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Figure 1 Reinforcement learning framework
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Research on Electromagnetic Interference of Lightning Impact Test of

Primary and Secondary Distribution Switches

CHENG Xian"’, ZHU Jianpeng'®, ZHAO Haiyang"’, YUAN Xiaodong"’, HE Xiang®, XU Mingming’

(1.School of Electrical Engineering, Zhengzhou University, Zhengzhou 450001, China; 2.Electric Power Research Institute,
State Grid Henan Electric Power Company, Zhengzhou 450000, China; 3.Henan Province Transmission and Distribution Equip-
ment and Electrical Insulation Engineering Technology Research Center, Zhengzhou 450000, China)

Abstract; With the standardization and integration of primary and secondary equipment of power distribution
switches, higher requirements for the reliable operation of secondary equipment under long-term complex elec-
tromagnetic environment were put forward. A lightning impulse voltage test platform was used to collect the sec-
ondary side of the voltage transformer, the feeder terminal unit ( FTU) input and output voltage signals, and to
analyze the above-mentioned waveform to obtain the electromagnetic interference spectrum distribution of the
secondary device port caused by the impulse voltage, which was effectively suppressed by the filtering method.
The test results showed that the lightning impulse would produce transient high frequency electromagnetic in-
terference to the voltage transformer and feeder terminal unit, the peak value of the interference voltage caused
by radiation coupling was about 3 kV, the frequency band was 3. 6—-16. 4 MHz; the peak value of the interfer-
ence voltage caused by conduction coupling was about 4.5 kV, the frequency bands were mainly distributed
between 1.2-6.7 MHz and 12. 5-20 MHz. After adding the filter, the positive and negative interference volt-
age peaks were reduced by more than 23%, and no fault occursed. The test results could provide reference for
the EMC research of secondary equipment for primary and secondary fusion distribution switches.

Key words: primary and secondary equipment; lightning impulse voltage ; feeder terminal unit; spectrum dis-

tribution ; anti-electromagnetic interference
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[17] WYMANN B, ESPIE E, GUIONNEAU C, et al. 12-15) [2019-11-12]. http://www.cse.chalmers.se/ ~
TORCS:; the open racing car simulator[ EB/OL]. (2013— chrdimi/papers/tores.pdf.

Research on Autopilot Control Algorithm Based on Deep Reinforcement Learning

WANG Bingchen, SI Huaiwei, TAN Guozhen

(School of Computer Science and Technology, Dalian University of Technology, Dalian 116000, China)

Abstract: In order to improve the learning efficiency of the autopilot car control algorithm based on reinforce-
ment learning, this paper proposes an autopilot strategy learning algorithm DDPGwE ( Deep Deterministic Poli-
cy Gridient with Expert, DDPGwE) combined with expert experience. DDPGwE used a DDPG-based rein-
forcement learning framework to conduct online training of the model; used real human driving data to pre-
train the Actor network, and added an LSTM prediction mechanism to the Actor network to improve the predic-
tion of the future status of autonomous vehicles. The experimental results in the simulation platform TORCS
showed that Compared with the original DDPG algorithm, the algorithm proposed in this paper greatly reduced
the training time and speedsed up the convergence speed, which improved the stability and generalization abil-
ity of the model.

Key words: neural network; reinforcement learning; autopilot; DDPG algorithm ; actor-critic network ; LSTM



