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Equipment Anomaly Diagnosis Based on DGA and Sparse Support Vector Machine

PAN Lianrong' ,ZHANG Fuquan® , HE Jinglong' and YANG Jiayi'

1 Power Dispatching Control Center, Guangxi Power Grid Co. LTD. ,Nanning 530023, China
2 School of Computer Science, Beijing Institute of Technology,Beijing 100081, China
Abstract In order to effectively improve the accuracy and efficiency of equipment anomaly diagnosis based on machine learning,
a fault diagnosis model based on sparse support vector machine is proposed. Firstly.the principle of abnormal diagnosis and cha-
racteristic gas are analyzed,and the relationship between fault types and characteristic gas is given. Secondly, the data is prepro-
cessed from 4 aspects,including cleaning, normalization, balance and division. Then,in order to solve the problem of sparsity of
least squares support vector machine,a method is proposed to map data samples to a high-dimensional kernel space,and cluster
the mapped data in kernel space distance by spectral clustering algorithm,to realize the data preprocessing of least squares sup-
port vector machine,so as to realize its sparseness. Finally, the specific experimental analysis is carried out on a small sample
dataset. The results show that, for 9 types of faults,compared with other diagnosis models based on different types of support
vector machines, the proposed diagnosis model only needs 11 iterations to obtain the maximum fitness value,and the average diag-
nosis accuracy rate is 96. 67 % ,with higher accuracy and efficiency.

Keywords Anomaly diagnosis, Machine learning, Least square support vector machine, Analysis of dissolved gas in oil,
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B AT B2 2 AR AL B AR 10 B2 8, 3 T LR 2 3T 0 15 4 i e
VWi s 2 B T T e w A Hod i SR o b
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JE 28 BB 12 W AR L 3 5 2 BT A8 28 T v i e 0 SR A R
FAL B, T AR LA 56 3 45 38 17 R 28 0 s A i b 1) £ B,
5 —J7 i, 32 4% ] F Hl (Support Vector Machine, SVM) ff
— AL 2 ) 5 vk, 16 Ab BE S 2 RO R R MR B e B

FfE H 1 :2023-05-15 B4 H I .2023-08-28

BAFpPERE . B P 2R A UK DGA 5 SVM #4562
S A R 2 W

BN, Sahri 5 1 T —Fp 454 DGA Rl SVM [ H# Ay
AR TR AR RIS WE 5 . 1 B N DGA B B BURR AE A1 35
AR NS R A 0 LB s SR R L i SVMAE R 4 2R
R 5 B A R ALE X g B S T R AT 40 25 SRR WO IR AE
TR 45 o 28 A0 114 78 P 4 155 B el 4 Ry 38 P N 48 2% 45 1k
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T B A B TR ME . Feng S50V 0 SR A RN 4 43 AT
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SOA) e = SVM 43 25 45 (0 i 2, 45 SR 3R Wi SOA-SVM
53 A AR IR I [ L B 2 R e B B MR . b Sk
KR T DGA 5 SVM 45 & Bk A 3k

B /N T3 374 [ i HL (Least Squares Support Vector Ma-
chine, LS-SVM) & —F 3t F SVM 148 b 7 i, B A7 d £
I71) 4k B A6 L Rk R L AT M R R L b B AR R
X R T AT LS A B AR R R X R A S A B
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JR T 8 43 % (Local Mean Decomposition, LMD) JE 75 J& Ui [
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5 %15 5 BOR 5C 3 BT T B IR 3 A B0 S 8 R DU 7 A
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KR, S UE R A G b R R A 23 72 A — AR TR (COD |
AR (CO2) FNEC AL AT B8 0, T 7= 26 1 A0 1 258 2 R 4
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F1 ORIERA A

Table 1  Types of characteristic gases
S 4 7

AR AR AR RLBE.ZAMH

Cl 1% % H 5

C2 7 % 48NN NS 3

C3 % % NN S

1.2 SHIERETE R DGA HESE

T 3R e i A IR N 7 A 8RR AR SRR A2 T Y
HIAEAR . X I B0 AAHEAT 23 A AT LR AT G g I 28 AR R
o 7 R R A I R R . IR B R AR 1Y DGA B 43 1
S AT i F B0 — Fh J7 125, 32007 15 38 A 0 8 TR i P R A
ARG S BRSBTS ] 20 (R — S DLl i 2 T
FHAE DGA i h i iA sl nk 2 31,

# 2 MR E DGA FRIESMARM LR
Table 2 Relationship between fault types and DGA

characteristic gas

o % A B AE R K

28 4 3 H 7.3 (C2H2)

