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On-line transient stability assessment of a power system based on Bagging ensemble learning
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Abstract: To solve the problems of poor stability and low accuracy of traditional machine learning in transient stability
assessment and the limitations of offline training, an online transient stability assessment model based on multi-model
fusion Bagging ensemble learning method is proposed. First, in combination with research on the frontier theory of
artificial intelligence, the principles and implement methods of seven machine learning algorithms commonly used in
transient stability assessment are analyzed, and the Bagging method is used to integrate them to give full play to the
advantages of each model. Secondly, the mathematical method of Bagging ensemble learning is given and a simulation
experiment is carried out. When the topological structure of the original system changes, a Boosting algorithm and
transfer component analysis are used to carry out sample and feature transfer of the original grid historical data to
complete the online update of the proposed model. IEEE10-machine 39-bus system and IEEE16-machine 68-bus system
are used in the simulation analysis, and the results show that the proposed method is more accurate than the traditional
machine learning model. It can maintain stable operation when the data is mixed with noise, and accurately evaluate
transient stability by transferring the historical data when the system topology changes.
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Key words: Bagging ensemble learning; power system; machine learning; transient stability; transfer learning; on-line updating

0 2= TIR GGV B T B3, [ A L DA T 1

= KUK MGk H#E 2%, B RGHsAT THEm

HL 7] &R 48 & Fa € A (Transient Stability  #EIRAR@ f PR, Wfifdk 47 HL ) RGH TSA, KRN

Assessment, TSA)J2 R HL ) RG24 FgE FEL PO 1 N 37 T EEL PR 5 A sy 5 R 1Y) o
g

HEWE: EEE LK% A %85 (2017YFB0902600) ; BT AR R R 4 (Wide  Area

F ¥, N 8] AHL B 8 (SGJS0000DKJIS1700840) Measurement System, WAMS) 1 Hi J§ 4 BE ¥ ¢




-2- Y EE X T EE S

(Power Management Unit, PMU) fJ R & , /) %
G A T IRBUOKE S IS 47 (1 L B I R
1), BB REIRAS T I, R GRS R AR 2,
MRTH RGRIHT R X TSA JH T 3 m K, 1%
G0 77 (I S0 FR) PR RV R VPl A SR
TS T TH G IR BR AR . HLBSE IR B N
I RIERAE TR T RE, BT WA S TSA J7iE
N L) AR SRR S A R RV AR AR

&40 TSA JiiEAH L, HLas =) T A
WM R, @ | VSRR R RR
VIR S R 2 MRS SR, SR E ARG
(AR LT 28 50 B A BORE A AT 20 AU 4R
HE N CE A AR B NI T P = I R 45
TSA AT T ot 5 ekt o WiSCHR[8]2E T3 Re = L
(Support Vector Machine, SVM) ] TSA #74  SCHR[9]
H13E T BE AR #K (Random Forests, RF). K {HIT4B(K
Nearest Neighbor, KNN)FJ TSA #71, SCRHA[10-11]
LN LA 4 M 4% (Artificial Neural Network,
ANN) f¥] TSA A, B FE 52 I+ ok 5 B (Gradient
Boosting Decision Tree, GBDT). &4 JH(Logistic
Regression, LR). [ i& M 427+ H 1% (Adaptive boosting
machine, Adaboost)% .

{HIX LI GRE RE 2 R R 2], a2
PEAIRE AR, ACBORTYHARI RS BEA S, PRk
JRE ) Z AN, MBS 21—y S —— IR
202, g R MELL N E AT Y], B IR
B RIR RS, DLIS B 4 PO RCR . 8 WA
LR fR 4% (Convolution Neural Network, CNN) 31,
He B8y E Bh4a i 2% (Sparse Stacked Auto Encoder,
SSAE). KJHIHICIZM %% (Long Short Term Memory
network, LSTM)%5 . 41 SCRR[14]32 H 2 T B R
W25 (1) TSA BT, SCHR[AS1RI S AR 7 B 3hdmtD
AT REE SR EVHE, BT BRI
M2 FAFAEMET , AN [F] 57 ) S TN 25 RAFAEZ 7+
It A B — R R i L ) SRR AT AE — 5 B R IR M
I H A XS BRI 2 e A s, T R
R HTRERE JBLSS, ToVk BIREE % S A LU
A FH 2 A (R AR BURVEAE I AR RAR V2 7T, s
WR[L6] T [ T 22/ LSTM 1) TSA 7Y L SCRR[17]
FT1ELZk Boosting £ i L4 PR 2% > HL(Ensemble
Online Sequential-extreme Learning Machine, EOS-ELM)
) TSA K7L, B4R DL Boosting i AAC TR 1 85 i 27
SIREAUAE TSA AR 1 RIAFI N FHRCR, B —
S5 Boosting £ B R BRPEAKIRAFEAE,  HLELNERFE
B IZRIN TR K, 2 XI5 Boosting £ %,

