33 4

2016 8 Journal of East China Jiaotong University

Vol .33 No.4
Aug . , 2016

:1005-0523(2016)04-0103-10

( ,
) (dragonfly algorithm,DA )
o DA SVM SVM
DA-SVM
GA-SVM, PSO-SVM ,
L TM715 A
DOI:10.16749/j.cnki.jecjtu.2016.04.017
[1-4]

(dissolved gas analysis, DGA)

[5]

’ o N

JRogers  Dornerburg

o

(support vector machine, SVM)

’ ’ ’

, [IO]O
[11-15] (DA) ’
, N
Accuracy CV-SVM ,
, PSO-SVM

: DA-SVM
g) , 3 : :

’ [i6-17]

:2016-03-04
(1972—), , 5 .

r [ %71 Y

https://www.cnki.net

330013)

(support vector machine,SVM)

<]

CV-SVM,

(SVM)

(DA)

F-Accuracy,

GA-SVM

, SVM

SVM ,

(C?



2016

1
1.1 SVM
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H - Vapnik Mercer
, (3)
5 ! I
& (w,b ,ai)zminJ%L+CZ§i — Y &K (wxetb)-14¢;]
=1 =1
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/ A,
max(Q (a)= Z = 5- Z Z ayyiK (x;,%;)
i=1 i=1j=1
I
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s.t. i; & ,1=1,2,--,1
0<ag=<C
I
S(0)=sgn(w' @ (x)+b")=sgn (D, a*y;K (x;,2)+b")
1=1
ca,w b (4) :
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rapsinLy |,
- z (16)
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rcop
, , (17):
X=X+ Lévy(d)X, (17)
1.3 DA SVM
b b b SVM (e}
C g5
( b b b b ) b
SVM s C o SVM
Step 1 o : N ;
C g ub,1b,
Step 2 ° )
train . train_labels . test test _labels,
Step 3 o X, AX, (C,g)
SVM , X C X g ;
Step 1 c g o
Step 4 o Step 1 s r, w, s,
a, c, /s e
Step 5 o train train_labels ,
test test_labels ,
(C,g), (C.,g)e
Step 6 o )
e D
Step 7 5 (8)— DA [
(12) S. A SVM+ C.2
(0N F. E, SVM
Step 8 o Step 6 7 }
(13) o X AX X AX
Sten 9 v (C.g) F
ep
s r,w,x,a,c,f,e SA.C.F.E
) t
C b b 1 b
(C.g) -
Step 4, I
SVM
1 1 DA-SVM
© Fig.1 Process of optimizing the SVM parameters with DA
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2 DA-SVM
2.1
<< ( ) >> ) (DGA) H2 ) CH4 ) C2H4 )
C,Hg, C,H,,CO CO, 0213,
N A} A A} 5 o 1 o
[1810
1
Tab.1 Content of gases dissolved in transformer oil PPm
H, CH, C,H, C,H, C,H, CO CO,
139 345 184 533 0 371 3 849 1
35.8 30.1 10.1 93.6 7.1 147 3481 2
138.8 52.2 6.77 62.8 9.55 691 7101 3
361 29.56 2.74 25.69 197.01 472 1682 4
6.7 13 35 39.9 5.1 971.1 5020 5
1 ; 2 ; 3 : 4
; 5 o
2.2
LIBSVM s RBF
, o , CV-SVM,
GA-SVM , PSO-SVM
DA-SVM (C,g) ,
(C,g),
3
3.1
(220 kV) , : 500 .
2 . 2,
2
Tab.2 Each data set
1 27 27 54
2 133 132 265
3 63 62 125
4 12 12 24
5 16 16 32
hE4NM  https://www.cnki.net
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3.2
CV-SVM C (0,100], g (0,1007],
0.01; GA-SVM,PSO-SVM,DA-SVM |, 200,

