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A 1D convolutional neural network—-based transient stability assessment model
for power systems based on the SVM-SMOTE algorithm
YUAN Mengwei, HE Yu, WANG Xu

( College of Electrical Engineering, Guizhou University, Guiyang 550025, China)

Abstract: In order to improve the operational stability of power systems and reduce the probability of major outages, this paper
proposes a 1D convolutional neural network transient stability assessment model based on the SVM-SMOTE algorithm. To avoid the
impact of subjective bias introduced by manual feature selection on model prediction performance, the underlying measurement data
from PMU is selected as input features and a one—dimensional convolutional neural network (1ID—CNN) is used to capture the time
—series information of the input features. At the same time, the SVM - SMOTE algorithm is used to equalize the samples,
considering the degradation of prediction accuracy due to the imbalance of samples in the data set. The simulation results of the
algorithm show that the proposed model achieves end—to—end timing feature extraction and transient stability evaluation, which can
meet the requirements of online evaluation accuracy, rapidity and reliability, and effectively solve the problem of high omission rate
of unstable samples in unbalanced datasets.
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in this paper
PAANEEA BB A — A 146 18 IE 50 AN 25
SN OT RS/ T SIS BN ) R s WAl 0 e s S  L
CNN A ol 5 T b BEES | B 7 RRAE SR s FRE
PR AR 3 BB, B PAL B 280 45 2400
N PRI R S XA A P 1 T A PRI
SVM-SMOTE it R s I PP AR fE 42 e el 4 4>
R R, M & — G HZ BN JZ
EESIERZ a4t 4 )5 F- 35 Ak J2 X6 BT 41 He
FIFIEIEA T 2 R G 381 softmax 702 g i i A2 E
BURERR I EE R

3 ESREmNRE

31 EEBmASEH
3.1 BERUgA

RS B o AFRAEAR R BE F 5 1 A A i) it )
PERE, HHT 300 0 B S 5208 VA S AR AR AL 1
EA TR, — RO i R0, ERETE RS e
WLFE 77 R G Z PR A < AL A HRIE T 5 — R
BErh 5 1 5] 25 AH & 0 42 B2 0 ( Phasor Measurement
Unit, PMU) B 1 g R G B0 22 2 55 (Wide Area
Measurement System, WAMS) I B #2221 £ 3] i) I 4
B RIELRABA A WA SRIES T A —
FE M) FWH R 2 0B RY B PR RE SRR 7 A 5 ), PR Ik
AR SCESE PMU S5 VR R i A RRAE

TRIE 27 > B MRS 2 6 0 54 b B sh 4 R -
SJRRIE ST I HSCHE o 31 v 1) B SRR E TRV
Al o A SRR A RRAE A vk AT DL e KRR E b i



578 R 4. HT SVM-SMOTE 25 5 18— 4 35 FH b 22 W 2% 53
M B SE RS ) TR IR B0 £ R B R e | TST AR (6) -
LRI ST A5 SO B2 e TR A 3601 85, ]
So TR L 2 AT S TS e A = 360° +1 Ao, | (6)

s (5) PR

X:[VI’“"Vm7617'“70m5P1 5011}

(5)

Hor, (v, .0 ,P.,0,) € R", m NFRL IS
5 LGS T R AL

IR I FIE X6} 17 P B AR AE X e — B an R0
1 AR

N TG b S B AT A AR B R R AE
OS] B IR 6 R A A AR A IS ) | A B
BEUIBRIG 3 BB, AR SO0 LS50 Rk Y B
KWl B AR SR B 1] K 0.42 s, B IHH R AAS 114 SR A X i)
BEN [t - 5T, t,+45T],TH 20 ms, AR
(AT 22 55 TG 22 10 #L 39 T RS, &bk
2RI 39 2% SR AR f Y R 2R B 34 Sk, R X
(5) AT, B ARFIE X J&—1> 50x146 AR,
3.1.2 A

B AFRUE VAL BT (0 it 25 R R R R AR
PR BFAS TEAR ]S — A~ 432l SR B A5
FEFEHL( Transient Stability Index, TSI) J Wik ks A&

7-'.7Pn7QI7...

B SR B SRS SR
BPA )i 1L

PRI REAchRE:
B
B itk

SVM-SMOTE 1 Rk

ks Wik g
YIIZRHET CNN T H T CNN
TS AR I TS AR

T s
B2
Sl PRAFE

Hor, AS,, i BB P K HLBIL I e KA
XTI

A TSI > 0, WISEHHZFEA R A ARss ik
BN EREA TSI < 0, WIHIE N RFAREAR %

WHERO,
3.1.3  FdEwiab e

HY T4 ACRAIE 2 BELR R (B | AH A 0 PR
A D JC AL, & A B0 AR ] DR R
BEHATEAE A — Ak, A SCAHE AT Min—Max FRfE L XS
JE GG B A TR AR e B U — b S R S5 SR M =
[0,1] MYIX[E], XFFREH—FLFI] X = {1, ,%,,
e, b, A R AN (7)

X, — min {x]}
’ Isj<n
x =

max {x,} — min {x;, | (7)

Isj<n Isj<n

32 HEEESBAEIMMERER
FLF SVM-SMOTE 145 FL0 22 W 48 B S Fa i
PEAG AR T i A2 ANl 3 B

MR RN
PMU RIS
SR
SEIZRAY CNNAEAY

SRzl

B3 AXEHRETHERNTNILRE

Fig. 3 Prediction process of the transient stability assessment model in this paper
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