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Study of transformer fault diagnosis based on improved sparrow search
algorithm optimized support vector machine

Li Huangman Zhang Yong Zhang Yao

(School of Mechanical and Electrical Engineering, Shaanxi University of Science and Technology, Xi’ an 710021, China)

Abstract: To solve the problem of low accuracy of tradition transformer fault diagnosis methods, a transformer fault diagnosis method
based on the improved sparrow search algorithm was proposed. First, the opposition-based learning ( OBL) is introduced to optimize the
selection of the population to improve the global optimization ability of the sparrow search algorithm. Then use the ISSA to dynamically
optimize the kernel function parameters and penalty coefficients of the support vector machine, and obtain the fault diagnosis model of the
support vector machine optimized by the ISSA based on DGA. The original data is processed through very sparse random projection to
remove redundant features. At last input the processed data into ISSA-SVM for fault diagnosis, and compare it with GWO-SVM, PSO-
SVM and SSA-SVM. The results show that the fault diagnosis rate of the ISSA-SVM is 92% , which is 10. 67%, 8% and 5. 33% higher
than that of GWO-SVM, PSO-SVM and SSA-SVM. So it can predict the operating status of the transformer more accurately.

Keywords : sparrow search algorithm; support vector machines; fault diagnosis; transformer; opposition-based learning

SRR, YA A A AR RO b P R a5 SRR R B
R R i Wl e e A W P A e R R W NG o TIPS
(dissolved gas analysis, DGA ) B A 728 Hs % {5 512 W 1Y) &

0 35l

[l

TERL I B GE R, 8 T A P T R T 2 4 5 A2 fi ) O
FEULA X MR S TR AR R X
AF R RIS TARAS HEA T SR W | B bk BV AR b 2,
TREEH ) RGEM 4 B R BSR4 20 s it
SRR B3 N JEE 55 74 s e B S T 2 [R) 77 A 52 4% A

W ks B . 2020-09-13 Received Date; 2020-09-13
# FRATH  EK A RFHF R A AR AL 4 (51806133) 10 H % 1)

LY

AN TR AR Az s RIREEE SR
HHHL ('support vector machine, SVM ) PR LS &
55 DGA HASS G Wil B2 Wi Y m] LA R0 32 i i e 12
Wi, H TR B2 W FH 52 1) S A 28 10 4%



<124 - I e 1 3 1

W35 5

5 SVM, HRZ M [ 2= 2 Be 1808, (H 2 A TE I 2R
AR, % 25 R RN A7 2 T WAL S5 R 18 S il a5 )
I LE S L MER P . SVM (2 B 5S04 3¢
SRAIZACRE ST, AT LA R D 4 1) 8 S/ INRE AR 432K
TR0 DR AT SV 8 A i B 43 288 B A 725 1 8 e i
WA IS (H SVM 832 W i 1 256 5 Fir 158 U1 4% R
S EOEST I A ¢ NI 223 8 1 8 setifk
FEXTSEGHATIR I, SCER[ 11 ] KRR (GWO) 1
ARSI 7 DA o e B 40 24 B2 5 Sk [ 12 ] FH 2540 4k
FILAAL SVM S LI S iR i2 W3 STk [ 13 ] kL
FHEEIL (PSO) XA R B S G AT AL, B2 8 T A8 R 4
PSRRI RS B2 5 SCHR[ 14 ] G 1 (GA) 1T 38K
Pt , LAge =28 Fe 25 il B2 W e o . SCHR[ 15 ] 2R
I3 AT (PCA) X728 He g8 Bl 47 A B[R] sk FH AR Ak e
B SVM #EATHUR2 W 5 {H 33k SE A 58 4 A 1 )
PR A AENCSAOR BEAS | ) I A Jm 8 e D0 25 e a5 xfE LA 32K 58]
TR MHERR S, DRLMORT DASE o SR HTHT 8 Re DAL R0k L i
P4 Jry AL )

