36k Hol HL T 5 AR 2 4R Vol.36  No. 6
2022 4F 6 A JOURNAL OF ELECTRONIC MEASUREMENT AND INSTRUMENTATION 161 -

DOLI: 10. 13382/j. jemi. B2104980

ETZREBSHTSBGE SVM NEERSE RS

Yk ATHRREl E &
(RDUORARAS Agfessbe B 430072)

T B OFRAE G AR AR U 5 vk A I B A A B T R M SRR AT [P R, 418 1 BT 22 RO A vt 22 B0 5 ( SDMFE )
A R AL (HHO) Ak SCRe 1 AL (SVM) USR58, RAZE TR R 09 2 RE Sk 208 R SR 3E S
SR B A BRI A R R OB RRART Bl KA SDMFE 3R78 15 BRRRE 4 A SVM 202 1R 1148 T 4 A [) A e
[, [, A TR SVM IR BIPERE , 5T HHO B3ELL AN HER b e #: SVM 280, e, P AR 48 SE AR 3 5 5 k15
TX RS, SARI AR B A R DE A0SR W FIAS [543 225 L, JT 05 125 B 98. 569% 1Y 5 1o TR 31 e B 2 AR e i 14 1401
FasEd:, S5 SR R IAITHE  k BE A A ALCHR IO SRR R E 0 M TR AR PR BB AR S

KRR AR AR 5 22 ROBEARHE 2RO 5 SCRe 1] 0L 5 1 TR I AR SR

hESES . TM407 XEIRIRAG: A ERREFRSEKRE. 470.40

Fault identification of transformer based on multiscale
entropy analysisand improved SVM

Shao Kaixuan He Yigang Wang Lei

(School of Electrical Engineering and Automation, Wuhan University, Wuhan 430072, China)

Abstract: To handle the problems of difficulty in extracting fault features and low identification accuracy of traditional transformer fault
identification methods, a novel identification method is proposed by fusing standard deviation-based multiscale fuzzy entropy (SDMFE)
and Harris hawks algorithm ( HHO) optimized support vector machine (SVM). Firstly, multiscale analysis method based on fuzzy
entropy is employed to quantify the complex dynamic characteristics of transformer vibration signals, and then extract fault features under
multi-time scales. Subsequently, the fault features obtained by SDMFE are input into SVM for identifying transformer different faults. At
the same time, to improve SVM recognition performance, an optimization strategy integrating HHO algorithm is introduced to select SVM
parameters adaptively and accurately. Finally, a comparative experiment is carried out using the measured vibration signal of the
transformer. Compared with different information entropies, different optimization strategies and different classifiers, the proposed method
achieves the highest identification accuracy of 98.56% and identification stability. The results show that the proposed method can
effectively extract fault sensitive features and accurately identify transformer fault status.

Keywords : transformer fault identification; SDMFE; HHO; SVM
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Fig. 1 Scheme of the overall process of HHO
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Fig.2 Framework of transformer fault identification

based on SDMFE and SVM with HHO
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Table 1 Information of the used samples
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Fig. 4 Waveform of vibration signals of transformer under different conditions
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(multiscale permutation entropy, MPE) """ F1£2 K # 4
4% ( multiscale dispersion entropy, MDE )" 317 %} [t
SDMFE HIZ B & A i A ZEE m =3, %5 FR r=0.2SD
(SD AfESIbRMER)  RERF F1=10, MDE S48k &
N ARG m=3 WIEH T d=1, K0S 8 c=6, RJE
K ¥1r=10, MPE RIZSEBCE N AR ALERL m =3 IHAE K]
Fd=1, RERF7r=10, S 19],SVM S 1944
RILE R 27" ~2"

SESIN u,\rh —ANFEA Y SDMFE \MPE 1 MDE &)
fHNZ 2 iR, X SRR 3 Fs, Rh R T 45—

JORAS IR F RS R HE AR B fE A SRR [ R AT
1,5 MPE fil MDE A L, BT £ ) 1 56 T SDMFE (1) i
U7 L ARG T S5 v ) VE B 2R (98, 56% ) A 7 [a] R
(98.56%) , b i) SVM SEUE IR 4 s, X RIFT
R R TRL) Ty 32 AT L v AR YR ) A T AN [ ) e e
TR AR 2 P s TR 235 SR B B0 o A, ANl 5 F)?)T‘o
AILLF Y SDMFE By i glm K, BT fZih h =
{H, 11 MPE 1 MDE 9 I F @8 K, #7176 — %E#{E
XI5 MPE F1 MDE A Lt , SDMFE R 5082 2 P, A
BRBIEE R L I, 3T SDMFE (4RAE SR BT 5 fE
57 A IR AR R 25 N AE £ & (R B BRI i s
FRAEZE R R AL &, 289 B AT,

x2 BREH—AHAEARERERETFTH SDMFE MPE 1 MDE
Table 2 SDMFE, MPE and MDE of one sample under different scale factors
s
Wk ek
1 2 3 4 5 6 7 8 9 10

SDMFE 1.093 5 0.400 3 0.578 8 0.583 0 0.574 0 0.555 4 0.6310 0. 466 5 0.485 2 0.414 5

L1 MPE 0.874 6 0.959 1 0.992 8 0.995 8 0. 969 2 0.965 0 0.984 7 0.909 6 0.953 1 0.627 8
MDE 0.8251 0.840 4 0.844 4 0.760 1 0.692 6 0.745 3 0.725 4 0.687 7 0.674 6 0.6114

SDMFE 1.259 1 0.5154 0. 663 2 0.667 3 0.492 3 0. 604 6 0.581 9 0.589 5 0.544 7 0.447 8

L2 MPE 0.952 0 0.988 0 0.989 4 0.979 1 0.917 2 0.974 7 0.979 7 0.982 2 0.964 5 0.932 4
MDE 0.843 6 0.8279 0.805 2 0.724 0 0. 666 8 0.690 4 0.6750 0.614 0 0.661 9 0.568 3