Jer 5 A AL F B (CH4) | 756 (C2H6) 7 # (C2HA) L 7. % (C2H2)
4% % # AL 70 (C2H4) 75 (C2H6) , H 8 (CH4) (A A (H2)

R O, A A (H2) ¥l (CHD)

N\ e A A (H2) F &% (CH4Y) . Z % (C2H6) . 7 # (C2HA)
W/ KRN A A (H2), ¥ &% (CHY)

W JE % ¥ (C2H4) L 7k (C2H6) | B % (CH4)

AL AR A5 7 (C2H4) . 2% (C2H6) | F % (CH4)

R % 7B (C2H2) . 7 (C2H4) . 7% (C2H6) L B ¥ (CH4)
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1 IR A WL 1% S i 17 I 5 A A A S e A o ke 2 £ Y O =X
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i FH 22 35 20 o B0 Sar A B0 B A W 55 31 v 4 A% s 1]
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Fig. 1 Sparse principle of kernel space clustering
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Fig. 2 Flow of the proposed sparsing LS-SVM
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il ok 2015

YR 2 N DGA B v 48 B Bl A0 B Mk R 1R R R 4
A, 0 de RAE  doe /BRI 25908 S8 146 A ok 1 3 SR vk 2
B 43 A 15 L 5

RIS AR B LS-SVM 432588 5 Il 2k 4 b iy
HOHE AT BB YN 25, 58 5 f /N Tk E A R BOR SR i 43 2588
e
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SVM 53 KRB SHA G R ESE v MWK d, L
P05 4y AR TR AR

BRSNS XS YR AT B B AL LS-SVM AR Y 3E
1T VEAN

3 XBERSHM

3.1 HEREESLHRRE
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i AU = AR U R AR, BLS S S9-M-800/10, M 7 7F
9 PR PRI, BT SHCIRE 28°C LI 60% , ik =
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JE 4.5% . UIZREERM R 4 09 bl 2 1, 331 270 40 5095,
T B R AR B TR S 30 B BLR g /NVEEAS , T % S i
BAFEILER . DGA B £ R & N3k 3 fir g,
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#3 DGABHRERE
Table 3 Configuration of DGA dataset

B EA %5 YEE NRKE  AHEEE
28 4 3t 1 20 10 30
i 2 20 10 30
X 8 3 20 10 30
2 4 20 10 30
w9 5 20 10 30
W/ AN 6 20 10 30
P E 5 R 7 20 10 30
ML A 15 8 20 10 30
% 9 20 10 30

A8 SIS IE ff FH A9 Matlab PR crossval, #i Bifb LS-
SVM 8 RESE y MEZHX MK d I Rs 2R
e 3 s,

B3 LS-SVM 4r S8 Shn &R
Fig. 3 Schematic diagram of parameter optimization of

LS-SVM classifier

LR RSy M2 8 d W HE B 5
S 0.8409 A1 3(1.58496), JF L2 K LS-SVM 2K 45 &
B R AR A eI E
3.2 SHTIERES T
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Fig.4 Fault diagnosis results of the proposed model
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Fig.5 Diagnostic results of three models

ALLE M, H . SOA-SVM #il LMD-LS-SVM, # & 1k
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SYRFALEFZ W T 13 $i. LMD-LS-SVM 4325 #% 1E 7 12
T 21 M) WA Ak LS-SVM 4 2R IEFRIZ W T 27 6L B B
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Table 4 Comparison of diagnostic accuracy of three models

%
BT . Y X Ed
i Hi A LS-SVM SOA-SVM LMD-LS-SVM
xRk 90. 00 80. 00 80. 00
Je ¥ R, 100. 00 90. 00 90. 00
%% 100. 00 90. 00 90. 00
A & A 100. 00 80. 00 80. 00
A, I 7 90. 00 80. 00 100. 00
IR/ KRN 100. 00 80. 00 100. 00
W E B R 100. 00 80. 00 90. 00
AU A5 90. 00 80. 00 100. 00
% 100. 00 80. 00 90. 00
B3 IE R 96. 67 82.22 91.11

Xof - JR R A 2 Ak L R B O R KR TR
i R AN T 45 AKX 6 il R 28 B B AL LS-SVML i1 F4)
IEF 33K 5) 100 %6, HAb i B2 A R 8] T 90 % . F 35 1E
FH 96.67%. SOA-SVM #1 LMD-LS-SVM (¥ 3 5 1F i
430Nk 82. 22 % F1 91. 11 % . B WAL F#i s fk LS-SVM,

AN AR B Al S B AL 7 B AL LS-SVM Y 3&E R B2
LR SBIGH B TR AT 11 YR AR T LA AR A IR K 3 I R
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Table 5 Comparison of convergence results of fitness curve
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