ZE B TIR AR SCHR T e o R S 4 R SRR 1 AR TR
BRI W vk R R B A (KPCA) X
7 g 1R B0 R A S A7 A 2 3 A 2 B B i 1) JC U
fIE SR G 51 A B3 B2 1) 2% > P X Rk 6 48 R 0k
(SSA) A7 Btk , A el ik I 9 PR 42 48 R 505 4k SVM
P SH, IR TE R m s AL 3 25tk R . B e B 1SSA-
SVM 5 SSA-SVM , PSO-SVM ., GWO-SVM i %F [t i %,
SR ISSA- SVM X% e i il ps HL AT 48 81 1412 W ofe
W,

1 SSA &i%

1.1 SSA &%

SSA J& 2020 4F Xue %5 MR IR AE T2 Ik b Al 1
B AT MR — R S A Re L B KB
TEZS (0] PN B 4346 7 B PR e = 4k 2s (Rl N ROBRUE . 8 Tk
HRRRZE I SR A T N AR 2 T AE 45 8 YU BN S A ad R iR
RN E R R )RR E,

e TSR PR B B E AR R BE = Ak
FIRF, MIBEN SR, BRSO RO T N, R
A R B A AR B AR .

X, - exp(

),R2 < ST

o - oiter,
X, +Q-L,R, =ST

Ao ACEYRTEACIRE, drer,, FoR i R AIER B,

X;, FORH IR j AP AL EE R, o e (0,1]

JE—BEYLEL, R,(R, € [0,1]) FIST(ST € [0.5,1])

X = (1)

3N FR BUEAAE T E 2, Q A& MR IE 2 4341 i Bl AL
L FR—DICEETA 1 RAERE

I B HHTAE
0 (x - X) o
o+ " exp ; Jg>n
Xi,j] = i (2)
Xpt X0 =X AT LA

K. X, 2 HAT A BE T SR S X, R
MHT A R ZE L E A TR —A Ixd IR, Hp A~
JCEFENURAE A 1 8-1,3FH A =A"(44") ",
X FEAR YR ARA A 7 (5 224 iy e A5 7 (L
2B AR o I st 4 BN R A SR A
Xy ¥B -1 X, =X 1S > f,

X, =X, (3)

worst

J

X, +K- ((f‘f)*'é‘) S =1,

K X, B YATN 2 R E i ;e 1E A P K=
B RN IIE R 0, 7258 1 IER i I REHLEGK
[=1,1] B BEYLEL, RN RRAEFE SN0 J7 ] [F] s )2
AR SHL £, W S HRR A AR A8 L BE A f, S,
532 TR A R Y I A 25 W B M s e SR /AR
B, DUk REH B O,

i SCHRL 16 ] SR PERE 438 T 0, SSA K i
o P A L a5 B ST 1) pR B I SR PR R v T L e AR
BHeIbiA . FH SSA SR A fe 0k 2 i A A8 1) R ER s
FILVERESS A B T R, BAE SR 4 )R Lk # v, Jf
ASBERA E B LA 1 7, DRI AR ST K (4) X R B A
BUATIEIE B SSA X e A0 fff 125 I o 45832 ) R i) -8
KGR, R Ak 0 A R A ERE . & BUE B R
FHIEUT .

(X, (1+0Q),R, < ST

Aoy = X, +Q-L,R, =ST
1.2 ISSA &k

J2 [0 2] SR ( opposition-based learning, OBL) Er=pen
FRRE A I A B P AN AR 0 57 A B R N — AN 2 1)
B BT AR SORE Bh A R 1) A% 2T SR I SRR A Bk
H SR R FE R RE A AR Y E N AR B A R
B IIANA FERE 1A A3 0 BE 5 S ]S4 1) 36 1 BE
TTPEAT B B VR N — A AR AN & T R
PR Z AR e T 3k p Sk B, T4 R SSA
M4 RS R EE T

X, R IR 2 1) A AL R SLH

Xi (1) =k (a(t) + kb (1)) = Xy(1) (5)

a;(t) =min(X;(2)),b,(¢) = max(X, (1))
A kb, BT(0,1) ZIEFFEALEL,

SSA BEGI A SIS B 2 2 5 P BR AR

1) TR AR B A A RS A AL E R X

(4)



