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Adaptive multivariant optimization algorithm for partial discharge recognition

Xia Jinping' Gao Lian' Li Peng' Chen Changchuan®
(1. School of Information Science and Technology, Yunnan University, Kunming 650091, China; 2. School of Information and

Communication Engineering, Chongqing University of Posts and Telecommunications,Chongqing 400065, China)

Abstract: The correct identification of partial discharge (PD) as an early indication of many insulation problems in
electrical equipment is crucial for formulating maintenance plans which is an effective way to avoid catastrophic failure
as the associated defects are treated at an early stage. The memory-based Multimodal multivariant optimization
algorithm(MOA) is applied for PD fault identification based on an iterative global and local search to further improve
the accuracy of partial discharge (PD) fault identification. However, the construction of the algorithm's search element
has randomness and the setting of related parameters has high pertinence to the identification of complex PD faults in
the actual environment. So This article proposes a novel adaptive multivariant optimization algorithm for PD
recognition(AMOA). The first step is concerned with the PD data projection into different grids, in which the data may
be removed from the data set if it has sparse local density and number of data peak density points are explored as
potential PD fault categories if it has high density. After that, the memory-based MOA is applied to identify the PD
fault based on an iterative global and local search. With a view to examining the validity of the proposed method. it is
applied to the PD datasets of corona discharge, suspension discharge, air gap discharge, discharge along the surface in
high-voltage equipment, as well as to the PD datasets of Insulator Surface discharge in GIS under actual operating
conditions. The results show that it’s average recognition accuracy is 19.53% .13.04% .19.46% .37.18%.7.79% .
8.13%and 4. 19% higher than that obtained by the RDB, KPP, SVM-KNN, DPC-DLP, GWOKM, PSO, and MOA
algorithms, respectively. It could be concluded that the proposed approach offers the advantages of high PD fault
recognition for the electrical equipment.

Keywords: grid density;density peak;partial discharge; multivariant optimization;fault recognition
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Fig.1 MOA algorithm structure diagram

GA: &R %
LA: R &I

MIE 1 H A A MOA Bk Z ufb 45 m 4 R £ ot
(GO HREMEITCL, ) LLZ UL 8 F 4 B Hrh 220
G, Wit fsbr it B L m L., A0 G, Wit 1865
BEMREED L, 08 E 2PN 8042 )R KR i
RS 5L F I R ST R

BB DRERBERE BEN BRI RS
R B 285

B BR DA R Rz AT 2 R R IT G, BV .

G, = Lunifrnd (L, su,) s sunifrnd (L, suy) ] (D

Hobs Ly 5w, 23 B PR g —dE b ok
B/ ME 5

IR 3D E 2 R I8 R ITE N JEAE (fitness)

fitness = W, X S, +W, XS, (2)

o« 11



5 AT & v F o

T # K

H, S0.S, 7l R T R NI B E (G (3)) 526
I B B R (X (4))

S,=> > X, —z, I (3)
IIVX’GZ,
S,= >0z —z,1* 4)

i=1j=itl

Heo , R OFBERE W, =0.2.W, = 0.8, fliff%
PN B e /A | 2 ) B e KA DA PRAIE SR B R

PR OEERBRITATLETIRELB NG
WM EIT L,

L, =G, +rX[l,.l,] (5)

Hrp, r R ERRE, 1, h—1~1 WEEHLEL

AR 50 W3 AR AR 1Y 1 R OTAE N EE 1R T
AT 2 TCAL S HE AT UCGEAR;

PR 6k ML IR 2) B % F Ik R SEAR AL
1.2 BEFRMEHIENZEEERREE

T W M R 0 (B JE 5k (grid density peaks
clustering algorithm, GDPC) AR 415 £ 40 &5 AU AN 5143 45, R H
O s Al 3 0 IR T8 0 o T A% R R AR B T B T X
25 3 RS 119 D 1 B ) 2 5 TR S o DAt T A 3R 288 vt 119
AL LU R SRR A MERR M S etk AR AR AT

IR DU E AW B WS LR S

A BR 20 W 8 BHE B2 WS Sl 43 BE & BB BOIE AR i 4
R ks 5o ENBEEXM [h,.0) N, Hl o = 1,2,
Bveesk s M S ="[h 1) XX [yl 03k dE53 0] 58
1 JUAT P 245K i 5 &

Loy, L
5:a><(HT>" (6)

H,a €[0.5,1. 5] 0 sh BT OIS E, m Fox
AR EAEA B

AT 3) 0 B 4R w5 3 AR 45 =X (6 Rl 43 Y A% BT
FOIIT RSN MEEE 0. .

o. = N, )

Hodr, N, R o A WA B 5 A8

IR DO RE o, B/INWIRE B0 P B L IR A A
PEE A = (9,,9,-..9, )5 I A PEIE SR H
BE o

p. = 2 X(d, —d.) (8)
xpy = |1 D=0 (9
7 o HoAte

Hor, d O BIREEAR . oo S #0181 P9 5 800 i A AR
A RE R ARG d 1 RO FBOR R 19 & 9F HfE /)
W T R — 5 00 70 2R IV AT R P Y AR R A
BOH A REA BB 100~ 200 5 [ B AR Mk i 4. 28K
X SR SRR B R T R 1 T A eR B o,

u d;fZ
0 = Ecxp(* )
= d.

o« 12

(10)

B S W A FEAR S 2o, AXTHEES O,
0; =min(d ;)

FREER S «, SHEEEESWER/NEEME; & 0 N
B A FEAS WA TR S, R

d; :max:(d,J) (12)

