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Abstract: The charging method of lithium-ion batteries used in electric vehicles (EVs) 

significantly affects its commercial application. This paper aims to make three 

contributions to the existing literature. (1) In order to achieve an efficient charging strategy 

for lithium-ion batteries with shorter charging time and lower charring loss, the trade-off 

problem between charging loss and charging time has been analyzed in details through  

the dynamic programing (DP) optimization algorithm; (2) To reduce the computation  

time consumed during the optimization process, we have proposed a database based 

optimization approach. After off-line calculation, the simulation results can be applied to 

on-line charge; (3) The novel database-based DP method is proposed and the simulation 

results illustrate that this method can effectively find the suboptimal charging strategies 

under a certain balance between the charging loss and charging time. 

Keywords: electric vehicles (EVs); lithium-ion battery; dynamic programing (DP); 

charging strategies; database 
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1. Introduction 

The decreasing of fossil fuel supply and increasing requirements for the clean air have forced 

many governments and automotive companies to pay more attention to the development of electric 

vehicles (EVs). The development of battery EVs (BEVs) and plug-in hybrid EVs (PHEVs) is popular 

due to their environmental-friendly and energy saving characteristics. Compared with conventional 

vehicles, PHEVs have more flexibility in the working points control for the engine, which makes it 

have better fuel consumption performance. The BEVs can realize zero emission as all of their power 

comes from the batteries and the electric power in the batteries may come from solar energy or 

wind energy, which is renewable energy. However, the battery used in the EVs becomes a technical 

bottleneck as it still has some problems, such as the long charging time or precise estimation of 

state of charge (SOC) [1–5]. The charging time for EVs is usually long, which is a serious problem 

for their wide application. Therefore, the charging process of the battery needs to be considered in 

order to improve the charging performance [6,7]. Another challenge for the wide application of the 

EVs is from the grid. When the EVs are charged from the grids without regulations, the grids may not 

work very well [8,9]. 

Currently, many battery charging strategies have been proposed with the development of EVs, such 

as constant trickle (CTC), constant current (CC), constant voltage (CV), and constant current constant 

voltage (CCCV) battery charge strategies [10–13]. Among these charging strategies, the CCCV 

charging technique is always the most popular type. In the CCCV charging process, the battery 

will be charged at a CC until the battery voltage reaches its upper cutoff voltage. Then the battery will 

experience a CV charging process until the current reaches a predetermined small value. Researchers have 

proposed many approaches to improve the charging performance of the battery. Liu et al. [14] 

proposed an Ant-Colony-System (ACS) based algorithm to get the optimal rapid charging pattern, 

but in the proposed multistage CC charging algorithm, the charging duration for each stage is not 

optimized. To increase the charging speed and maintain the charging process in a safe-charge area, 

Hsieh et al. [15] used a fuzzy-controlled active SOC controller to replace the general CV charging mode. 

For high power charging, Surmann [16] presented a genetic optimization method of a fuzzy system to 

charging the high power NiCd batteries. Ullah et al. [17] designed a superfast battery charger by 

national’s proprietary neural network based NeuFuz’ technology, to charge a NiCd battery pack. 

Chen et al. [18] viewed the Li-ion battery as a grey system and used the grey prediction technique to 

develop a grey-predicted Li-ion battery charge system. After considering the conflict objectives of 

charging time and charging loss, Hu et al. [19] proposed a dual-objective optimal charging strategy for 

two types of Li-ion batteries and analyzed the influences of the charging voltage threshold, 

temperature, and health status on the charging results. Most of the work discussed above aims to 

accelerate the charging speed. However, for the EVs people may have different charging requirements 

for their vehicles in different conditions. With this in mind, this paper proposed a databased dynamic 

programing (DP) method which can efficiently and effectively get the suboptimal and implementable 

charging strategies under different charging requirements. 

The paper is organized as follows: in Section 2, the lumped parameter battery model is illustrated 

followed by the detailed explaining of the main parameters of the model; the dynamic optimization 

problem, DP simulation results and the abstracted rules are introduced in Section 3; the working 
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principle of the databases, construction of the databases and simulation results of database-based DP 

method are given in Section 4; finally, conclusions are presented in Section 5. 

