E335F6H
2013 % 6 A

% 2 & % iR S

Electric Power Automation Equipment

Vol.33 No.6
Jun. 2013

Je T S RIS ph e X211
AP N % R R TBHL AN

RS

(dbwhX¥ A5 FIRER TH EE 071003)

FE. REAN TR (PCA) S 7 B3 TR R B30 R4S R ATHE S SFRBOE 3769 £ x5 B
T, BRA RBGE M R0 BT T ARF AR R A ARG BT R AP Z W & (PNN) &% %5 4 5 5
e Y B A 6 25 )G B M AE @) B AT I i Ao iR A, BT A AL RIE M H AT AKEMT 5 £ Z 42, L PNN &

EENAANLRRETF K TRABPAEME K,

L@, LAY, MAEMBZRL, KER, Bk, XA

FESES. TM 41 XERERINAD . A

0 3l=s

Je P8 T HL, s T oS, ) 7 T g 4 5 i ) T
JMTEAE e ds A G AR R b i R B IR Z /0, A
[F) F T8 R 2R T S 8 R R R A R 25 5+ I
XS TR R B AT RO R AR W SR, i TR AR
o e ARG B AR B AR A R = (F SRR
PO S SO0 A DRI S 70 s A v B A
3 T B LA 2

TE Jry F8 C F AR R ) ok R e A R AL Y 3 R
ZOCH T HEEE RN AR H R AR R
MEFRIOT 8 FEA GRS 5L B4 P B R IE S
Bk o EURARHIE S B0E T OB FRIE S H0E B &
SN f A LR G RRAE SO TR L B
SCH R R B G 1) 3 PR IX 53 B 0 A5 3 3 22 1 5G|
AR SCR FHGETHRRAE J7 75 B O A 6 1 A ) 38 1 FL i
EIRHIE R 37 D GEit i T3 47 0#r

F 185353 HF PCA (Principal Component Analysis)
T AR R GEITT #1800 R B A e
23 () A8 fe 28 (IR A == (1) | © Bl 2 4% b 40, T A
TR TR FL R A R o A SOR T S RLAy A
Bt 75 3k X0 JR I L 37 AN R AE S HGH AT 40 A, 4R
12 A B BARER A B9 BT R AR P 7 o R AR SR A
Pl

H i 7 A5 2 3 40U, BP 48 9 4% (BPNN) LA H:
Il A A A X 28 R 7 4 ) RE ) A5 B T )T B
I ABFFAE DGR AT SR iR IR R B B 5 B A
Ja F e /N A Bl A SO HE Y A AR Bl 22 I 4% PNN
(Probabilistic Neural Network )" YE4r2ThEE 1 5

Y is HHE.2012-06-21; 1€ B HH.2013-04-03

EEWBE. P RHRAAHAFTLE R EFRA T LKA EB (13X-
S26)

Project supported by the Fundamental Research Funds for
the Central Universities(13XS26)

DOI: 10.3969/j.issn.1006-6047.2013.06.005

S gy UL A B I N AR s ) S
BP SRk AT B2 1) 2 25 AL 46 W H I 58 4 1) 1
TR AL B S50 T 5N ST T R R0EE R AR
TRM /N | RS RE S Bk | T /NER AR BT L B A 21 T
BRSSO R IO 1 ks T g A
PNN #4745 BAT B4 R RCR |