LR 6O VE o, 50, IR IE K o, MO, BRI K S AE
R

R T W B B T A% BN A R T A R H
AT R T Y A R e — 2
1.3 BENZTALBEHBHBIRINEL

QAT IT R . MOA B3k 38 oo A it B A B AL S A ¢
SN W SRS T 2 4% PD iR U5 H A 38R B X
P, S H) T8k W S5ORD SE bR W 5 1 GDPC 58 3k B A s
A & & AT AR 00 5 2% B K5 A & L fe S 80k i
R Ry 1 — 25 1 B i R MM B AR A R R BR
PRELAN K DL % B N SF- i 4 S5 A 4= FRAE PD R0 oE A 2R
ASCHE B AMOA 53k 53 GDPC 55 ik A9 5038 W K% B 3t
HABEAMIES T MOA BikxmE XM ERE NS
SH Az ALfE S 18 MOA 0 A& W 8% 52 4« £ 748 PD
FEA GRS 80, B R AR aniE 2 fiR
| Mo | mRuaotsEs

an

ﬁia&@?ﬂ%‘

Bl 2 AMOA & 451 &

Fig. 2 AMOA algorithm structure diagram
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Table 1 Partial discharge data set
LIEIE S Eg A R
Corona_bobina_1(CB1) 3788 2 2
Corona_floating_2(CF2) 9 056 2 2
Corona Discharge(CD) 864 2 2
Surface Discharge(SD) 795 2 2
GIS Surface Discharge(GIS 385 kV) 2 225 2 2
GIS Surface Discharge(GIS 375 kV) 1900 2 2

2.2 KGR

TEXT H 28+, [ CB1L.CF2.,GIS 385 kV 5 GIS 375 kV
A BREZMA AR EE, W AMOA ik a WH 1.2,
M CD 5 SD BIREEARK A, a TN 0.7, r WE N 0.2,48
RITNEHR 10, 1 REARK B 2 150 Wil 17 R K L,
BRI EME 2 PR,
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Table 2 Algorithm clustering result
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HER RN T 89% ., AMOA 5 RDB % v: 7 3 34 fE i
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PRI BB R KT 95% . AMOA H%%F CD 5 SD
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13.04%.19.46%.37.18%.7.79%.8.13% .4.19% . F
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Table 3 Accuracy index %
K R7S .
. RDB KPP SVM-KNN DPC-DLP GWOKM PSO MOA AMOA
TR
CB1 97.7 71.73 86. 3 56. 23 73.251 71. 25 86. 299 98. 6
CF2 98.9 53. 83 73.52 75.96 76.48 76. 48 88.3 98. 02
CD 94. 56 100 99. 31 100 100 100 100 100
SD 91. 19 92.7 98. 365 90. 94 100 100 96.73 99. 87
GIS 385 kV 44. 94 100 57.21 23.1 100 100 100 100
GIS 375 kV 52 100 65.053 27.2 100 100 100 100
BEARH 5 79. 88 86. 38 79. 96 62. 24 91. 62 91. 29 95. 22 99. 42
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L H{Z B (normalized mutual information, NMI) £ %k N
F 4~6 Fin,ATHT AMOA 8%t PD iR BB Purity.
15 ARTLF Y NMI 4358 99. 429, 99.39%.,99.41%,
WHGE T 1, HA SRR IR B ROR . A5l T AMOA &
B0 PD SRR 96 1 i T RDBLKPP.SVM-KNN, DPC-
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Table 4 Purity index %
(=R7S . .
" RDB KPP SVM-KNN DPC-DLP GWOKM PSO MOA AMOA
LiEiTE S
CB1 97.7 86. 3 86. 3 86. 3 86. 29 86. 3 86. 29 98. 6
CF2 98.9 63. 86 77.308 75.96 76.48 76. 48 88.3 98.02
CD 94. 56 100 99. 306 100 100 100 100 100
SD 91.19 92.7 98. 365 90. 94 100 100 96.73 99. 87
GIS 385 kV 58. 29 100 45. 36 78.2 100 100 100 100
GIS 375 kV 65.05 100 57.3 68.73 100 100 100 100
SE Purity 84. 28 90. 48 77.32 83. 36 93. 80 93. 80 95. 22 99. 42
xS PABZIERHIER
Table 5 ARI index %
. RDB KPP SVM-KNN DPC-DLP GWOKM PSO MOA AMOA
G/
CB1 81.9 16. 58 0 0.37 15. 874 15. 87 86. 299 98.56
CF2 97 0.57 29.73 26.93 27.975 27.97 88. 3 97.91
CD 88.15 100 96. 75 100 100 100 100 100
SD 83.18 72.91 93. 56 67.01 100 100 96.73 99. 86
GIS 385 kV 4. 65 100 —1.43 —5.28 99.9 99. 4 100 100
GIS 375 kV 3.02 99.3 0 —0.076 97. 4 100 100 100
) ARI 59. 65 64. 89 36. 44 31.49 73.52 73.87 95. 22 99. 39
*x6 HA—ERFEER
Table 6 NMI index %
. RDB KPP SVM-KNN DPC-DLP GWOKM PSO MOA AMOA
G/
CB1 92. 88 16. 04 0 16. 07 15. 399 15. 40 86. 299 98.59
CF2 92.68 0. 58 33. 878 25.75 29. 724 27.97 88.3 97.99
CD 79.91 100 92.79 100 100 100 100 100
SD 79. 33 62.92 89. 551 62.23 100 100 96.73 99. 87
GIS 385 kV 31. 28 98. 8 —1.94 7.37 99. 2 100 100 100
GIS 375 kV 23.54 100 0 1. 97 100 98.9 100 100
15 NMI 66. 60 63. 06 35.71 35.57 74. 05 73.71 95.22 99. 41
900 Freery
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Fig.3 Algorithmic time graph
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