2. Lumped Parameter Battery Model 

To analyze the dynamic behavior of the battery, we need to construct a battery model. The dynamics 

of the battery can be described as a lumped parameter battery model as shown in Figure 1, which is 

comprised of an open circuit voltage (OCV) part—Uoc, a resistor—Ri, and an resistance-capacitor (RC) 

network connected in series. The resistor Ri describes the electrical resistance of various battery 

components with the accumulation and dissipation of charge in the electrical double-layer. The RC 

network describes the mass transport effects and dynamic voltage performances, and the elements of 

RD and CD are accordingly described as the diffusion resistance and diffusion capacitance. iL is the 

load current (positive for discharge, negative for charge) and Ut is the terminal voltage. The UD 

describes the diffusion voltage arising from the diffusion resistance. 

Figure 1. Schematic diagram of lumped parameter battery mode. OCV: open circuit voltage. 

 

The identified parameters of OCV, CD, RD and Ri are plotted in Figure 2. The detailed parameter 

identification process can be found in [5]. 

Figure 2. The parameters’ change under different state of charge (SOC). 
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The electrical behavior of the battery can be expressed by the battery model through the 

following equation: 

D D L

D D D

t oc D L
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 (1) 

To make the Equation (1) available for numerical calculation, it should be discretized by: 
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3. Dynamic Optimization Problem 

Compared with rule-based algorithms, the dynamic optimization approach can find the optimized 

control strategy relying on a dynamic model [20–22]. Given the suitable models and constrains of 

the system, the DP-based algorithm can obtain the optimal operating strategy minimizing the system’s 

operation cost with subject to the diverse constraints. Based on Bellman’s principle, a numerical-based 

DP approach is adopted in this paper to solve this finite horizon dynamic optimization problem. 

Section 3.1 gives a detailed description of the basic idea of DP application in this article, Section 3.2 

illustrates the simulation results, and Section 3.3 describes the abstracted charging rules based on 

analyzing the DP simulation results. 

3.1. Problem Definition 

In the discrete-time format, a model of the battery can be expressed as [23,24]: 

x(k + 1) = f(x(k), u(k))

 

(3) 

where u(k) is the vector of control variable such as desired charging current I. The x(k) is the state 

vector of the system such as SOC of the battery and the diffusion voltage UD of the battery. The sampling 

time for the control problems can be selected to be 1 s. Therefore, from Equations (1)–(3), we can 

surmise that the control process can be expressed by the following format: 
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(4) 

The optimization goal is to find the control input u(k) to minimize a cost function, which consists of 

the weighted sum of energy loss and the charging time [25,26]. The cost function to be minimized has 

the following form: 
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where N is the duration of the charging process and the L(x(k),u(k)) is the instantaneous cost including 

energy loss Lloss(k) and charging time cost Ltime(k). It should be mentioned that Lloss(k) is calculated by 

the following equation: 

 (6) 

For an energy-only problem, the weight factor β is set to be one. While for a time-only problem, 

the weight factor β should be set to zero. The case 0 < β < 1 represents a comprehensive problem 

which considers the cost of charging loss and charging time. During the optimization, it is necessary to 

impose the following inequality constraints to ensure safe/reasonable operation of the battery: 
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where the I(k) is the charging current of the battery in the step k, the Imin and Imax are the lower and 

upper bound of I(k), the Ut(k) is the terminal voltage of battery, the UD(k) is the diffusion voltage of the 

battery. The Ut_min, Ut_max, UD_max and UD_max are the bounds for Ut(k) and UD(k). In addition, to 

promote the calculating efficiency and satisfy the systems properties, besides above basic constraints, 

other constraints are also needed: 

min max

min max

( )k

T T

SOC SOC SOC

T 

 



 (8) 

where the SOC(k) stands for the state of charge for the battery, and the T stands for the charging time. 

The purpose of this constraint is to promote the calculation efficiency and at the same time to make 

sure the charging time at the reasonable range. All the bounds for the parameters are displayed in 

Table 1, while the detailed discretization for control and state parameters are displayed in Table 2. 

Table 1. The comparison of different methods. 

Bound Value Bound Value 

Imin (A) −96 UD_min (V) −0.2 

Imax (A) 0 UD_max (V) 0 

Ut_min (V) 3.0 SOCmin 0.2 

Ut_max (V) 4.05 SOCmax 1 

Tmin (s) 1000 Tmax (s) 2700 

Table 2. The discretization for control and state parameters. 

Parameter SOC UD I 

Range [0.2, 1] [−0.2, 0.2] [−96, 96] 

Discretization 0.0142 0.004 V 0.8 A 

3.2. The Simulation Results 

The DP procedure described above produces an optimal, time-varying, state-feedback control law. 

