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Improved SABO-BP model for predicting pollution flashover voltage of
catenary composite insulators

WANG Sihua, MA Shengyi

(School of Automation and Electrical Engineering, Lanzhou Jiaotong University, Lanzhou 730070, China)

Abstract; To quickly and accurately predict the critical flashover voltage of composite insulators in catenary systems
and reduce the workload of artificial pollution tests, a prediction model for composite insulator pollution flashover
voltage is proposed. First, the performance of the back propagation ( BP) neural network is enhanced using the
subtraction average based optimizer ( SABO) algorithm improved by the golden sine algorithm ( GSA) and
piecewise linear chaotic map (PWLCM). Second, artificial pollution tests are conducted to obtain the flashover
voltage of 10 different composite insulators, and relevant test parameters are collected. Third, the Obenaus model is
used to analyze the pollution flashover behavior of composite insulators, and the Spearman correlation coefficient
method is employed to select 4 parameters closely related to the critical flashover voltage of composite insulators as
input features for the prediction model. Finally, the prediction model is comprehensively evaluated using five-fold
cross-validation and compared with prediction results from commonly used intelligent optimization algorithms. The
results show that the GSABO-BP model predicts the flashover voltage of composite insulators with an average
absolute error of 1. 244 kV, an average absolute percentage error of 2.25% , and a coefficient of determination
consistently above 0. 98. Compared to the original SABO-BP model, the average prediction error is reduced by
67.80% . The GSABO-BP model demonstrates high prediction accuracy for the flashover voltage of composite
insulators, which is significant for the anti-pollution protection of electrified railway power supply systems.
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Fig. 1  Principle of the test
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Tab.1 Insulator sample parameters

e SiyEELs BVSHT RNMEERY,  TEHLEES
mm f mm L/mm
FQB-25/12-Xob 760 0.268 5 192/162 1 600
FQD-25/8-eg 811 0.717 3 145/115 1 600
FQXS-25/125-HH 834 0.717 3 145/115 1400
FQX-25/120-QH 738 0.717 3 145/115 1 600
FQXS-25/120-QT 799 0.717 3 145/115 1400
FQD-25/20-EB 800 0.717 3 145/115 1 600
FQX-25/120-QT 778 0.717 3 145/115 1 600
FQD-25/8-cg 769 0.717 3 145/115 1 600
FQXS-25/120-QH 815 0.717 3 145/115 1400
FQD-25/20-HY 864 0.456 5 90/70 1 600
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Tab.2 Partial test data

e P (esony/ P(Nsp)/ Uso /' 0/
(mg-em™?)  (mg-cm™?) kV %

0.05 2.0 48.1 4.83

0.10 2.0 44.7  4.12

FQXS-25/125-HH 0.15 2.0 40.5 4.55
0.20 2.0 36.9  3.80

0.25 2.0 32.5 4.52

0.05 2.0 48.5 4.73

0.10 2.0 43.9  4.85

FQB-25/12-Xob 0.15 2.0 40.7  3.47
0.20 2.0 33.4  4.56

0.25 2.0 28.7 3.66

0.05 2.0 58.9 4.35

0.10 2.0 55.2  4.29

FQD-25/8-cg 0.15 2.0 50.5 3.13
0.20 2.0 45.1 3.94

0.25 2.0 40.5 4.23
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Tab.3  Spearman correlation coefficient analysis for each variable

p=1

mwo D,/ L/ Peson)”

f EC/]’ EU/C

H mm mm (mg + cm?)

p 0.4124 0.4311 0.7136 0.8532 0.6598 -0.7837

P 0.143 0.034 0 0 0.008 0
VP SR
23 AlALf Eqe B psony B p >0.7, H
P <0.000 1,BI7E 1% 7K1 3 i IH &2 A 4 2+
TSINFLESIX 3 MR RAR DG E,), 1 p =0.659 8,
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Fig.2 Basic structure of GSABO-BP neural network
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Fig.3  GSABO algorithm optimization process for BP neural network
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Tab.4 Training parameters and values of GSABO algorithm
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Fig. 4 Comparison of optimal fitness curves for two

optimization algorithms

4.2 WMERHSH

21k GSABO 5 SABO LAk )5 ) BP #1280 26 %)
REAs Fi5 N BRI Z5 L 0L S, mE S Al
1 SABO-BP Tl 45 5 it | FEASSE- 3412 25 0 3. 67 kV,
BRHLEIRZ K 4. 91 kV; GSABO-BP il 45 J v |
RERITNAE 5 B SAE ] fe /N R 220 0. 21 kV, e R
BRZEH 2.98 kV, 437 IR N 4 B (B 0. 71% |
3.60% ; T ARSI FEAS -8 2558 1. 21 kV, BT
FHEIRZR R 3 kV; GSABO-BP %} SABO-
BP T 75 [N L R F- Y 15% 2% T [ 67. 80% , ik J5 1Y
FIEAETNE Y2 S A R 22 A BE T,
54 ¢
52t
50
48
46
44 |

TN 4% B /kV

421

40F o gy
38 | —A—SABO-BP il &
—e—GSABO-BPTR I

0 2 4 6 1‘0 1‘2
BAREA S S
BS AREATEARET SN ERNER

Fig.5 Comparison of prediction results for pollution flashover
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Fig.6  Comparison of prediction errors for pollution flashover
voltage using two optimization algorithms
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Tab.5 Five-fold cross-validation results of GSABO-BP model

i AT Eyy/kV BIT Eyiap/ % HAT R
1 1.282 2.423 0.9823
2 1.027 1.982 0.9852
3 1.345 2.623 0.9817
4 0.981 1.527 0.992 3
5 1.286 2.717 0.986 5
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