55 3 1]

T ISSA fifk SVM (1735 [E 2§ ik 12 Wi ik 5 - 125 -

2) AR (5) T R MA X, IR AME X

3) TR AR 3E I REA, 1 h AR X, R ) A
T X B IE L REVE AT AT — kAR
1.3 SVM

SVM JEIETF G5 127 > BHIS 1 25 18 UG F /DN T 2 AT
VC 4ERE AR AT BRI REAS (S B AR 9 5 2 AN F )
fie )1 2 18] F- 3P4, LAARAH B i iz AR RE 11 e ok
IINEEAS B 432K )

XtHFAERPEREAR 75 BN R A HE M 43 [ = 2 ik
S BN T YRR AR 25 18], I 78 R AE 53 8] 2 57— A A4 2
ST ol R AR KA i R AR 40 ROk ] e B S i %
B KAl T A DA AS R L X 43 B4 1) R 207 8P ) 2k
KA.

we(x) +b=0 (6)
s o (x) AW PREERIA R w R M Y
W b AR,

FEXTERPEARTT 23 [ 8, S R 1) LT ZE KT 0 17k
AT € FibaihAs it & H HARRECH .

Lo = ol + (T é) ™

Jo 1= (-D1 2

(8)

2 2
0+, +

T foe YU AR A B B d e I E R R AE, BRI
o |l Fe/MEARERFRITES 702, DI T 9 S8 7]
FEU VA 235 1A — > R T,

1 .
min - w*+CX ¢ (9)
hdas i=1

tw,. el

s.toy,(wx, +b) =1 ¢,

£&=0,i=1,2,-,1

AR B3 H 3 5330 12 0 A phe b 3k ) T, 0] e A0 7
T BRI RN -

(10)

y=ﬁy(2amKU¢x)+w (11)
A, SV oI HEm A,
H X TY: H ?

K(x;,y,) =exp( - o ) (12)

1L B2 SR 2, SVM i 20 1 Y S 40 T 51 240
C SRS B0, 312 M0 RN BE A
PR ZE TS B NS B LS B G S R
TRISBER R DR ML i P SRR AL A B ) 26
AR AL (C,0) da AT LIZEARKREIE 1§ i b
LW,

2 EF ISSA RUMIFE S iRy

2.1 ISSA-SVM
ISSA fltfk SVM BYl 2 Wik 72 24 LA T L4
I ISSA Pk SVM AR WA 1 R,
Fih

H—4

VI SSAS L K SVMSB 4

Y
VRS RS R
B R IA A& LR

¥
RIEE L BEHE PP ST R B S

THE B E
PE =S v
EHRAE SEMEMLE
¥
EFRIRBIERARER AL E
v
TR B R & R R

v
R AT R
BN R AR AL E

RBIEB K

WmHBRSH
7
R FAR S VMR

PR HR

P&

K1 SHAUeE
Fig. 1 ISSA optimization SVM flowchart

1) Bl SRS WA R A i A S R O R A
8 B0 O A TR B B A i R 7 T A ) e
R TR R 23 R U AR A R R AR 4T 05—
U3

2) WAL RREIE R A S SVM AL S5, BEE il
TERLRE e Rk AR B

3) YIGAEA AT/, LASE XU UE AY R R A S R
FEA AR 3 I A

4) ARPEI(S) AU R FIRE . X A RAE Fh B
AR 3 0 AT HE I, 2 1R T R R A A R B
HAHIMAZE

5) IR (4) FHABENE, TRk
AT IEAT T 2R, 35K T V(A A O &



<126 - I e 1 3 1

W35 5

74,

6) MHEZC(2) A F BB, AR HE R S
M i>n/2 W ANARIE R BE(E FL AR, 3k 2T A8 7 2L 3
b7 A T8 R DA i AR o

7) AR AR 38 Ry 5 4 i e A o (A T
XTI, I BH 4 R e S R . # IR (3) BT 10T A pR 42
FIOLE SRR 2 R R e

8) FWrk AR U i e 21k 2, nAS i R, T
IR ER 3) 24508 2 d Rk AR BN 1k i B it S
B, 857 ISSA AL B SVM B EI2 Wik 7Y
2.2 PEHFIEREX

