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ABSTRACT: The static voltage stability of power system
plays a key role in ensuring operation of the system. Traditional
static voltage stability margin assessment methods are difficult
to meet the requirements of online real-time monitoring.
Common offline surveillance prediction methods require a
large number of training samples, and are prone to over-fitting,
leading to impact the accuracy of prediction. Therefore, it is of
great significance to study ways overcoming these weak points.
In this paper, neural network, semi-supervised training,
integrated learning and other techniques were applied to the
prediction and analysis of static voltage stability margin of
power systems. An online prediction method based on
Tri-Training-LASSO-BP network was proposed. The network
consists of Tri-Training, the least absolute shrinkage and select
operator (LASSO) algorithm and the back propagation (BP)
neural network. The results on the IEEE 39-node example and
IEEE 300-node example and non-parametric tests performed
on the results show that the proposed method can reduce the
requirement of the data volume of training set, take advantage
of the massive data collected during the daily operation of the
power system, improve the prediction accuracy of the network

and reduce manual intervention.

KEY WORDS: static voltage stability margin; Tri-Training;
LASSO-BP neural network; ensemble learning; Mann-Whitney
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Wk 4 prox, XOj 2 BAE T AA AR IRt T &
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Tab.4 Parameters of three BP neural network learners = AN T* Tri-Training-Lasso-BP %
N 1.8 ¢---+ \\,,__**"4\\
ZHA4 1 525048 2 S8 3 G % Yoo o
SR 7aE 1 i L
L AR tan-sigmoid =
TN Z I Z B purelin o
PN 8PS Levenberg-Marquardt 1 3 5 7 9
k% I e
L P 10 4 B% LASSO-BP [4&F1 Tri-Training-LASSO-BP [
O ES IS 0.1 4£7E IEEE 39 T UMK R4 L FIRAHRE
Y R R Fig. 4 Average relative error of offline LASSO-BP
1) L0451 3% network and Tri-Training-LASSO-BP network on
125 H AR (MSE) 1x10° IEEE 39 nodes test case
40
Far B 8 H 10 5 7 - B2k Lasso-BP W%
BEMLE RG] 80% 80% 80% ;;lz A 7" Tri-Training Lasso-BP [
. IGREE  JIZRAEER] IR SR e
N ZRZe 1k 56 =
) 200 K 1000 ¥ 600 i E
KA RS 2 h b 2 o8 H AR, EZI i

SR FE A R AE A bR R R 80% 1 7 B
Z 5%

SRA 7 R OR B RE AN rh iy N R B ) 4 HORT AR Y
w7, X T IEEE39 11 m&R%, WEGEREMRe],
LASSO J7iEH e u R AN 40N 78; X1 IEEE
300 W RARG, WMEFRERe135, LASSO J7ik
WA AEZ TR NN 600,

SeEG R 1 AR E SO 84T 10 (I BAREE,
SEREL 10 IRFPPEIME .. B4k LASSO-BP P44 Al
$2 1 () Tri-Training-LASSO-BP 4% 5313 10 %,
BRI Rk 5 R, SHIRIE AT
R ZE B KA R ZE AR WE 4. 5 FR.

HBIRM, ERNEAREHEAFRE, &35
) Tri-Training-LASSO-BP 2% fig % FI| FH7E£E TC
FREEFEARBATZEAMAN, Hi R, P IRZER
SERME R AR UHEZE I /NT B2 LASSO-BP W 4% (1) ¢
A 15 22 AT A R R 2 . 48 ] Mann-Whitney U
RS DAL PR FR R 25 P RE, ~FIAEXHR 2 p=0.0002
(2=3.780), I KAIXHRZE p=0.0015(z=3.175), Vi
PP EE I S RAFEM L BE NG ¥ 2 R .

# 5 B% LASSO-BP (4EH Tri-Training-LASSO-BP
P& B 1 BEXTEE

Tab.5 Performance comparison between offline

LASSO-BP network and Tri-Training-LASSO-BP network

B4k LASSO-BP M2 Tri-Training-LASSO-BP % %%

5 E%k LASSO-BP 4% #0 Tri-Training-LASSO-BP
M4&7E IEEE 39 T SiX &G LR AREXIRE
Fig. 5 Maximum relative error of offline LASSO-BP
network and Tri-Training-LASSO-BP network on
IEEE 39 nodes test case

gt, WTPLAA Tri-Training-LASSO-BP [ £%4H %t T
fE 58 B 2% LASSO-BP M4 AT 4F . R¥E DL/T
5429-2009 HLH RSB AMFE I o RE, B
RGNS & A B AC T &R K B Ui D& 1)
20%, TEASCHEH ) Tri-Training-LASSO-BP f4% R,
FG A T AR A IR A7 A T e K iR 22 P A
20%LAF, REMSAERLEFRIE T SCIl RS % AIB8AT .

X B (I BE AT VP, ORARR A I3 2% A4 AR
A, i3k FEHRUNZRPT R BRI AN ER 6 BT .

