34 10 Vol 34 Na 10
2006 5 16 RBAY Mayl6, 2006 73
( , 071003)
(PD) PO
BP , BP BP A
BP
: IM744 DA : 1003-4897 (2006) 10-0073-04
H BP 1
( )
, [7]
, P-Q , (PO)
(4 [1] , PO
(ANN)
[2] ,
BP
| ( ) 1
. ; [3]
; [4] ,
) VI = (V|11 ViZ! y
, Vin) ,
BP , PO
, BP = (Xq, Xg, s Xin) )
[5]
, BP
1 ; [6] p = (pl: pZy ’ pn)
GA ANN ( : gi:(911921 1gn)
) BP :
Vg (t+1) =W * v (1) +g * rand() * (pg (1) -



74

% () +6 *rand() * (g (O - x4 (1)) (1)
Xa (t+1) =xq (1) +vq (t+1) (2)
d=1,2,3 ,nn i=
1,2,3, ,ss TW : rand ()
(0,1) 'G G :
G =¢=2"
Voaxs (1) [V | > Vo
[Via | = Voax Voax
» Vnax
Vhnax
10% 20%
w 09
Q 4, PO
(RW) [9]
K, (3)
f(t) - f(t-10)
k = (0 (3)
f(t) t cf(t-
10) (t-10)
(3) . k 10
W (4)
) k
w=0, +r/2 0 k= Q 05
w =0, +r/2 0 k<Q 05 )
o [0, 1] k=Q 05
, EW) =0, +025 k<Q05 ,EW) =0,
+Q 25, o, >0, o,0,
k
W
(1)
, W
2 BP

21 BP
BP : I
S :
F(x) =1/[1+exp(-x49)] (5)
DX 0
BP : ( )
( )

BRaE

Fig 1 Model of BP netvork

BP ,
BP * " F, a=
F(w,b) a , b
W i
a; j &;
L] j t;
M SE
1 < N\ 2
MSE =20 >, 2 (3 - ) (6)
=1 j=1
N , N ,MSE
22 PO BP
BP PO ,
21
, PO
N X

PO , PO



75

M SE, ) N , ANN
2 24
BP , 4
WHEHE DT (2 NS BUE M E) . 1 , 4
2 BE HLOL T U
v 1
[ SR THR R GERENSE) |
¥
HEFIRTHNRLE ! S ! 4 -
(5 2R XA B F e ) 5-1, 25 6
REXHBETRE 31
(B IAFIB KRR &
3
2 )
Fig 2 Diagran of PO training ANN
30, [ -1,1]
M SE
68 )
’ [10]
1 @ ;
6-5
23 30 W (4)
s=30,
(5) ,BP (
) [0.1] , (4) a,=050,=0 4 G =6
Y =2 -1,1
0 1 , [-11] ; :
BP '
( ) (4 000) Q 000 1
’ ’ 1 PO ANN @A
] [ 01 1]
ANN BP
BP
1
’ Tah 1 Error comparion of result anong
1 , ANN different algoritms
) 1% 1% 5% 5% 10% 10%
; ANN BP  ( [2]) 51 14 0 3
A BP ( [5]) &2 12 3 1
’ J ' PO _BP 60 5 2 1
’ 2 PO ANN A
2 ANN ANN BP
2
Tah 2 ES comparion anong different algoritms
BP (121 0 001 17 0 014 12 0 049 33 0 039 33 0 088 40 Q 192 35
GA BP ( [6]) 0. 000 96 0 004 60 0 022 70 0 001 10 0 030 60 Q 059 96

PO BP 0 000 18 0 001 44 0000 86 0001 40

0 020 18 0.024 06




76

2 [6]
005996/0 02406 25 [2]
0 192 35/0 024 06 8 [10]
1 028 75/
0 024 06= 42 8
4
BP ,
, A
: PO BP
BP BP A ,

[1]

(2]

[3]

[4]

Abstract:

. [J]
,2002,30(8) : 50-51, 54

@QJO Xiao-jun The Application of Regressive in L ine-

loss Calculation[ J]. Relay, 2002, 30 (8) : 50-51, 54

[J]. ,1993, 13(8) : 41-50

WEN Fu-shuan, HAN Zhen-xiang The Calculation of En-

ergy Losses in Distribution SystensBased upon a Cluste-

ring A lgoritm and an A rtificial Network Model[ J]. Pro-

ceedings of the CSEE, 1993, 13(8) : 41-5Q

[J]. ,1996,4(1) : 40-41

CHEN Tian-en, YU Peng The Calculation of Energy Los

seson Distribution SystensBased upon a Functional N eu-

ral Netvork Model[ J]. Gansu Power Systam, 1996, 4 (1) :

40-41

Hsu C T, Tzang Y M, Chen C Z, et al Distribution

Feeder Loss Analysis by Using an A rtificial Neural Net-

work[ J]. Electric Pover Systans Research, 1995, 34

[5]

(6]

[10]

(2): 8590
) ) . GA BP
[3] ,2002,22(2) : 79-82
XN Kai-yuan, YANG Yu-hua, CHEN Fu An Advanced
A lgoritm Based on Cambination of GA with BP to Energy
Lossof Distribution Systan[J]. Proceedingsof the CSEE,
2002, 22(2): 79-82
[J] ,1998,22(12) : 17-19
YUAN Hui-mei, QJO Xi-ging Calculation of L ine Losses
in Distribution Systens U sing A Igorithm Neural Nework
Aided by GA [J]. Power Systan Technology, 1998, 22
(12): 17119
YangJM, Keo C Y. A Robust Ewlutionary A Igorittm
for Training Neural Netvorks[ J]. Neural Camputing and
Application, 2001, 10(3): 214-23Q
Shi Y H, Eberhart R C Paraneter Selection in Particle
Svam Optimization[A ]. Annual 1998
[J]. , 2004, 33(5) : 513-517.
ZHANG L i-ping, YU Huan-jun, CHEN De-zheo, et al A-
nalysis and mprovement of Particle Svam Optimization
Algoritm [ J]. Infomation and Control, 2004, 33 (5):
513-517.
[M].
,1985
YANG Xiu-tai The Theoretical Calculation and A nalysis
of Energy Losses in Distribution Systans[M ]. Beijing
ChinaW ater Powver Press, 1985

2005-10-31; 2005-11-28

(1965-), |, ) )

(1980-), |, ,

E-mail: wangxzhi472 @163 cam

L oss calculation of distr ibution system based on particle svarm optim ization algor ithm n ANN

HENG Si-qging, WANG Xian-zhi
(School of Electrical Engineering, North China Electric Power U niversity, Baoding 071003, China)

In thispaper, a nev method ispresented for calculating the energy losses in distribution systems based on particle svam

optimization (PSD) algorithm in multi-layer artificial neural nework Themethod usesB P model trained by PSD to map the complicat-
ed relationship betveen the energy losses and the feature paraneterswhich have influenced the line loss Smulation results of practical
exanple show that themethod can improve the calculation accuracy and the eed of the convergence process canparedwithBP and BP
trained by GA.
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