AR R g s AT A TR AR AR B 4 2 0 v s R ) S
RS S e R AR, PRI T L s X g o i A 1
AR 5y 55 B i EA ARSI Sk T T AR e 2 5 AR AR T AR P
PR AT A TS PR

7 T A DA 1R R M S T AR R B s, BLAFAE
TCROM TUARFHIE SRS W G HER R, R b T X e
A RS B AT SR A R I, JF R BRC A 5 (5 B
AR SCHE ] KPCA X HCHE HEAT AR L PERE 2, AT 2% fiff A5 7R
FIR PG BLG , IEEE SRS B 0 A R

3 EF ISSA-SVM KT [EZZHFEI2 W 45 4

AR SCEE R i D P R e R AL AR R AR R A
TH AR AR SBT3 D 3 e X s A A AR
HEAT A3 M 0T AR 25 s A TR . AR SCE I T fi
e el B AR A 0 5 B RRIE <K, BP H, . CH, , C,H, .
C,H, Fl C,H, VEHN7E e & WO BE AR AE , 1] KPCA BEAT [ 4k
AEBRIEAE R 12 Wi BB [ B A &, 38 3 ISSA-SVM #4712
W, it A R AR RS A Sy AR A B e
JR R AR BE R, R RE R S I 6 FhRA ) R 1o
o3 R

®1 TEFRYGEHE

Table 1 Transformer fault data (pL-L™")
H, CH, C,Hy C,H, C,H, ]
40.5 81.7 11.3 15.6 0.1 FP I IR I A
165.8  331.6  151.5  820.4 37.5 e R I
4.6 16. 1 3.2 4.7 49.6 BB
301.5 48.6 13.9  115.8  123.6 [ GEl
3.4 4.8 5.8 10. 6 1.8 EH
180. 5 0.6 0.1 0.2 0 Jry BB,

H5 7R A I I B 5 20 M U Rk AR Fn iR A |
SN ZREAS X TSSA-SVM 4T 43252 3, 9K J5 S,
FEARFEATHEAS W, 38 1 X L 52 i s -5 0 100 e o 75 38

ISSA-SVM H 3 2R UER R . A T 90k A SO iR 5 ik 1 i
Witk 5 Al 47 M, 6 T PSO-SVM, GWO-SVM 5 SSA-
SVM \ISSA-SVM 47X}t o, b 45 5 FE AR 23 A
2R,

R2 HEARSESH
Table 2 Data number and classification
[ PRE SR fkee  mifE R

i

o o U7 b b b

' 1 2 3 4 5 6
YIGHEARE 30 35 35 30 30 35
TR AL 10 15 15 10 10 15

3.1 EERIMEkE

A SCLAYINRAEAS 1 d5c 15 43 SR 5 R A A 1 ) 2 ST
HAReR%, FH SSA . PSO .GWO 43 HI%F SVM S04 74k
fEIF5 1SSA FALas Rttt 2 FiR A4 B ks
S UEER R LA

95 r

90

80 f
= GWO
?’g 75 ——SSA
) —ISSA
) —— PSO

0 10 20 30 40 50 60 70 8 90 100
BRI
B2 Ayt e T i

Fig.2 Classification accuracy optimization curve

HIE 2 AT 4%, GWO B3k £E - 7 v e 3 o B A
Ry, PSO S i T H [ B A7 e X B B AL Ak vl
FIUAR BRAS AR (1 S5k I 5 JFL G ok AR A5 B 1y 14032 BT oA A 6
ISSA JIA T i FUE AL 55 Bl A5 B 1 24 > HLA], ol
SH PR X ZRAE AR B 70 JE i AR s sk mT L,
ISSA ik SVM 2 Bt 7 78 s 2 i I 12 W7 5 4 A7 T
itk
3.2 MRS EERSH