17 L R B R B 32 2 PMULRTU
AT AMI: PMU [ S 0 14 B 284 KT 30ms,
NEDGCRFE, WHRFEAIAN Tomy: RTU — K%
NEPGRAE, WHRFE T IAN Trrus AMI KAE A
B, — BN 15min, CHSREEE A Dot
HEIER, ACIHM Tri-Training-LASSO-BP ¥

#< 6 Tri-Training-LASSO-BP M4 H9i%R & MiK 25 R
Tab. 6 Speed test results for
the Tri-Training-LASSO-BP network

Wit RL — —— - :
Cmean/ %0 emax/%0 Cmean/ Y0 Cmax/%0 Mk &5 o 24 b P [ /s S 4 A /s
IEEE 39 #7 % 1.79306 28.4496 1.32853 19.8986 IEEE 39 5 54 0.156 28.162
IEEE 300 i 45| 3.01852 21.6218 2.16967 18.1581 IEEE 300 7 &1 12.398 65.446
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ENGRRERER, W F IBEE 39 5 2 R4 IEEE
300 T RRG, HIREALE 30s . 90s PN T BN 4%
SR TR RS H ADIRS A T H R — Oy
min 2%, AT AT DA R AE SN FH 255K .
3.3 A\ EREHABB NG RIFN
KBRS AR TOAREFEA &7 EEAN R Y
EVEREHETSRIR VAL, 7E TEEE 39 7 sSH b i
BIRZE ToARBAEA I L EAS B S5 R W2k 7 B
BEE IR AR REALLGIE 2, ~FIgA iR 2 5
W F RS/ RIESS, BT RIIZReh2 M
HEBESHMNESR, SHICPIMENRZE LTS
MG DL HAAREAEA LGN 2 0.05 I, ~F24H
XIRZEIEH] 2.84%, AN TIEAEHEZE R, O&
oI RAGFRTRIN 225K . AR UL, FARFEA
ELITE 0.15~0.40 Z [BIHUMH, 15 2R A RS -
ASCELL TEEE 300 5 U861, 4R AN 4L
B TR RE A HEAT S 805 B 1S 2 1 9 2% 1 R
177 VAl . BB R R U1 2 51 T0
PRAFEAEL, SCIRZE R 8 . LR, %
=T BRE. TREREARL G R EE R #20T
Tab.7 Impact of labeled, unlabeled sample ratio on

network performance

AR A T ZEREA LA Emean/ %0
0.40 0.45 1.3012
0.35 0.50 1.4688
0.30 0.55 1.4812
0.25 0.60 1.3529
0.20 0.65 1.3810
0.15 0.70 1.2946
0.10 0.75 1.4333
0.05 0.80 2.8482

x8 S EINGHTARE R AR ERTPLEE RERI R
Tab. 8 Impact of the number of unlabeled samples

participating in training on network performance

€ S 5GP AR S A S Cmean/ %0

0 0 2.4162
0.005 3.8 2.2984
0.01 6.3 2.2967
0.02 13.8 2.2621
0.05 33.6 2.2547
0.30 164.2 2.2369
0.55 3244 2.2057
0.80 490.8 2.2159
1.05 521.8 2.1990
1.55 762.0 2.1816
1.80 874.6 2.1744

A AR SREARBA RN T, WS 5 SH0E
I TCAR B AE I, AR PSR 22 I,
H—FF RN TEARBERE AT, B G B2 T+ 58 0
WA 2

WG ARG AT R, ESbRB T, AL
MR TR AR AR ) R . R
(1 5 R RS 5 S5 o ) B89 2 VI 5 PO b 2 A
AH k, A FREREARLS] ras 4 ra 7E 0.15~0.40
HUE, SR Tohn SR AR N

éBzﬁiﬂ—OJS—Q) (14)

N

e LG, SRR TR — KL R o
ERABRERTILS b, HA T=elem(Tomu, Trrus
Tamn)s lom NEHECEFRE D ARBEIOFE T &
IR, A DRSS TR B . fE— Ikt i,
B R IE TR SR AR BUA S ke A, WHEAT— R
B SR BT I
4 ZEig

AR SCAE F 2 o RS R TN AU SN T TG
PRASEFEAMES:, R T — Mt 2 5 o & A &
HhEE RPIRAS A T ToAR A il A F) 8 B . AR SK
bref, TCARREREARES MR EIRE . fEATRBEREA
A OB E LR WA T, FELR . SENSRAF RO HL T,
FINH TC AR L A RE 8 72 2 TR AR 1Y HE 4T 280
etk $R A B TS .

B AR AE TH AL b R ) = A4 11 R0 5
AN HL ) RG2S WL R e T s, BT Tri-
Training-LASSO-BP % 4% (1) 4 L A2 0 M3 FEAE 2k
T 77 1 R 0% 78 73 F) F TG A B A A v B 5 1 ol
FHEHAT R SHOE W, fEARSEREARBZ IR,
FETH A F A AR A R A BEAT IR 4 48 77 3 1) Tt
DK

IEAh, =ARIIGRIEIL RE 787 KAE A S5 AN
[F )7 B A 3 M E S MM RS,
AR TT NG Tohr B 1T EAR%s, eIty
WIS SN SHER .

ARSCAE R B VEAL ST 51N T et g
PRSI AEA ) Mann-Whitney U S 8065, R
SE R JTIEVEAE FIE I RE, 04, R T B A S A
YR AT

E J5 SE TR SERR N FHIN 75 2225 [R a5 R4t
(g BB AT HAR BT RAIE . FEARTRIE, IEECA AR
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