F27EFTH
2007 £7 A

D 8 kRS

Electric Power Automation Equipment

Vol.27 No.7

Jul2007 @

BP %% >) 5L i AE CNN & v, Bt B2 vh v H

Ho b
(L##FRF B AHE, L 200135)

WE. AR RAANZME(CNN)BATR TR dhueg g d T CNN #9 5 3F |, W&l 4t
AL R IR BT T BP 3 T Sk A — s Bty R HEAT A AT 2 W %) 4 69 Btk
MG MMBERME TR TS AE LS Tk 2L 40 BP 5 I k040 2 W& 4 ik
MRS A B AT, £ AT Aihara B AP 2T R A 3 2 R A% CNN #47 B & b AL £ eh 5 R
R BP T Sk AT CNN #4779l %, &R AW, A% BP ikt 4T CNN A B ALEB LA 5 3
ke Ae ) iR £ W KO SR IF A 4E W LT 569 CNN Bl F X R iz 47 ) A A2
BEE A

KEBIFE . BP Hik; RAEANZEML, Kdp, FHE

hESES. TM 31 XERARIRAD . A XEHS . 1006-6047(2007)07 - 0009 - 04

0 5l5H

TR T A 28 X 4% CNN (Chaotic Neural Networks )
B2 > ] J R —AMEAS R FT A RS ) CNN Il 2k 81
WA SRR P 2k ) A T L3 BP
SR T AN T Z M4 ANN (Artificial Neural
Network ) Il 25 (0 % FH B 2 — @ 5l 3 38 ANN 1
H b pRE, 12 FASUE ) 4 R B 55k T A5 31 ANN AL
{E AT B Y BP 2% > Bk s 1B #E 1138 50, BP 2%
M ERAAFE— BN BT AT 2R CNN B
A B0 R EGE TR TR BP 2% ) kY 2
M S USRS, HAT A — Xt BP Bk AT
R Y 7 15 5 A8 S B AR B E R ) R 5 o SR A
PRt BP 2% > 7 ik ili 4124 2 T LU CNN 927 2T 1K
SRR A ME LR 45 | BROR SR R EUR AL i
M B EA A 5 385 0] 8 2 Ze v I Rk AR Y
BOE  CNN BUE A E 0 58 1% 22 HARE . CNN
0 FH & 2518 2 I R A 56 W T B R B 258
A X S B ) A SR A S A5
1 BP ¢ B L m it

BA BEF B BP 2% > Bk J& ANN U2k i) —Fp oy
B, N TR AR T A A AR
1.1 MEHBEREH

By 2 Ureyp g
b d, By 350 R i R R AR S BOR e 2 T 45 11 B
1.2 MNEREEX
HRZZEmEBENERECY WY H

l\)‘»—i

W #s B H#3:2006 - 10-25; 1€ E B #:2007 - 02 - 28
E&€TH. LT HFFRAFHALELLTA A (05F209);
LiEHEERFEEFAEEND (XL0105)

E(n E(n) dy(n n

aau;”) ) gygn; aign; aaxu(j&”) =otmodn) - (2)
Krp 5(n):6E(n)/6x(n):—e(n)fz'(x(n))O

B 2 AU W A

dE(n) _9E(n) do(n) 9x,.(n) 3)
dw™  don) Ix,,(n) 9w

YT g MR AR ZRZREERCh WO H

0x,,(n

33’373 _ ;ﬁ’% M(q“f =8,.(Mu,(n=1) (4)

BRI BP 5 2 Bk AUE R B X

Aw?=-me(n)f(x(n))o(n)=nd6(n)o;(n)
A =~ 38, ,(n) a’a“;;f;)
Aw,"=-mé, (n)u,(n-1)

T BAT R AR Y CNN 222 7 ik, 56
WFFEAS T BP Bk > 0 B A ANN R 265 bR 400
I ) I Sk B A S e SR FH AR [R] Y A 28 e SRk |
D 26 25 1) 5 S8R AT ANN I 25 0 520 PE 5 sl v
WEgE, WEovis F 2 2] B A 78, B 3T B SD
(Steepest Descent) BP 5.1 L40HE B CG (Conjugate
Gradient) BP 1% | LM (Levenberg Marquardt) BP &
1 B MO (MOmentum) BP 545 | H 1E W 27 > 3 %
VL (adaptive Variable Learning rate)BP 5%, ANN
PRRSCE T I o A PP AT 2 2 ) i R AE S TT IR 25 MSE
(Mean Square Error) Tk fE i1 1 o iy il an &1 1 Fros |
i TR BRI A6 40 (2.5, 3) FIZ £1(10,0.5) 2 AH [
[, AT AT AAR 8 V11 25 1% % 30 ) W 2 ) ) A8 A9 e
PES RIS

WLZEIE 1 (a) (b)), BT Rk W S o 1 |
U ERE P E M IRERE IR b 5 Suy N N
o SRR R BR LN R E TR (K 1(b)

(5)



10) € 0 6 % i A

F27%

JeaE R Bk S LMBP Bk st (HE KK,
B 1S 3 PN e

W(Z)(l,l)

W(Z)(l,l)

W“)(l R 1)
(a) SDBP HiEHLT

W(l)(l ’1)
(b) SDBP ik 7 #Lik

W{Z)(l 1)
//

W~

W(Z)(l 1)

W(l)(l s 1 )
(c) CGBP HiLHLik

Jj"\

W“)(l ’1)
(d) LMBP H L5k

W(Z)(l,l)
W
W1, 1)

W(l)(l , 1 )
(e) MOBP 5505k
B 1 MSE EEH ANN il Z& I $135
Fig.1 Trajectories of ANN training on MSE surface
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BP learning algorithm for CNN generator modeling
SHI Wei-feng

(Department of Electrical Engineering and Automation,

Shanghai Maritime University ,Shanghai 200135, China)
Abstract: In the application of CNN (Chaotic Neural Networks) to synchronous generator modeling,the
training process convergence of network learning is difficult to control. Based on the characteristic
study of trajectory convergence in artificial neural network training using BP (Back Propagation)
learning algorithm and its improved algorithms,it is found that the improved BP algorithm combining
gradient descent momentum and adaptive learning rate is better,which is then used to train the
CNN in the synchronous generator modeling based on a three - layer feed back CNN with Aihara
chaotic neuron. Results indicate that,the learning speed is fast,the trajectory convergence of mean
square error is better and the dynamic process error of synchronous generator operation is small.
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