PP TSA M, fFRBAIRRMEK. A
TPk 2 AL A A ) BEHET IR S11%) Bagging
LR ) HE, SRR, BT 2% BREE ik
() Bagging £ SAMY REHE & B KB R 40 1) 8 S50 €
ek, BA RIFFIPiet:, mHSESRRES
EARLG, FORERE. MERRRERE G, RIAUPERERE LT
HTHNRFE— NS ER RS, UEN
BNV SR E S Ry, BRI
AN E RN O RS A 28 S8 37 1R T 1A
UISCHR[A7]A I Boosting 572: J5 H 6 TSA #E A 34T
FHIET S, (HIERFIE4E BRI, X PR 555 28
B B H ik 2 FEEE AT B it .
ARSCEF AT RS 2 2 P K EUEAR,  $2 28 TREE
IR LR 15y 7 Mt (Transfer Component Analysis,
TCA)FIEAIE T FEAIL A 1) Boosting iIL#H %, @
AN [R () AR BEXS BT iR B AL AT I RS, il
IEEE10 #1 39 75 A5 )2 IEEE16 #1 68 7 5 2 45 (14)7 2L
S IGAE T BT i A R
1 BiEREIE
HL ) R AR VG RT LAVE 9 =53 2K i)
R — R B A AR X N — A n dE
(W, W, w,) , HHEAFSHERRZE 0801, 0 KR
fa, VARERRFRRR T . HURET LR N — 1 nxm
PIHERE . AR n ARGREIRAFAELERE, mAAEREIEEE
IR AN
1.1 8%
1.1.1 SCHRAEAL
SRR A BT A T8 S R 5 S A R e E ] e
(R Ar AT, 157 288 1) S -5 AR S v 1 i
ZEIR TR /NS o I 5K [AIRR YA DARFAE 23 8] Y
2B S I i 41 T R AR R 43 R B AR A IR R . A T
4RI
WINGENE={(x,y,)]|i=12,-1}. HH,
x €RY,y {01}, R (w,b) fHfERw,b)ikF &/,
=R
ROWLb) =[] £, 00 - y1d(x,) ®
A d(x,y) BaFHE & x 5 &R0 1S 4>
MERE: f,,(X) BnfE x LR TN RaEma, K
f, 5 (X) =sgn[wx +b] 2
N1 KRR R, G 1, (x) =R

I R



S Bagging SR 2] UL R GU S R E AR RV AY -3 -

maxW (M= 3T, - 25T 00 )
SRR L

0<T,<V(i=12-1), Z':Tiyi:o @)

b, T RRRERR, ERET 25, FAXA

ﬁw=gw&,ﬁﬁwoﬂﬁﬁﬁﬁﬁmﬁ%

[fup (x| =1, RIS 0Rib, B, }TH
I 5 HE A () R TR AR L
2=H() s HATLIREATER, A i
r 00 =ep- ZX0 gt o e,
TR R 2L

f@=solyyT@ z)+bl ()

# f(2)=1, MFEAMRERNRZRFFE SR
JE, 5 H WA AR
1.1.2 N T 2%

N LA 22 X 45 (8L — ol ) i % 22 bR B0 [ A%
1877 AT 22 ST 1 B L AR 22 ST Bk

H b bR 0 A 15 50 N\ A 25 il 25 L AT e AR
8L, BT DR FH R R 2 4 2k R B0 9 b R AT
L, KRR

18 .
ﬁ=§§Xﬁ—ﬁf (6)
j=1

Ay FRMEME IR Y RRFEARRAE .
T 12 0 A A 2R P A B 2 2% N REAIE X I PR AU AL
LRz E, Wao. b
s i T LA () FoR, Hp f(x) AR
FAT 1550 AR AE 2R EAL I S BR 2. T sigmoid.
relu PR 55 .

9 =10 +b)) 0

1.1.3 FEHLARAR S5 16 B SR T Tt SHep

It BTL AR P 530 19Ty 22 A e SR 4R BRI K 14
— RSB S ENE, KGRI BRI E i A 1)
TP REER L AFRAERS AN SUIAAT 2] T T IZ IR

RF i 44038 A R R I 25 5 18 Jn 7 SRA5 2 1] )
Z5t, MISEE Al a o R R SMERIAE /7, 18
ok BNk, 72— XA F I h(X),
hy (), h (x) » BN B2 7 R R
gt ZARGIIEA D IERR L2 MBS

AR FRF T RIR N
H(x) =arg maka:I(hi(x):Y) (8)

s H(x) BREE DI h(x) MR
PSR Y Ronfni B E; 1(h(X)=Y) NRE
R AL, F(B) UL A T A FH 2 HU SR s 1) 7 AR
AT

o6 P2 H TH R SR AR — b 2 T W SR (1 5925,
HZ A~ DT BIER, WEE5 e RINE IR AL R,
AR EE AL, X EAFER .
1.1.4 K AHIT 4832

Kl 48 % £ A k 4E#F (K-dimensional Tree,
KD Tree) ) 75 i REGRNFEAR I 7 22, BRI 10
FROE p 5, S N 2 AN 5, AR 206 B
AN [RIARZE TR I 2R, TR B 2R 250 B 1

