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Fig.2 Flow chart of SOC estimation
based on PSO-ELM
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Table 1 Battery charge and discharge
experimental data
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Fig.4 Battery SOC-OCV curves under
different temperatures
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Comprehensive charging demand of multi-type electric

vehicles based on traffic information
LI Linwei, NING Guangtao, YU Yue, CHEN Mingfan, CHEN Yida, HE Lipeng

(Hainan Power Grid Co.,Ltd.,Haikou 570203, China)
Abstract: In order to prevent the impact of electric vehicles’charging uncertainty on the distribution network, a joint modeling
method for charging demand considering large-scale and multi-type electric vehicle access is proposed based on dynamic traffic
information. This paper starts from the characteristics of electric vehicles as forms of transportation, combining the driving
characteristics of different types of electric vehicles with traffic information, and establishes the corresponding operation spatio-
temporal model. Considering the two modes of fast charging and slow charging, this paper studies the charging behavior of
various electric vehicles, in order to construct corresponding charging demand models. Combined with the user’s daily mileage,
the basic operation cycle is proposed, and the Monte Carlo simulation method is used to calculate the distribution of the
comprehensive charging demand of multiple types of electric vehicles under different working days. The simulation results verify
the feasibility of the modeling method and show that the access of multiple types of electric vehicles will bring multiple peaks of
power demand to the distribution network as a whole.

Keywords : traffic information ;electric vehicle ;charging demand ; Monte Carlo simulation method
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Estimation of state of charge of energy storage lithium battery based on PSO-ELM
MIAO Jiasen'”, CHENG Limin®, LYU Hongshui'"
(1. NARI Group( State Grid Electric Power Research Institute ) Co., Ltd. , Nanjing 211106, China
2. NARI Technology Co.,Ltd. ,Nanjing 211106, China;

3. NARI School of Electrical Engineering and Automation , Nanjing Normal University , Nanjing 210042, China)
Abstract : Accurate estimation of lithium ion battery state of charge (SOC) is the key to ensure safe and stable operation of
battery management system. The commonly used ampere-hour integral method has cumulative errors. And the Kalman filter
algorithm needs to establish an accurate battery model. The neural network method does not rely on a specific lithium battery
model and can reflect the nonlinear relationship of lithium batteries, and thus has received extensive attention. However,
traditional neural network has long training time and low precision when estimating SOC. For the low accuracy of SOC estimation
in the past,the particle swarm optimization( PSO) of extreme learning machine (ELM ) neural network method is proposed. In
the PSO-ELM model, voltage, current and temperature are used as input vector and the value of SOC is used as output vector.
The experimental data is imported into the model for training and testing, and the input weight matrix and hidden layer
threshold of ELM are optimized by PSO. In addition, the simulation results show that compared with the prediction results of BP
neural network ,the method of estimating SOC in this paper has higher precision.

Keywords : energy storage battery ;state of charge estimation ;particle swarm optimization algorithm ; extreme learning machine
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