﬁf
2 |
2o06f
<04
3
8
= —— AT (AUC=0.560 §)
- 0.2 - LC=0.934 4)

ol LC=0.91% 6)
- O Ho M M3 AUC=0E79 6)
0 02 04 06 08 10

False Positive Rate

8 FEEEISHTZER ROC HiZk
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As the key equipment for transforming the
voltage level in the power system, the reliable
operation of the transformer is extremely important.
Improving the accuracy of power transformer fault
diagnosis is of great significance to ensure the safe
operation of the power grid. However, traditional

fault diagnosis methods have problems such as low

accuracy of classification models caused by
unbalanced classification of transformer fault
samples.

To address the problem of low accuracy of
imbalance of
paper
proposes a transformer fault diagnosis model based on

classification model caused by

transformer fault sample categories, this
sample integrated learning and Snake Optimisation
Algorithm ( SO ) optimisation of Support Vector
Machines ( SVMs), and the specific steps of this
method are shown in Fig.1.

In this paper, the accuracy of the SO-SVM
model is verified by taking the oil and gas data of the
transformer of the Southern Power Grid as an
example. The characteristic gases of the transformer
include H,, CH,, C,H,, C,H,, C,H, and eight
types of faults are selected.

In order to verify the accuracy of fault diagnosis

of the model proposed in this paper, three other
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Fig.1 Technical route for fault diagnosis

similar algorithms are selected for comparison, and
the results are shown that the diagnostic accuracy has
been improved by 3.44% , 6.89% , and 10.92% ,
respectively.

In order to verify the effectiveness of the sample
balancing method proposed in this paper, two
oversampling methods are selected to compare with
the method in this paper, and the results are shown
the accuracy of the method proposed in this paper is

significantly improved.
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