RN ZREA i i 7 SR R N R (S B A 12
WA X AR AR HEAT 2358, IR U0 A R R 2 5 52
Pt B B A5 L, SR R R P, 3R 4 O 4
FRTE RS BE RIS R ) 73 2R UMERR 3, 18] 3~ 6 BTz A T
SRR TN 25 R S PRE R L



Bl

%

HAh

Il 3~6 A5 ZE I ZRA0 5 DK A ) 4% 0
T, ISSA-SVM T fff i I A8 F& 7 B4 5B A 550k 69 A, il
B 12 W TF B0 8N 92% , SSA-SVM  PSO-SVM ,GWO -SVM
W IE 2 3 51 Ry 86.67% . 84% 81.33% , 45 RKW],
ISSA-SVM X 48 Fe 45 14 5 12 W 5L A B8 v (4 m Sk, ml A

sk o STERIRES%
* TR K

5531 FT 1SSA fiAk SVM (1978 JR i B2 WiiF o 127 -
x4 AREFEHERNZSEE 601
. . . L O SERRMASES 2
Table 4 Comparison of different methods of fault detection 510, TR R 525
WAl GWO-SVM  PSO-SVM SSA-SVM ISSA-SVM 501
IR 9(0.9) 10(1) 10(1) 10(1) 45 ¢
R 12(0.8) 9(0.6) 11(0.73) 14(0.93) @t
EH 13(0.87)  14(0.93)  13(0.87) 14(0.93) Easl
ERERCE  8(0.8) 10(1) 10(1) 9(0.9) R0l .
RAERHE  6(0.6) 7(0.7) 8(0.8) 9(0.9)
JERE 13(0.87)  13(0.87)  13(0.87) 13(0.87) 23
MIETE 61(81.33%) 63(84%) 65(86.67%)  69(92%) 207
15}
6.0 1.0 0 10 2‘0 3‘0 5|0 6|0 7‘0 QO

40
TR A
E 5  SSA-SVM £ Witk i SEfr 5 1 43 2%

5.0 BROTREIROR
45 Fig.5 SSA-SVM diagnostic model actual and
40+ * predicted classification
35+
3.0 * * * ¥ 6.0
O SLERURES K
25 55 * TSRS 2R
20 * * 501
1.5¢ 45
10 S e e - - 40t
10 20 30 40 50 60 70 80 ‘ﬁ;l
WS RE A £3s
3 GWO-SVM 12 IFHER S b 5 0 4326 K30 x
Fig.3  GWO-SVM diagnosis model actual and 25
predicted classification 201 X
1.5

I e
ST % FMREN K

P00 20 30 40 50 60 70 80
MR

K 6  ISSA-SVM 2 Wik SR T 4328

5.0 SRR

45 Fig. 6 ISSA-SVM diagnostic model actual and

4.0 predicted classification

3.5

307 * X SRS A 0 TN 2 T 2 SEPRis A TR

2.5

: 4% B

151

LO 0™ 20 30 iﬁJﬁg#ZKSIO 60 70 80 ARSCHR T T R R B SRR ] L
s

Kl 4 PSO-SVM 2 Wi R 5L br 5 Bl 432
Fig. 4 PSO-SVM diagnostic model actual and

predicted classification

PR AR P 28 8 B2 W 1Y) i o 38 5 A Bl A R ) A 2T )
SSA HEATHLAL , #E 1M 2 57 ISSA-SVM i &2 Wi 1 | ply 72
JE#5% SE Brl e 0 45 S 7T A, 5 GWO-SVM Al PSO-SVM
FHLE  ISSA-SVM SR Wiks BE &1, 12 Ak fig T, w] A AR
JEgi B S B RS AT 028 ), TG S & BB 1T
FRAELE R BRI, DR PR P2 1 & 458 1T

SR FH WSO IR AE 48 R S VR A SR 1) s AL AL 57 17 s
ISR ELA 7 3k P SN AT R AR 2 A R 12 T
T L 07 380 H Al 2 8 1) S 4 2 I, SR A DR /N AR
A3 2SR BRI T — R AR