SDMFE 1.040 4 0.411 0 0.587 3 0.581 6 0.662 1 0.661 9 0.721 4 0.584 5 0.5337 0.390 7

L3 MPE 0.910 4 0.980 9 0.996 5 0.987 8 0.956 9 0.986 2 0.968 5 0.946 7 0.935 4 0.889 2
MDE 0.789 7 0.813 8 0.777 8 0.719 3 0.649 7 0. 663 5 0. 664 1 0.631 7 0.621 4 0.541 8

SDMFE 1.340 8 0.455 6 0.463 8 0.533 6 0.4335 0.445 3 0.493 1 0.402 7 0.4320 0.4300

L4 MPE 0.983 8 0.967 4 0.9853 0.990 5 0.997 7 0.997 3 0.977 1 0.994 1 0.983 8 0.999 1
MDE 0.864 8 0.861 1 0.8557 0.837 3 0.800 3 0.775 5 0.758 8 0.717 3 0.720 1 0.697 1

SDMFE 1.433 1 0.451 8 0.5550 0.453 0 0.492 6 0.508 2 0.466 3 0.412 3 0.422 8 0.4156

L5 MPE 0.946 4 0.9817 0.992 1 0.968 1 0.992 3 0.983 2 0.988 7 0.982 9 0.987 8 0.998 8
MDE 0.979 5 0.885 4 0. 865 3 0.785 0 0.764 8 0.726 9 0.673 7 0.676 6 0. 668 1 0.648 7
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Table 3 Comparison of different information entropies

- Jiid:
%S
MPE-HHO-SVM  MDE-HHO-SVM  SDMFE-HHO-SVM

L1 100% 100% 100%

12 100% 100% 100%

L3 100% 99. 6% 100%

14 93. 60% 90% 95. 6%

L5 97.2% 92.4% 97.2%
VTS 98. 16% 96. 4% 98. 56%
EEGIES 98. 16% 96. 4% 98. 56%

%* 4 SDMFE-HHO-SVM #E gzt CFl g
Table 4 Best C and g in SDMFE-HHO-SVM

SEHREL wfEC Tt g

1 326.729 337 567 511 0.705 424 5127 837 84
2 95.925 724 277 621 9 1.997 398 856 818 15
3 929. 640 681 421 519 16. 093 319 302 782 7
4 410. 525 129 240 028 12.042 799 113 172 7
5 10. 485 504 309 528 7 5.093 459 849 959 31
6 520. 034 381 853 370 24.551 701 963 638 4
7 9.814 186 617 167 63 6. 567 565 581 386 23
8 7.256 998 963 286 52 4. 587 044 457 937 06
9 69. 967 226 435 899 0 1. 861 261 772 013 34
10 18.746 135 019 730 3 4. 817 375 702 466 67

1.00

0.98 #

& 096 o
0.94
Q
MPE MDE SDMFE

K5 T B A B 1A

Fig.5 Boxplots of different information entropies
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BRO13] AN 19 My & =,

LRSI 5 P, RRATA LT GS M RR
S L VA 2R A ] SR A AR, A GS 1 b 38 BB 4 A
MELAVEFE A TE 0 P A% KN K S8, SRS R 45 SRR
PESF . PSO FUIRNRCR F GS Hhf, 61 PSO 74 1 X A
[7i) 43 A (A B TE T BEBR R B I S8, A3 46 Lt GS A IS
NP T HHO A0 Ak S W B 5 R 4 13 0 i,
A% T GS F1 PSO, HHO fEME SEME [ B AR A 8 R 4%
FAEHT I EHE 25 (8] R AR A5 B 47 1) SVM S 80(E., BT 6

HIAALR EITT LG T HHO B3R 045 5 vp o B i v
FRIK/NG PSO MY, WA SR, GS A F K B i
AN RS, B R SR (A, X 3R HHO 7
HARB SPGB N R4 5 PSO A S IR e 1k
HI, HHO A %F T GS #il PSO T i& ] T SVM 19 &8
HEFE,

R5 TR RIEITLL

Table 5 Comparison of different optimization schemes
- Jj ¥
PR el
GS-SVM PSO-SVM HHO-SVM
L1 99. 82% 100% 100%
L2 100% 100% 100%
L3 100% 100% 100%
L4 91. 09% 96% 95. 6%
L5 90. 36% 92.4% 97.2%
iRk 96. 25% 97. 68% 98. 56%
AR 96.25% 97. 68% 98. 56%
1.00
0.98 %
&
£ 096
o
0.94
o) O
GS PSO HHO

K6 AR RS A 5

Fig. 6 Boxplots of different optimization schemes

3) S g L
T Bk HHO-SVM (1975 F £ ik e 1R 51 e 77, BT 4
Iy TR 44 B 16 446 0 22 102  back propagation
neural network, BPNN) U200 S A e RO A A ('support
vector data description, SVDD) ' #EA7%FHe, o Fe 4 SR n
&6 PR,
R6 ARESERBRIILE

Table 6 Comparison of different classifiers

b Jrik
SDMFE-BPNN SDMFE-SVDD  SDMFE-HHO-SVM
L1 98. 8% 100% 100%
12 98. 8% 100% 100%
L3 99. 6% 100% 100%
L4 66. 8% 93. 82% 95. 6%
L5 80% 64.75% 97.2%
HEH % 89. 44% 92.25% 98. 56%
FEAT B 88. 8% 92.25% 98. 56%
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Fig.7 Boxplots of different classifiers
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Fig. 8 Confusion matrix of the proposed method
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