20, C (0,100], g (0,100]; GA-SVM 0.7, 0.01;
PSO-SVM cl 1.494 45, c2 05, 0.5, -0.5;DA-SVM
3.3

4 SVM ,
(C.g), (C,g) SVM
, N F-Accuracy, Accuracy |
best C best g o
, 10, 3
2- 4, 6- 9
3 C,g
Tab.3 Algorithm parameters C,g and accuracy
CV-SVM GA-SVM

tls best C best g  F-Accuracy/% Accuracy/% ils best C best g F-Accuracy/% Accuracy/%
1 218.428 9 4 05000 96.0159 96.3855 725864 28.6372 02016 972112  96.3855
2 210.837 4 4 05000 96.0159 963855 73.5964 282694 02648 968126  96.3855
3 216.248 4 4 05000 96.0159 963855 755642 29.4848 93714 956175 94.779 1
4 213.159 8 4 0.500 0 96.0159 963855 726852 28.0126 0.2369 956175  95.1807
5 211.247 8 4 05000  96.0159 963855 750015 272575 02269 968126  96.3855
6 214.298 5 4 05000  96.0159 963855 722279 222014 02431 968127  96.3855
7 211.854 6 4 05000 96.0159 963855 763788 30.8611 9.0272 956175  95.1807
8 216.249 3 4 05000 96.0159 963855 725942 225971 02259 968126  96.3855
9 214.678 5 4 05000 96.0159 963855 73.2598 225647 02247 968126  96.3855
10 214.965 2 4 05000 96.0159 963855 72.1593 225984 02264 968126  96.3855

PSO-SVM DA-SVM

tls best C best g F-Accuracy/% Accuracy/% tls best C best g F-Accuracy/% Accuracy/%
1 1133694 113540 1.0360 964143 97.1888 60.0795 109256  0.01 98.406 4  98.7952
2 1132595 74596 06325 964143 97.1888 63.2486 204856  0.01 98.406 4  98.7952
3 110.046 0 7.0868  7.0868 96.4143 97.1888 60.4758 10.6199  0.01 98.406 4  98.7952
4 1142693 73598 0.620 10 964143 97.1888 602594 10.3654  0.01 98.406 4  98.7952
5 1135375 14588 0.8216 964143 97.1888 62.0624 20.1254  0.01 98.406 4  98.7952
6 1139854 74856  0.6214 964143 97.1888 632549 20.1475 0.0l 98.406 4  98.7952
7 114.687 443039 0.1215 964143 97.1888 63.4887 10.5247 0.0l 98.406 4  98.7952
8 1143580 7.5692  0.6214 964143 97.1888 60.2582 10.3658  0.01 98.406 4  98.7952
9 111.6133 1.0499 109538 952193 96.3855 622576  20.485 0.01 98.406 4  98.7952

S

1145442 74656 05639 964143 97.1888 61.2589 10.5489  0.01 98.406 4  98.7952

hE4NM  https://www.cnki.net
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Accyract(GA-SVM)
( =200, =220)
97.0
96.9
96.8
96.7
96.6
96.5
96.4
96.3
96.2
96.1
96.0 T TR ;
0 20 40 60 80 100 120 140 160 180 200
2 GA-SVM
Fig.2 Optimization figure of CV-SVM
Accyract(PSO-SVM) Accyract(DA-SVM)
( =200, =220) ( =200, =220)
97.0 98.6f
96.6 98.211
96.4 98.07]
96.2 97.81]
96.0 97.67]
95.8 97.47
95.6 g 97.27]
95.4 r 97.07
0 20 40 60 80 100 120 140 160 180 200 0 20 40 60 80 100 120 140 160 180 200
3 PSO-SVM 4 DA-SVM
Fig.3 Optimization of PSO-SVM Fig.4 Optimization of DA-SVM
CV-SVM 1=2.108 372e+02 s Accuracy=96.385 5% GV-SVM 1=75001 5 s Accuracy=95.983 9%
501 * + e i) 5.0r - + e
451 | 4.5+ R
4.0F * -+ -+ 4.0+ * + -
35F 3.5}
3.0+ s 3.0F + Eos s
2.5¢F 2.5}
20H + * 2.0 covmscoereemmrrmmmmTbmas * +
1.5F 1.5¢
1.0 t———— — L : I 1.0 G -t ! : !
50 100 150 200 250 0 50 100 150 200 250
5 CV-SVM 6 GA-SVM
Fig.5 Fault diagnosis classification effect of CV-SVM Fig.6 Fault diagnosis classification effect of GA-SVM
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PSO-SVM t=1.100 460e+02 s Accuracy=97.188 8% DA-SVM 1=6.607 949e+01 s Accuracy=98.795 2%
5.0r + + — 50r * Lo
45r 451 o
* *