Figure 3 shows the simulation results when β varies from 0 to 1 with the increment of 0.01. 

      
2 2

loss L i D D         L ik k kR i R 
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Figure 3. The time and loss change under different β. 

 

The first plot presented in Figure 3 shows that the charging time and energy loss trend with  

the increase of β and the second picture describes the second derivative of the time and loss. From 

the first plot, we can find that when β is set to zero, which means the optimal goal is to minimize the 

charging time only, the charging time is only 1167 s with the charging loss reaching a peak of 

25,150 J. When β is set to zero, which means the optimal goal is to minimize the energy loss only, 

the charging time peaks at about 2500 with the charging loss decreased to only about 10,990 J. The longest 

charging time is 2500, which is results of that we set the time horizon from 0 to 2700 and the final 

state of SOC has also be constrained to be more than 0.9. From the second picture, we can get that the 

inflection point for the charging time and charging loss is between 0.044 and 0.046. Considering the 

balance between the charging loss and charging time, we set β to be 0.045 for further discussion. 

Figure 4 is the dynamic property of SOC under different β. It is apparent that when β is small which 

means that we pay more attention to the charging time, the SOC increases faster than that when β 

is big, which means that we pay more attention to the charging loss. 

Figure 4. The dynamic property of SOC with different β. 
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This is mainly due to the different control current as presented in Figure 5. From Figure 5, we can 

get that when β is zero the charging current will be the maximum charging current at the initial stage 

and then it will decrease due to the constraint of Ut, which is called the constant-voltage charging.  

It is noticeable that when β is set to be 1 the charging current tends to be low. 

Figure 5. The dynamic property of charging current with different β. 

 

The big current will need less charging time but will lead to the big charging loss as displayed in the 

Figure 6. When β is set to be 0.045, the dynamic property of the charging loss and charging time is 

between that when β is set to be 0 or 1, with the charging loss decreasing 13.9% and the charging time 

increasing 10.09% compared with that when β is set to be 0. 

Figure 6. The dynamic property of energy loss under different β. 
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Figure 7. Abstract charging strategy. 

 

Figure 8 shows the comparison of DP results and abstracted rules in terms of SOC, loss and 

terminal voltage. It is worth noting that the performance of the abstracted charging strategy is similar 

to the DP result with the charging time (SOC from 20% to 90%) increasing 0.3% and charging loss 

increasing 0.79%. 

Figure 8. The performance of the abstracted charging current. 
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Moreover, when we want to analyze the effect of different charging stratergies, the repeating 

calculation problem exists in the grid points whereby the calculation time and memory requirements 

for the computer are not acceptible. This section proposed a database processing method wich can 

transfer the discrete time problem into a discrete stages problem, and can greatly promote the 

calculation efficiency. Section 4.1 describes the working principle of the database, the construction 

process of the database is described in Section 4.2, while the simulation results are given in Section 4.3. 

4.1. The Operation Principle of the Database 

The main idea of the database is that the whole dynamic optimization process has been broken 

down into several fragments. Then each fragment can be regarded as a single process. The single 

process has the same dynamic properties based on different initial states and controls. Most of the time, 

the initial state of first fragment is known, but the others should be determined by the former 

fragment’s final state. It is obvious that, if we select proper control for each fragment, then the whole 

dynamic process could be suboptimal compared with conventional DP simulation results. The key 

point here is that for each fragment, when we select the control and calculate the costs, we will select 

them from the database instead of calculating. The database is calculated off-line. Each of the 

database’s elements should contain initial states, controls, the final states under such controls and 

the costs. Figure 9 shows the operation process of the database method. This picture displayed how the 

elements in the database are used to determine the control rules for an N-stages problem. Once the 

database is constructed, the design of control rules becomes a selection process, what we need to do is 

to select suitable elements that contain the different controls and at the same time we have to make 

sure that the initial state x(0) of the K + 1 element is the same as the final state x(N − 1) of the K element. 

This is to make sure the state is serial. For the selection of the first and final stage, the condition may 

be different. For most of the cases, the initial state in the first stage will be known. In this situation, 

we should select the elements according to the controls and initial states. For the final state, if the 

target problems have requirements for the final state, we have to select the element according to the 

controls and the final state requirements. 

Figure 9. The operation process of the database. 
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4.2. The Construction of Database 

Before calculating the database we should determine the states and controls. According to the above 

discussion, we regard battery SOC and the diffusion voltage UD as the state varibles, the constant 

charging current and duration as the control varibles, the enegy loss and charging time as the costs. 

