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Abstract 

To improve and better the applicability of lithium-ion battery model in electric vehicles, a new 
electrochemical-polarization model was put forward for the real-time model-based battery management 
system and control applications by adding an extra RC network on the basis of the electrochemical model 
to describe the relaxation effect of the lithium-ion battery, and the open circuit voltage as a function of 
State of Charge defined by the Nernst model is used in the model to avoid a time-consuming, laborious 
and even error-prone experiment for specially determining open circuit voltage at several specified SoC 
values. The model parameters are identified by the least squares method with the experimental data of 
hybrid power pulse characteristic test on a LiFePO4 battery module. Experiments and simulation results 
show the new electrochemical-polarization model can simulate the dynamics of battery well. By using the 
proposed model and parameters identification approach, the time-consuming and complex experiments for 
model parameters’ identification and periodical calibration are avoided. 
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1. Introduction 

As an energy storage source, the battery is the key to the development of electric vehicles (EVs). The 
lithium-ion battery is known as the most promising green battery and favored by most new-energy 
vehicles due to its tremendous advantages such as high-energy density, fast charging and discharging, and 
safety, etc [1]. With the increased research in the fields of EVs dynamic simulation, energy distribution 
and power control strategy, as well as the estimation of batteries’ state of charge (SoC) and state of health 
(SoH), nowadays improving the accuracy of the charging and discharging model of power batteries, 
especially lithium-ion batteries, is a crux research target [2–4]. 

Since the battery is a nonlinear system, the models usually used in EVs can be divided into two typical 
kinds: the electrochemical model was proposed based on the electrochemical theory, and can fully 
describe the characteristics of the battery by using mathematics to describe its inner action [5-7]. 
However, it can hardly simulate its dynamic performance. Based on the dynamic characteristics and 
working principles of the battery, the equivalent circuit model (ECM) was developed by using resistors, 
capacitors and voltage sources to form a circuit network [8-9]. However, for most ECM, OCV (open 
circuit voltage) is directly measured or estimated in experiments at several specified SoC values. But the 
determination of the OCV as a function of SoC is time-consuming, laborious and even error-prone in 
ECM. What’s worse, the discrete representation of OCV at several SoC is not convenient and 
straightforward for Kalman filtering or observer-based SoC estimation techniques.  

In this paper, a LiFePO4 battery module with a nominal voltage of 32 V and a nominal capacity of 12 
Ah is researched. In the proposed new electrochemical-polarization (EP) model, a relationship between 
OCV and SoC defined by the Nernst model [7] so that an explicit OCV-SoC relationship can be achieved 
in any battery loading profiles without conducting a special OCV determination experiment in advance, 
and the dynamic relaxation effect of the battery can also be depicted through the RC network. The model 
parameters are identified by the least squares (LS) method. Furthermore, the model’s accuracy is validated 
by DST (dynamic stress test).  

2. Models of Lithium-Ion Battery 

There are many types of batteries and many factors that affect battery performance. To predict the 
performance of batteries, many different mathematical models exist, such as the ECM includes Rint 
model, the RC model, the Thevenin model and the PNGV model, et al and the electrochemical model 
includes Shepherd model, Unnewehr universal model, Nernst model and combined model are now widely 
used in EVs studies. In order to refine the polarization characteristics of Nernst model or describe the 
inner action of the Thevenin model for the lithium-ion battery, an improved model named new EP model 
is proposed herein. 

The Schematic diagram for the new EP model is shown in Fig.1. The OCV-Uoc, which is depicted by 
the Nernst model with respect to SoC in which the K0, K1and K2 are three constants chosen to make the 
model fit the data well. Ro is the ohmic resistance and Rp is the polarization resistance. The polarization 
capacitance Cp is used to describe the transient response during charging and discharging. Up is the 
voltages across Cp. The electrical behavior of the model can be expressed by Equation (1). 
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Fig.1 Schematic diagram for the new electrochemical-polarization model. 

3. Model Parameters’ Identification of a Lithium-Ion Power Battery Module 

To identify the model parameters, a battery test bench is designed. The purpose of recognition is based 
on a criterion and the measurement information of the known systems to estimate the model structure and 
unknown parameters.  