1 ERDAH

F R A T SR g b B i A
TH W v A s AR A e B 4k 2= (8] PR BE e 2 1Y iR
GREERAE B % R A SRR Rl S X R A m A%k
P TC R M LM AL A, # BR A HOAH 1E 28 1958 T
R (r<m;r,meN), I H A4 S w4l 0000 %5 52 1
JRIAFRAE . BXFE B om0 2 5K B FRRAE 25 [8) 5 Bk
JE45 2 r 4 10 HLAE BE A 2 23 8] ol L0 % 5 4 T
EREM RN BAb A E A IE R T T R AR
“ERT, BT RS BRITR

a. MR AT (] B BE B ) 1R o A B o

T HCEL AT R A OC M B R0 4R A2 i AT A0 b 38
HOR A O o AT 0 Tk AT AR R
KMO (Kaiser-Meyer-Olkin ) 5 3 Fl Bartlett 3k J& 16 %
ik,

b. TR EZH C,

B X=(x,%,, - ,x,)" J& mxn R IGFHEZS
()2 B e m 2 B R AR B n R FRIE S5
B, 2R A AW,

=15 (x-%)(x-x)" (1)
m—l Jj=1

S 2 X P e =L S sl by 2
FEJE—A mxm BB
. T 2 5 G 1
BT 2 C (S A, G=1,2, -,



28] ® 0 8 & iR B

8335

m) 5 X5 N I RRAE 1] 1 U, (1E3ET7 ) s SR I 5 A
FRAEE 4 K/NHEIT A > > As> - > A, , FE38 Rt it
J7 K AR 1) 2 R v A 45 90 AT EE HE A5 208 1Y AR
P B T 5 J5 # IR G RR AR 25 [ JE P X £ e T, 45
) om NHFIES Y, HEZRRRWT,
Y=XT (2)

d. B ER A,

F2 0 B B AR AR DT R RO P 1, TR R
SOAT L3 S RO A 0 RN R TR R R R K B A
Y OGN AT O ER A SRR R K — R R —
TR 5 Bt ok g 2 NS T, Hrh
TIHRR K 2R () Y RS OC R M sTEk R
Fitvrmk R K WS Y T - 5108 o0 W B Tk
2 WEITE AL S0R .

K= (3)
2N
j=1
2A;

K=E— (4)
2 A
j=1

i E Rt TRk E A B 85 % LA LB N R AT A
TCE AT AR EOR B n ANFRIESEL, RV A 28053
XFERERE BB M5 B K 2 SGR BN/ AR & A
flIm) B H B

e. PEECEMA

e Btk R 2 Ja , ER BN e T
K ()T Y BT r FI0CEK (y1,y,, -,y FURFTER 1Y

2 BEMEFIES BRI

Jey ¥ H A 32 4345 PRPD (Phase Resolved Par-
tial Discharge ) 15 =X J& — 02 1 HT 9 Jry 35 i H 45
AR SO AR BB R PRPD 52X 4 55 R
AR H,y () FEHCH R 5M H () |
R HL AR 534 H (D) B Ry BRI IR AEL 3 A6 H o (q)
4 ASTR) 4 5 53 00 B8 B A 95 D AL BE S BE Ui
K JRy B A% P, ARG M i R Q AR AL
AXFRE @ HAKRE C I 37 AR T A5
43 M DNASTR] S B2 434 3 1 R vk | HAE AT A 9 Sk
(41 R SRIESENER 1 iR,

3 BUESHHNERSEEFIH

TR R B J A R R A R R S
] ] REAF AR AR RS | H R A 2K fr A7 A 0R
T ANAE 22 25 0 Sl R BRI S48 T H. s vl fiE 7
A BRI R 25, FE R K IR A ) 7 1 ml
DA $i BCHE B R AT 6 PR 4 T 2 I 0 PR 1 PR RRAIE |

® 1 BHEITR
Tab.1 Statistic parameters

it Hapul( D) Ho(P) H.(D) Ho(o)
28 4 - + - + - d

S S8 S S S S S,
K K Ko K K& K K K
P. Po Po Ps Py Ps Pe  Ps
Mo M M, My, My Ms My M,
Q & @ 05
@ @, D, @,
C. Cu Co Cas