In the final stage charging current will decrease to avoid the terminal voltage Ut exceeding constrains. 

Therefore, in the final stage another sub database needs to be built, in which the battery SOC and the 

diffusion voltage UD is regarded as the states, the initial charge current is regarded as controls, 

while the charging time and energy loss are still regarded as the costs. In the sub database, as mentioned 

above, the charging current may not stay constant and will decrease to make sure the terminal voltage 

Ut stays within the constrains, so in the final stage the charging currents is just an initial constant 

charging current and then the current will become the current for constant-voltage charging. 

After the database is determined, it will be used to find the control strategy by DP and the control 

strategy is implementable in real conditions. To use the databases by DP, the former discrete-time 

format should be changed into the discrete-stage format. The model of the battery can also be 

expressed as Equation (3) where the control varibles of u(k) will become from charging current only to 

charging time and charging duration. This change will allso depend on whether the curent stage is the 

final stage. If it is the final stage, then the control will still be charging current. The state vector of x(k) 

will be the battery SOC, the diffusion voltage UD and charging stages. The control process can be 

expressed by the following format: 
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(9) 

where fUD(x(k), u(k)) and fSOC(x(k), u(k)) are calculated according to Equations (1) and (4).  

The optimization goal (Equation (5)) and constrains (Equation (7)) is still used in this section,  

but constrains in Equation (8) should be as follows: 

min max( )SOC S kOC SOC 

 
(10) 

Constrains of charging time is neglected. This can give us more general results about the charging 

time and energy loss. Another reason for that is that it can help us reduce the dimension of the problem, 

which means that if we want to constrain the charging time, the dimension of the problem will increase 

from three to four, which will increase the memory requirements for the computer. 

4.3. The Simulation Results for the Databased Dynamic Programing Method 

The above-described database based DP method can easily and efficiently be realized to find the 

optimal charging strategy under different charging stage requirements. The databased DP results for 

one stage, two stages, three stages and five stages are shown in Figure 10. The trend of the charging 

time and charging loss is similar with that in Figure 3. From the trend we can see that the charging 

time and charging loss have negative correlation, which means that in the optimal conditions if the 

charging time decreases then the charging loss will increase. Another observation we can make is that 
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when β is less than 0.3 the performance of the different stages are not significantly different. When β is 

bigger than 0.3, the more stages means more flexibility to realize the charging requirements. 

Figure 10. The charging time and charging loss change with the variation of β under 

different charging stages. 

 

Figure 11 shows that the charging current comparison of the three different methods: DP method, 

abstracted rules and database-based DP. We can see clearly from the picture that the two stages and 

three stages charging strategy can follow the optimal charging current better than the abstracted rules. 

Figure 11. The charging current comparison of the three different methods. 
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Figure 12. The charging loss comparison of three different methods. 

 

Figure 13 shows the terminal voltage property in the charging process. The two stages and three 

stages charging strategy can follow the optimal charging voltage very well, while the abstract rules 

have different properties in the CV charging conditions. 

Figure 13. The terminal voltage comparison of three different methods. 
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implementable compared with DP, and another advantage is that it can effectively find the suboptimal 
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Table 3. The simulation results comparison of different methods. 
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5. Conclusions 

Based on the lumped parameter battery model, the DP algorithm is iteratively used when β is set to 

be different values. The calculation results with the DP algorithm shows that the charging time and 

charging loss have negative correlation, which means that, in optimal conditions, the charging time 

decreases with the increasing of the charging loss. The DP algorithm based control strategy is not 

implementable in real charging conditions because, according to Bellman’s principle, the DP process 

needs backward calculation to find the optimal control strategy and it requires the charging current 

changing frequently with high frequency, which is not easy to realize. Consequently, this paper proposed 

an implementable charging strategy by analyzing the simulation results of DP algorithm when β is set 

to be 0.045. It is noticeable that the performance of the abstracted charging strategy is similar to the 

DP algorithm results with the charging time (SOC from 20% to 90%) increasing 0.3% and charging 

loss increasing 0.79%. To reduce the randomness of the abstracted charging rules, this paper proposed 

a database-based method to optimize the implementable charging strategy. The advantages of the 

database-based method are that it can avoid the repeat calculation and the calculation result is 

implementable compared with conventional DP algorithm. The simulation results show that the 

proposed database-based DP method has better performance compared with abstracted rules, which is 

obtained from analyzing the simulation results of the conventional DP algorithm. 
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