3.1. Experimental Design  

The test bench can see in paper [2]. In order to acquire data to identify the model parameters, a Hybrid 
Pulse Power Characterization (HPPC) [10] test procedure is conducted on the LiFePO4 battery module at 
0.1 SoC intervals (constant current C/3 discharge segments) starting from 1.0 to 0.1 and each interval 
followed by a 2-hour rest to allow the battery to get an electrochemical and thermal equilibrium condition 
before applying the next. The HPPC current profile is shown in Fig.2(a). The voltage, current and SOC 
profiles of the HPPC test are shown in Fig.2(b), Fig.2(c), and Fig.2(d). The sampling time is one second.  
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Fig.2. (a) HPPC current profile; (b) Current profiles of the HPPC test; (c) Voltage profiles of the HPPC test; (d) Calculated SoC
profiles of the HPPC test; 
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3.2. Model Parameters’ Identification Method 

The discrete form of Equation (1) can be achieved by using the first-order backward difference and 
substituting  withocU 0 1 2ln ln(1 )K K SoC K SoC+ + − :

t 1 2 t 3 4 5 L 6 L( ) ( 1) ln( ( )) ln(1 ( )) ( ) ( 1)U k c c U k c SoC k c SoC k c I k c I k= + − + + − + + − (2)

Where: 
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Where T denotes the sampling intervals and is one second in this paper, herein the model parameters can 
be calculated as follows: 
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Given a set of N cell input–output three-tuples { }L( ) ( ) ( )y k I k SoC k , the parameters may be solved 
for in closed form using a result from least-squares estimation. This simple off-line (batch) method is as 
follows: We first form the vector: 

T[ (1) (2) ( )]y y y N=Y L                                                     (5)
And the matrix: 

T[ (1) (2) ( )]Nϕ ϕ ϕ=H L                                                    (6) 

T
t L( ) [1 ( 1) ln( ( )) ln(1 ( )) ( ) ( 1)]k U k SoC k SoC k I k I k= − − −φ L

]

             (7)

Then, we see that , where is the vector of unknown parameters. 
Using a result from least-squares estimation theory, we solve for the parameters θ using the known 
matrices Y. and H. as .

=Y Hθ

=θ

T
1 2 3 4 5 6[c c c c c c=θ

TH YT 1( )−H H

3.3. Identification Results 

The identification result is shown in Tables 1. 

Table 1. The identification results of the new EP model 

K0 K1 K2 Rp (Ω) Cp (F) Ro (Ω)

35.642 1.9077 0.5171 0.3718 123.245 0.0748 

The comparison curves of the terminal voltage between the experimental data and the model-based 
estimated values are drawn as shown in Fig.3. Fig.3 shows the proposed New EP model can give good 
terminal voltage estimation, and the max error is less than 0.5V (Nominal voltage is 32V). 
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Fig.3 The terminal voltage and its error profiles between the estimated values and experiment data 

4. Verification 

The DST (Dynamic Stress Test) uses a 360 second sequence of power steps with seven discrete power 
levels [11]. The DST is a typical driving cycle which is often used to evaluate various battery models and 
SoC estimation algorithms. In this paper, six consecutive DST were employed to evaluate the proposed 
battery model, and the sampled current profiles are shown in Fig.4(a), the terminal voltage profiles and 
SoC profiles are shown in Fig.4(b). 
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Fig.4 (a) DST current profiles; (b) Voltage and SoC profiles of the HDST test (SoC=0.4~0.7);  

Based on the proposed parameters identification approach, the model parameters is shown in Table 2. 
Table 2. The identification results of the new EP model 

K0 K1 K2 Rp (Ω) Cp (F) Ro (Ω)

33.007 0.4189 0.0336 0.3109 169.252 0.0745 

The comparison curves of the terminal voltage between the experimental data and the model-based 
simulation data with the model parameters identified from the DST data is drawn as shown in Fig.5.It 
shows the new EP model has a good dynamic performance, and its maximum error rate is less than 1%.  
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Fig.5 The comparison curves of the terminal voltage between the experimental data and the model-based simulation data 
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Conclusion  

A new electrochemical polarization model is put forward by adding an extra RC circuit to the Nernst 
model simulating the electrochemical characteristics and polarization effect. Experiments and simulation 
results indicate the proposed new EP model has good dynamic performance and gives more accurate 
terminal voltage estimation. A parallel RC network is used in the model structure to describe the 
relaxation effect of the battery, which is simple and effective. By employing the offline parameters 
identification approach based on the data saved last times can solve the time-consuming and complex 
experiments of periodical calibration for correcting the error of the models. 

The future work will be focused on Extended Kalman filtering (EKF) or other model and observer-
based SoC estimation approaches. 
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