T 7 =l R m il B IE SR

(R a2 @ S U N I N WA N = T B N 1}
PImAHE S R 38 32 o A 72
3.1 BEFHEXMESH

PEICH B RRAE 1] 5 22 8] AT BB A7 A B0 1 AH G
P 38 3o PR A DG A AT, AT AR R AR 2 ) A
) A 1) 2D B R R AR i T O 2 5l A ik
PR F o0, 254578 1 22 ) AH SC PR B AIG J0) AR X 4%
WAL R T FRAE T & i A B R AE R S —
S, HEAT A BT, W R 55 O 2 KMO £ 56
F1 Bartlett ERJE AL 5 . KMO A2 H T4 56 X+ 53 B /2
Tl IR A ETE 05~1 Z M, F#niEa /M
0.5 #ARAES . Bartlett BRIE K56 &l 1 <2 K 50 ok
52 O AR e 22 [B) 2 A5 A L ST AR B . A ST R R
(EES o NIER ORIV OR T v o o = NS s o T iy
Ay, 5 H SPSS Xt geit th 1y S, — S, & & ik 1y
AT H RIS 25 T KMO MI{E N 0714, A8 & 2 (6]
AETE 58 R AH OC 1 ; Bartlewt BRIEAG 54 134.34, 5k
FVEAE R 0, fE 48 AR B, A8 i 2 ) aE A AT
ST, AT LAEAT R AT
32 MAEERNERS DR

XA 7 AN FRIES B ARTE R ()&
250 [ SR I B4 38 kSR A P T 22 [ )RR AE M
HI 22 X6 07 B4 AR AIE [] 2 o TR 1) AH 5% 1] 8 0 47 2K
PEAR Y A5 B A R AEAE SR AT AT R R T 1
()RR AE AR AR R 3 B o AT 40 M, DA 3k 3 i 2 1) B
(), 22 50 H T Y7 22508 B B RRIEAE B 7 22 TTmkR

* 2 BEEMRBE

Tab.2 Eigenvalues and corresponding
contribution rates
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Fig.1 Variation of components contribution rate
along with principal component
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Fig.2 Basic structure of probabilistic
neural network
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Fig.3 Results of PNN recognition before
and after dimension reduction
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Pattern recognition based on principal component analysis and probabilistic
neural networks for partial discharge of power transformer
YUAN Jinsha,SHANG Haikun

(College of Electrical and Electronic Engineering, North China Electric Power University,Baoding 071003, China)
Abstract: For reducing the high dimension of original characteristic parameters in partial discharge pattern
recognition of power transformer,PCA ( Principal Component Analysis) is applied to extract new principal
component factors,which represents the original characteristic parameters sufficiently. PNN (Probabilistic
Neural Network) classifier is used to train and recognize the characteristic vectors before and after the
dimension reduction respectively. It is found that,the extraction of new principal component factors mitigates
effectively the load of PNN classifier and its effectiveness of pattern recognition is better than that of
traditional BPNN classifier.
Key words:
discharge; pattern recognition

principal component analysis; probabilistic neural network; power transformers; partial
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Two-level planning of transmission system with optimal placement
of efficiency power plants
ZHENG Jing',WEN Fushuan',LI Li*, WANG Ke?,GAO Chao?
(1. School of Electrical Engineering,Zhejiang University , Hangzhou 310027, China;
2. Guangdong Power Dispatching Center,Guangzhou 510600, China)

Abstract: The principle of optimal EPP (Efficiency Power Plant) placement is proposed and with the
consideration of the optimal EPP placement,a two-level planning model based on two-level planning theory
is developed for transmission system,of which,the upper model takes the minimum total cost of
transmission system and EPP investment as its objective while the lower model takes the minimum cost of
EPP investment as its objective. With the interaction between two levels,the transmission system planning
scheme is finally determined by the upper model. A hybrid algorithm combining genetic algorithm and
primal-dual interior method is adopted to solve the proposed planning model. Results of case study for
18-bus and 46-bus systems verify the feasibility and efficiency of the proposed model and algorithm.

Key words: transmission system; efficiency power plant; planning; genetic algorithms; primal-dual interior

method; models