128 - GRS R SR A %35 %
S BTk 172-180.
[ 1] JAMES H. Harlow electric power transformer engineering[ M ]. Lo MWL, i, s, 5. JET DOA MHLEEG S AT
S o, UShs CRC T 2012, 601600 5 IR 27 2 L0725 R 3 OB 85 1. 5 38,
[2] FNF, R T LY 5 DGA 15 A 2017, 33010) : 124-130.
BES T K i BFIE [J]. R FE L3S, 2020, 56(6) - LEI F, GAO B, YUAN H M, et al. Transformer Fault
262-268. Diagnosis by Using Rough Set and Artificial Fish Swarm
ZHOU G Y, MA S L. Study of transformer fault diagnosis Extreme Learning Machine Based on DGA[J]. High
and location based on machine learning and DGA[J]. Voltage A}Ciparatus, 2017, 53(10) ; 124-130.
High Voltage Apparatus, 2020, 56(6) : 262-268. [10] MAGALHAES S, BORGES R, CALCADA L, et al.
(3] skmide fHaR], A G, 26 6 T VR 2% T i g A Development of an expert system to remotely build and
R R RS T [ 0] PR T e 5 S A control drilling fluids [ J]. Journal of Petroleum Science
2020,34(1) :81-89. and Engineering, 2019, 181.
ZHAO CH L, HE Y G, DU B L, et al. Intelligent fault [ 111 T BESH, [, 5. 63 A0 7 BOA it
diagnosis method of power transformer using deep PARMEACTEE M2 P K T R e o [J]. A
learning [ J ]. Journal of Electronic Measurement and shfe, 2020, 42(1): 10-12,21.
Instrumentation ,2020,34( 1) :81-89. WANG X, YAO Q, GUO H, et al. Research on the
[ 4] WEET, M, MRS, & TR 2 i transformer oil detection system based on multi-frequency
TSR MRS W [ 1], ARG SR, ultrasonic wave and improved grey wolf optimization [ J].
2019, 47(15) ; 86-92. Electrical Automation, 2020, 42(1) . 10-12,21.
CHEN J N, YANG X, YE CH J, et al. On-line fault ~ [12] BOZHL SREESC, TALM, 6. BT DCA M9 4L
diagnosis method for power transformer based on missing SCREI LA ) A PR AR SRS T[], R Fe L A,
data repair [ J]. Power System Protection and Control, 2015, 51(4): 13-18.
2019, 47(15) . 86-92. JIA L J, ZHANG J] W, WANG CH L, et al. Fault
[5] BREE {150,358 47T, 3T 15 5 b 25 00 45 1 0 R 42 1l diagnosis of power transformer based on DGA of
TR T AL B T4, 2020,41(4) . 86-94. Algorithm for SVM[J]. High Voltage Apparatus, 2015,
CHEN L L, HE Y, DONG SH J. Recognition of 51(4): 13-18.
hydraulic pump leakage status based on deep neural [13] WBVE, AEE, XM, % TR
network [ J]. Chinese Journal of Scientific Instrument, SRR AP I2 W[ 1], B T KA
2020, 41(4) ; 86-94. e HARBIERR) , 2019, 44(5) : 54-61.
[ 6] MBET, 3845, T HBEEIS A o im gt 4 2 TAN G SH, SHI Y J, LIU D D, et al. Fault diagnosis of
RETFAE[J]. I RS AR 5846], 2019, 47(7) . transformers based on support vector machine with
22-29. improved particle swarm optimization [ J ]. Journal of
LIN X N, CAI J D. Evaluation of transformer oil-paper Kunming University of Science and Technology (Natural
insulation based on rough set theory[ J]. Power System Science) ,2019, 44(5) : 54-61.
Protection and Control, 2019, 47(7) ; 22-29. [14] MANT-RE, S, 558, 55 T CRrmEm
[7] RBE, 2% 454 LMD =#A8 fl ABC-LSSVM {5 AR E R AR RSB 2 W [ )], B R KM
PAHL S B a2 W [0 ] A 70 4 15 43088~ 41, 2020, (FAARAAR) , 2018, 58(7) : 623-629.
34(2) .80-87. KARIT S J, GAO W SH, ZHANG Z W, et al. Power
TAN EN M, LI F. Analog circuit fault diagnosis transformer fault diagnosis based on a support vector
combined with LMD cloud model and ABC-LSSVM[J]. machine and a genetic algorithm[ J]. Journal of Tsinghua
Journal of Electronic Measurement and Instrumentation, University (Sci Technol) , 2018, 58(7) : 623-629.
2020,34(2) ; 80-87. [15] MR, ik, 5T IABC ik SVM (78 25 i b
[ 8] SR, SUHEER, B Tk, 4% 2T ICEEMD K AWOA W[ T]. B RGP 5 I, 2020, 48 (15):

