%36 B 4 HBARZESEERZR Vol. 36 No. 4
2021 4E 7 A JOURNAL OF EIECTRIC POWER SCIENCE AND TECHNOLOGY Jul. 2021

BT it BP 442 W 4% 1Y 25 B
121 4 RY 78 T il

g L EEa A RO, 3 AR
B oL ERS AEE?
(1. E RS B A BRA B ST ARPFFE R Wb 50 43005052, KIPFE T R WA 5FE TR¥E.WE K 4101140

B CRINNREE A RAZRE E R R, BAE 2 SO O S B BOM RN St . Ol R DR & 2
E SR AN W B TR) 80, 1 5l 28 R sl A 18 4% B 043 0 SR KT T 3 B 1) 9 B00HiE 40 A O ik E AT AR B B R BP Mg I
L% TN A 538 4E BUAS . A $ v BP #2248 TIORS L 2R K -fold 38 SUBG IR X J5 46 4 I ZRAs AU 2 47 RS o 9 3,
FH 3 A% Bk 0 BP M 22 9 8% 19 0 G (0 R (L 3 47 081 46 R o5 o DA TTT 28 37 i 7 3 4% 550 125 1 803 BP B 8 90 2% 15 58 4
SRAS TR T5 i o LA o v A% o il Sy {91 AT A P R A i 2 IS SR L X LY 43 A SR T 4 U 1 R A ANCHRE e R R I R
T FE DT Ay v 0 45 728 i, il AT A 8 27 4R IS 5 (i

kO ARRAEIE g AR T BP B4 4 5 8 A5 5 K -fold 28 LBGHIE

DOI1:10.19781/j. issn. 1673-9140. 2021. 04. 006 FESES TM9 XEHS:1673-9140(2021)04-0044-09

Overhaul operation and maintenance cost prediction of substation based on

improved BP neural network

XIONG Yi', ZHAN Zhihong', KE Fangchao', ZHOU Qiupeng', SUN Liping',
LIAO Shuang', REN Yulun',ZHOU Renjun®

(1. Economic and Technological Research Institute, State Grid Hubei Electric Power Co. ,L.td. , Wuhan 430050, China;

2. School of Electrical &. Information Engineering,Changsha University of Science & Technology , Changsha 410114, China)

Abstract;: Overhaul operation and maintenance costs of substations are affected by many complicated factors. Fuzzy
and fluctuating data records of maintenance costs worsen the situation. In order to solve the unclearness of the over-
haul cost record, this paper firstly divides the substation maintenance items and uses data analysis method of horizon-
tal and vertical direction to process the items. Then BP neural network is used to predict the maintenance cost. In or-
der to improve the accuracy of BP neural network prediction, K-fold cross-validation is used to accurately adjust the o-
riginal data training model. The genetic algorithm is used to adjust and improve the initial value and threshold of the
BP neural network. Therefore an improved BP neural network maintenance and operation cost prediction method is

established based on the genetic algorithm. Taking a substation in a certain city as an example to predict the operation
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and maintenance cost of substation maintenance, comparative analysis shows that the proposed method can effectively

improve the accuracy of model prediction, thereby providing reference value for the power grid to allocate maintenance

costs to substations.

Key words: substation overhaul operation and maintenance cost prediction; BP neural network; genetic algorithm;
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Figure 1 Substation overhaul operation and

maintenance cost item
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Figure 2 Schematic diagram of BP neural network
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Figure 3 Flow chart of GA-BP neural network
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Figure 4 Overhaul operation and maintenance cost

model of substation equipment based on

K-fold-GA-BP neural network
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Table 1 Training results of the operation and maintenance

cost data by three methods 77 7L
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Table 2 Relative errors of three methods of

forecasting results
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Figure 5 Training results of the operation and maintenance

cost data by three methods
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Figure 7 Comprehensive evaluation index of

training effects for three models
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Table 5 Forecast value of operation and maintenance

costs in a certain city in the next three years 7 7T
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Figure 8 Forecast of operation and maintenance costs for

a certain city in the next three years
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