K BT AE IR A I AUE A N

iWikajk
sim(d, d,) = =t ©)
\ f (ZWif )(iji)
p(x,C;)= Y, Sim(x,d)y(d,C)) (10)

o X NBSCARMRRE R Sim(x, d) AAHUE
EAN, EE Q) R, 1 y(d,C;) IR
Yeps ke, BlAniid 5C, 8T F—200, MsEdE
1, 024 0.
1.1.5 Logistic [2])4

Logistic i%/2& 51 ARG TR AU il TH 1
Jiik, RIS W 2 I AUE AV 240,
BET IR B ZR532K0 H 1) 6

R — MEAR T RHE R B X, X,
X o MNP, WEREIERHREOT R R N

In[P/(1—P)]=B, +BX, +---+B.X, (11)
X, B(i=012--k) NZHEFHRE. X
(11), FAFIZFEALRFFE SR E IRy

g(BoBXy++BXy)

(12)

= 1+ e(Bo BXirBXy)
1.1.6 Adaboost i3
BN ST EREASE S{0OG V) (K V)3
ERECNT .
1) WA RUE o = D(i),i=1---,m.
2) HATEH ' =0 1Y

3) S T4 B8 p' 8845 h (x) . 951



_4- SRR R

?)ﬁi)ﬂ”’fﬁ y:)red € (0’1) °
4) THEPIA 1R

& = er: plt |ypred - y|| (13)
5)IHH B =¢/1(1-¢)-
6) HHTRLE R
a)it+1 _ a)lt « ﬂtl"ypfed’y" (14)

7) IEARTE U AR .

T 1 1 T 1
1, ;(Iogz)n(x)Zag(ng)

T 1 1 T 1
0, ;(Iogﬁt)ht(x) <§;(Iogz)

1.2 Bagging ¥ 3

TENLAR 5 ) A B ) Bk, L E I
Zrth— /M HAE & 5 AR R I L e AL, (]
SERRE ORI, Hi RS 2] — G fm T
PIRAY, I e 7R 7 R T T RIS LU, JR T
S MR BREAL . ASCHREH AR B ST AR AL IR I 2 A X
B A 95 I B A B —MERE R A E AT
SRISEARAL . R, RIS — 5500 R AE NN B
AT AN E K B 4RI R AR AR, A5 2 288840
Refs S AR R A IE K

R S PO TUR LB S ST R A R —
AR e B, AR N SN B T 2
7, BHGHETIN R . ARG R SeidE gk
AN )R, B AP SRR IR e 2 ST R A A
LR SlmI R AN A S A, IR AN, T3k
13— ) 2R TR IR T RE

H 2 S AR P AR B 2, R 2T RT A N
K —FRLL Boosting AR, &K ) SR IAAF
TERCROCZR, AT A U B I B 1 —
2L Bagging NANGERT, &5 > SR A A AEAENIS
KEZR, ATLLIHATA ISR S 5%, i 1 R

HEEE 5] \

Ypred (X) = (15)

i

|

:

|

318 N ;
~ |

I

|

|

I

— BoRANEE ]
|

)

i TR R

%] 1 Bagging EERF 45
Fig. 1 Bagging ensemble learning structure
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Fig. 6 Evaluation of the anti-interference of the model
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Table 4 Performance comparison of models with noise added

e !
0.01 0.03 0.06 0.09

Ensemble 98.5% 98.4% 98.6% 98.4%
SVM 97.7% 97.7% 97.5% 97.7%
KNN 97.7% 95.7% 91.6% 89.8%
ANN 98.2% 98.0% 97.9% 98.3%
RF 97.8% 97.1% 96.9% 95.2%
GBM 98.0% 98.1% 97.9% 97.3%
LOG 98.0% 97.7% 97.5% 96.8%
AdaBoost 98.0% 97.5% 97.0% 97.1%
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Fig. 7 Topology of the IEEE10-machine 38-bus system
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Fig. 8 Performance evaluation of transfer learning models
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Table 5 IEEE16-machine 68-bus simulation results

Y Acl% TSR/% TUR/% Gmean/%
Ensemble 99.4 99.3 99.5 99.4
SVM 99.3 99.5 99.1 99.3
KNN 98.6 98.5 98.7 98.6
ANN 99.0 98.5 99.5 99.0
RF 99.1 99.2 99.0 99.1
GBM 99.3 99.3 99.3 99.3
LOG 98.5 98.5 98.6 98.5
AdaBoost 98.9 99.1 98.7 98.9
CNN 98.6 98.5 98.7 98.6
SSAE 99.0 98.8 99.1 98.9
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