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Table 1 Parameters of various
popular electric vehicles

AR

R AR/ S HR

LR (kW+h) km [km-+(kW-h) "]
1 26.57 200 7.5
2 31.9 301 9.4
3 43 305 7.1
4 48 318 6.6
5 49 351 7.2
6 52 400 7.7
7 82 400 4.9
8 90 557 6.2
35 301 7.52
’ 52.5 410 7.63
10 440~ 660 563 0.85~1.28
11 324 250 0.772

FRAE (2019 446 5T T 583 2 JR A BE 45 ) it
L5 e S Tl Rl NG o A N U SO PN U X
Eb Ry 85.8% , KR ZE A AN K T % F s 48 ZE Y i LR
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Fig.5 The traffic flow prediction value of WNN
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2 30~50  >100 P I 22
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Dynamic charging load prediction method of electric vehicle

based on wavelet neural network and FCM
ZHANG Tianpei', WANG Chengliang' , CUI Hengzhi*, ZHENG Haiyan' , YANG Qingsheng' , BIAN Zhengda®
(1. Jiangsu Fangtian Electric Power Technology Co.,Ltd.,Nanjing 211100, China;
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2. State Grid Jiangsu Electric Power Co.,Ltd. ,Nanjing 210024, China;
3. School of Electrical Engineering,Southeast University , Nanjing 210096, China)

Abstract : With the development of the electric vehicle dynamic wireless charging technology, aiming at the current incomplete
theoretical work of dynamic wireless charging modeling, dynamic charging load model is established according to road
conditions ,and different power is assigned to different vehicles through clustering of EV models and states,so as to complete the
establishment of dynamic charging load. Wavelet neural network is used to process and predict the timing sequence information,
and then combined with back propagation neural network to predict the traffic flow on the charging road, and the short-term
traffic flow forecasting accuracy is 85%. Fuzzy C-means algorithm is used to divide the charging type of EV and the charging
power corresponding to the type, and the EV entering the charging road is divided into 7 types. The corresponding charging
power is allocated according to various charging types to complete the daily load modeling.

Keywords : electrical vehicle dynamic wireless charging ( EV-DWC) ; wavelet-back propagation neural network ( W-BPNN ) ;
fuzzy C-means(FCM) ;EV charging pattern ;load model
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Lightning grounding dispersion of transmission lines and

overvoltage protection of nearby pipelines
GAO Xiaodong' , AN Yunzhu®, BI Bin', NIU Jingguang’ , XIAN Richang®, HAN Zhengxin'
(1. State Grid Shandong Electric Power Company Maintenance Company ,Jinan 250118, China;
2. School of Electrical and Electronic Engineering,Shandong University of Technology,Zibo 255049, China;
3. State Grid Zibo Power Supply Company of Shandong Electric Power Company ,Zibo 255030, China)

Abstract ; Due to the shortage of transmission corridors, the construction of overhead transmission lines in China is often parallel
or cross-erected with oil and gas pipelines. Electromagnetic interference and the pipeline’s safety and protection of " two lines
and one place" have become research hotspot. However, few studies are on the induced overvoltage of neighboring pipelines
when lightning strikes transmission lines. The electromagnetic analysis software CDEGS is used to simulate the influence factors
and protective effect of overvoltage induced by lightning of the pipeline anticorrosive coating when the transmission line tower is
close to the oil and gas pipeline. A simplified model of the tower and pipeline is established. The distance between the line and
pipeline, geological conditions and the structure of the grounding grid of the tower are simulated and analyzed. Corresponding
construction suggestions for pipeline overvoltage protection are given. The research results provide reference for the construction

and reconstruction of "two lines and one place" .

Keywords : lightning current divergence ; pipeline overvoltage ; spacing; geological conditions ;tower grounding grid
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