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Quantitative Evaluation Method for Transient Voltage Stability Based on CBAM-CNN
Multi-task Model

RONG lJingchao, MAO Xiaoming, WANG Xuan, LIN Quanhui, YANG Bingxin
(School of Automation, Guangdong University of Technology, Guangzhou 510006, China)

Abstract: To improve the timeliness of data-based transient voltage stability assessment and to achieve quantitative
evaluation, we proposed a transient voltage stability evaluation model based on convolutional block attention mod-
ule-based convolutional neural network (CBAM-CNN). In the model, the power-flow, fault location, and bus voltage
jump information are used as inputs, and hybrid attention mechanism and multi-task learning framework are introduced to
output the transient voltage stability level and stability labels of each node in power grid. Studies in the classic IEEE
39-bus system show that the proposed model has sufficient adaptability to changes in power-flow and fault location;

compared to several other popular deep-learning models, the recommended model has stronger information representation

and generalization capabilities, and is expected to be applied in power system preventive controls.
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Table 2 Physical meaning of the quantitative index
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Table 3 Composition of the model
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Table 4 Tasks allocation

FAES JTVP A RS R A AFTE S X

1% 1 2,1,15) X 1, X2, X 3
114 2 (3,4, 16) X 1, X% 2, X 3
114 3 (25,5, 17) X% 1, X382, [Xi% 3
1% 4 (26, 6, 18) X 1, X2, X3
1% 5 (27,7, 19) X 1, X2, X3
1% 6 (28, 8, 20) X% 1, X382, [Xi% 3
1% 7 (29,9, 21) X 1, X2, X 3
1% 8 (30, 10, 22) X 1, X2, X 3
f£% 9 (37,11, 23) X% 1, X382, Xi% 3
1£45 10 (38, 12, 24) X% 1, Xk 2, X3
f£4 11 (14, 13, 33) Xk 2, X2, X3
14 12 (39, 31, 34) X% 2, X352, X1k 3
1% 13 (36, 32, 35) Xk 3, XK 2, X% 3

RS TSRO

Table 5 Comparison of different allocation methods

T Mag Ac/% Iom/%
M3 3 P2 0.0330 98.35 1.62
X ik 0.027 8 98.87 1.03

K6 TARS VAL S A R B B L AR

Table 6 Comparison of different allocation methods

FAES A

Mae Accl% Iom/% Ti/s
2 0.028 8 98.60 1.23 0.77
3 0.027 8 98.87 1.03 0.72
6 0.030 1 98.42 1.26 0.63

RORBRA: AU 2 B 2 5 2 2T H Al OR
HERFAE, WM W RRSHE UM A
PR A T HL SRR B R TU AR -
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Fig.8 Change in total loss function during training
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Table 7 Comparison of evaluation effect for different input

features
HA  Ps Qg U AU F d Mae A%  Iom/%
1 v oW NN 0.0278 9887  1.03
2 S N A 0.0337 9828 121
3 NN \ 0.0486 9791 184
4 v J 0.0788 97.13  3.53
5 v oW NN V00307 9843 117

T EORRIFERA .

8 AFEBE IR R TR

Table 8 Performance of different models on test samples

FERY Mae A% Iom/% Tis/s
ANN 0.056 7 98.19 1.81 0.49
CNN 0.047 2 98.31 1.79 0.58
CBAM-CNN-1 0.036 7 98.57 1.60 0.65
CBAM-CNN-2 0.027 8 98.87 1.03 0.72

KO BRI FAEA R E

Table 9 Performance of different models on new samples

eit] Mae A% Iom/%

ANN 0.037 5 95.10 6.95

CNN 0.0350 95.97 7.48
CBAM-CNN-1 0.029 4 96.16 6.45
CBAM-CNN-2 0.019 6 96.48 5.58

A )L, CBAM-CNN-2 [fEbrfl T H AR, KB
CBAM-CNN-2 B AR A5 (1iZ AL AE
437 g

WIATATIE, AR CHEFERAET CBAM-CNN (%
A5 H TR AR VA AR Y B rT SE P e s VA, AT Al
SEPLE RV, FLe R MV IR I 2
DRI I A Ry 2 A X el 0 31 R L R e 42 1) SRS il 1T 2
AT MSH,

10 HHIEMEART R EEIT SRS H
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Table 10 Comparison of real value and estimate of sample

evaluation result

g Rasg AP ¢ Faiehiss o
H R - N -
’ HSEAH Hfe I e
1 3.201 3.114 0 0
2 2.081 2.027 0 0
3 2.033 2.065 0 0
4 2.022 2.073 0 0
5 2.008 2.036 0 0
6 2.000 1.947 0 1
7 2.015 2.044 0 0
8 2.018 2.024 0 0
9 0.880 0.960 1 1
10 1.350 1.309 1 1
11 1.475 1.408 1 1
12 2.009 2.037 0 0
13 1.525 1.392 1 1
14 2.004 1.842 0 1
15 1.900 1.895 1 1
16 1.325 1.343 1 1
17 2.009 2.002 0 0
18 2.023 2.053 0 0
19 0.755 0.716 1 1
20 0.959 0.969 1 1
21 0.962 0.962 1 1
22 0.730 0.760 1 1
23 0.759 0.739 1 1
24 1.250 1.190 1 1
25 2.024 2.005 0 0
26 2.011 2.012 0 0
27 2.014 2.003 0 0
28 1.900 1.785 1 1
29 1.625 1.396 1 1
30 1.350 1.275 1 1
31 0.894 0.905 1 1
32 0.851 0.866 1 1
33 0.709 0.678 1 1
34 0.896 1.132 1 1
35 0.560 0.614 1 1
36 0.567 0.660 1 1
37 1.850 1.942 1 1
38 1.250 1.355 1 1
39 0.935 0.933 1 1

SAEMI LRI AT, AR VAR R SRR
H75 56 T 14 158 PVl £ %EEiﬁﬁﬁl&*
XIS 10 200 M VPASAEAS H A7 5 TS 05 0
WIBAEAT T Stk br, KINZ) 87% & VEASHI5 A1
B SR AKCETE 1.9~2.1 208, 29 95%:& MakH
S I B RAE KR 1.8~2.2 ZJA], SEPEESHITE
FEEACFINME 5 B SHE R38R 2 0.083 1
(%%A@@ DL SRR, m AR 2 R AR
R ARE A LS A T 2 ISR 10 R AR

6 5 14 HUZXMHEED). WL, EEVFAEEIRIE IR
FHEMHLR, 5 ROATEEVERAR, Aipdt— B0
AR o

5 #ip

D Bt ps g LB MRSz AT E B i
fr BAE DA R RARE BN, PRASE Rk
i, RTATLAE H 7738 f Al s fir B A8 A B 78 53 )i
A o

2) P P AR S A B, TR
HX R Zh A DIAT- 32 SR B35 A A %) & AR 55 1 9%
TERRRE, S H I 2275 R A F AR E KRR E
PR A T

3) 5JLFhE SRR IR B, PR
A TIN5 BARAERE JIRZALRE T, VIS EE R
WRET/N, HERR

TR TT R R AN 2 A
JEASE € VAL 45 R IV Sz B, FRR A
IS FH T B DX 9577 42 | SRS P ) 1T e
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