4.0r + - + 4.0 -

3.5¢ 3.5f

3.0F + fasadesaiasyairal 30F foosncsansaanas

2.5t 251

2.0t foricoiccinos s o i i * * 20F T T D

1.5¢ 1.5t

1.0 ; ' : ' ; 1.0 ' ; : ! ;

0 50 100 150 200 250 50 100 150 200 250
7 PSO-SVM 8 DA-SVM
Fig.7 Fault diagnosis classification effect of PSO-SVM Fig.8 Fault diagnosis classification effect of DA-SVM
4 C.,g

Tab.4 Algorithm parameters C,g,and accuracy summary

tls best C best g F—Accuracy/% Accuracy/%
CV-SVM 214.196 8 4 0.500 0 96.015 9 96.385 5
GA-SVM 73.605 4 22.201 4 0.243 1 96.493 9 95.983 9
PSO-SVM 113.367 0 7.459 6 0.632 5 96.294 8 97.108 5
DA-SVM 61.664 4 10.925 6 0.01 98.406 4 98.795 2
3 t, F-Accuracy Accuracy ,
b 40
4 2- 8 : ; 4
SVM C,o o ,
DA-SVM , CV-SVM
N GA-SVM PSO-SVM
; €.9 :
’ ) o 2_ 4 5 2 N 3
, 4 , 5
o CV-SVM ,
GA-SVM , ,
CV-SVM; PSO-SVM
GA-SVM
s CV-SVM , GA-SVM
o DA-SVM
) 3 ’ ’ ’

hEXIM  hitps://www.cnki.net
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4
. C g SVM
, DA-SVM . 4
DA-SVM N CV-SVM
N GA-SVM PSO-SVM
DA-SVM s
, , SVM C,g 3
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Transformer Fault Diagnosis Based on Dragonfly Optimization Algo-
rithm and Support Vector Machine

Fu Jundong,Chen Li,Kang Shuihua,Feng Yixuan

(School of Electrical and Electronic Engineering, East China Jiaotong University, Nanchang 330013, China)

Abstract: Power transformer is an important electrical equipment used to transform voltage ,transmit and dis-
tribute power,and its running state directly affects the safety of power network. In order to improve the accuracy
of fault diagnosis,this paper puts forward a kind of method for transformer fault diagnosis based on Dragonfly
Algorithm (DA) and support vector machine (SVM). Parameters of SVM classifier are optimized by DA and fit-
ness function is implemented according to the maximum accuracy of SVM classification prediction. Transformer
fault diagnosis example results show that, DA—SVM based on dragonfly algorithm,compared with cross validation
method of transformer fault diagnosis CV-SVM,GA-SVM based on genetic algorithm (GA),and PSO - SVM
based on particle swarm algorithm,has high accuracy of fault diagnosis,good global search capability,high con-
vergence speed and superiority with good stability.

Key words: dragonfly algorithm (DA);support vector machine ( SVM); transformer ; fault diagnosis
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Impact of Congestion Charging on External Commuter Travel

Zhang Jing,Zheng Changjiang,Geng Yang
(1. School of Civil Engineering and Transportation, Hohai University , Nanjing 210098, China)
Abstract: Aiming at the traffic problem, this paper analyzes the impact of traffic congestion charging policy on
the commuter travel. By using MNL model, it makes the sensitivity analysis and key factor analysis, and evalu-

ates the impact of congestion charging on specific modes of external commuter travel.

Key words: congestion charging; MNL; key factor; commuting
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