LAt ELM IR 8 75 1 [0 ] A ER AR A,
2019,40(11) :172-180.

ZHANG SH Q, YUAN SH Y,YAO Y Y. Machinery fault
diagnosis method based ICEMMD and AWOA
optimized ELM [ J]. { %% ¥ & 2= #i¢, 2019, 40 (11);

on

156-163.

XIE G M, NI L SH. Transformer fault diagnosis based on
bee machine
optimization algorithm [ J ]. Power System Protection and

Control, 2020, 48(15) :156-163.

an artificial colony-support  vector



55 3 1]

T ISSA fifk SVM (1735 [E 2§ ik 12 Wi ik 5 - 129 -

[16]

[17]

[18]

swarm

XUE J K, SHEN B. A novel

optimization approach: sparrow search algorithm [ J].

intelligence

Systems Science & Control Engineering, 2020 (8): 1,
22-34.

TR R BT H IS R 2 ) B 2 H ARG A
fiH 55k [J/70L ], 31 55 4L 1z . 1-8 [ 2020-10-19 J.
hitp://kns. cnki. net/kems/detail/51. 1307. TP. 20200812.
1831. 010. html.

LI ER CH, YANG R R. Multi-objective estimation of
distribution  algorithm  withadaptive
learning [ J/OL ]. CODENJYIIDU. 1-8 [ 2020-10-19 ].
http://kns. cnki. net/kems/ detail/51. 1307. TP. 20200812.
1831. 010htm.

WRING X /INoik | R o, 36T 22 RUBEHR S i AN ek it 22 43
SERH G ) LA VR S b R SRS W 2 [0 ]
SRR, 2020,34(2) :20-28.

CHEN P, ZHAO X Q,ZHU Q X. Rolling bearing fault

diagnosis method based on multi-scale permutation

opposition-based

entropy and improved multi-class relevance vector

machine [ J].
Instrumentation, 2020,34(2) :20-28.

Journal of Electronic Measurement and

[19]

(20]

FAH, ARG, kK, . N Z R E T X
Feml AL AL R AR 2 W ik [ ], P E AL TR
24, 2010, 30(13): 128-134.

GUO CH X, ZHU CH ZH, ZHANG L, et al. A fault
diagnosis method for power transformer based on multiclass
multiple-kernel learning support vector mchine [ J ].
Proceedings of the CSEE, 2010, 30(13) : 128-134.
Wil , 2Rliz. HET RO i 28 i ok B B 2 26 7
RWFSE[T]. AEHRAR, 2017, 54(9) : 43-46.

CHEN ] M,
classification method for transformer based on fault tree
analysis[ J]. Transformer, 2017, 54(9) ;. 43-46.

LI Y. Research on quality defect

EEE N

FEE 2016 4T P4 R7AG 54
S BURBR PG BB 2 W5 A, B
WFFE 7 6] R L ) R G REAS N
E-mail : 1139536425@ qq. com

Li Huangman received her B. Sc. degree

from Shanxi University in 2016. Now she is a

M. Sc candidate at Shaanxi University of Science and Technology.

Her main research interests include intelligent detection of power

system.



