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In order to deal with the fluctuation and intermittency of photovoltaic (PV) cells, the battery energy storage system (BESS) as a supplementary power source has been widely concerned. In BESS, the unknown parameters of the battery can affect its output, and its structure determines these parameters. Therefore, it is essential to establish the battery model and extract the parameters accurately, and the existing methods cannot effectively solve this problem. This study proposes an adaptive differential evolution algorithm with the dynamic opposite learning strategy (DOLADE) to deal with the issue. In DOLADE, the number of elite particles and particles with poor performance is expanded, the population’s search area is increased, and the population’s exploration capability is improved. The particles’ search area is dynamically changed to ensure the population has a good exploitation capability. The dynamic opposite learning (DOL) strategy increases the population’s diversity and improves the probability of obtaining the global optimum with a considerable convergence rate. The various discharging experiments are performed, the battery model parameters are identified, and the results are compared with the existing well-established algorithms. The comprehensive results indicate that DOLADE has excellent performance and could deal with similar problems.
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1 INTRODUCTION
Nowadays, energy has become a vital driving force in social development and progress, and fossil fuels could bring greenhouse effects and environmental pollution, so the application of renewable energy is becoming more and more widespread (Bullich-Massagué et al., 2020; Maghyereh and Abdoh, 2021). Globally, solar energy is the third largest clean resource in addition to wind energy and tidal energy, whose volatility and intermittent nature will limit its further development (Siecker et al., 2017; Zhou et al., 2021a). The battery energy storage system (BESS) can be used as a supplementary power source to alleviate the volatility and intermittency of photovoltaic (PV) cells, providing a new possibility to make the system stable (Farhadi et al., 2019). The complementary working mode of PV cells and BESS can improve the solar utilization efficiency (Cheng et al., 2021) to deal with the imbalance of power output in different environments such as thewide range of light intensity change and the large temperature difference between day and night. The application of the system accelerates the pace of clean energy replacing traditional energy and can effectively alleviate the energy crisis (Xia and Xiang, 2020).
Lithium-ion batteries are the best devices for supplementing the power supply due to their sufficient life span and power/energy density (Li et al., 2021). In recent years, with the deepening of the research, in order to make the output power of PV cells stable at the maximum power point, BESS requires frequent charging and discharging to the PV cell system according to the actual situation. Accurate monitoring of BESS’s working state is significant, reducing the fault tolerance of the system and improving work efficiency. A critical factor reflecting the working condition of BESS is the battery output, which can be determined by the battery’s internal parameters, so obtaining the battery’s internal parameters is of decisive significance for detecting the working state of BESS. Extracting the battery parameters in BESS effectively and accurately is an urgent problem, which will help analyze the system and construct the open circuit voltage (OCV) state of charge (SOC) curve (Yang et al., 2020). The practical application is mainly divided into the deterministic and metaheuristic algorithms, which make the identified parameters different in accuracy, computational efficiency, and resource utilization (Alam et al., 2015). Looking for a more balanced method to solve parameter identification has attracted more and more research and attention in recent years and has become a hot topic.
Through the deterministic algorithm calculated by mathematical regulations, the choice of initial value has remarkable individual aspiration, directly affecting the efficiency of solving problems and the persuasion of results (Chen et al., 2018). Metaheuristic algorithms do not rely on specific mathematical rules but usually combine with defined rules and randomness (Ikeda and Ooka, 2019), which have been employed and utilized to tackle many complex issues as effective solvers due to their simplicity and easy implementation process (Heidari et al., 2019). In recent years, metaheuristic algorithms have been applied to solve parameter identification problems, promoting their development. Tan et al. (2021) pointed out that the real-time SOC of the battery is very important in practice as the indexes ensure the battery’s stable operation. The OCV–SOC relationship was conducted on different time scales based on the second-order RC equivalent circuit model. A dynamic identification algorithm was studied, which got more accurate results and stronger robustness than other algorithms. Zhou et al. (2021b) pointed out that a realistic model and precise model parameters are significant for the safety of electric vehicles and the efficiency of batteries. The traditional solution method has a problem of the limited number of search solutions, leading to insufficient accuracy. Therefore, a coupled hybrid adaptive particle swarm optimization–hybrid simulated annealing (HA-PSO) algorithm was adopted, and further exploration was made. The results concluded that the method could be used as one of the tools to solve the parameter identification of the battery model. In El-Sehiemy et al. (2020), a new model identification method was presented: using the state–space equation of the battery in the equivalent circuit. Then, the parameter identification process was transformed into a nonlinear problem for optimization. A new enhanced sunflower optimization algorithm (ESFOA) has an outstanding performance. Choi et al. (2020) established a subset to store the model parameters to be identified, and a steady-state model was established. The genetic algorithm was applied to the parameter estimation of the model. The parameters determined by the information matrix-based method were compared with the experimental results under different conditions, and the average relative error between them is less than 1.9%.
In addition to identifying the battery parameters in BESS, many existing methods have been designed to extract PV cells’ parameters and have achieved excellent results (Qais et al., 2019). In Zhang et al. (2020), the differential vectors are added to the intelligent algorithm to form a new backtracking search algorithm (BSARDV), which has attracted attention due to its low requirements for initial parameters. In Liang et al. (2020), a multi-structure optimization algorithm (SGEMTO) was proposed to improve the acquisition of useful information in the population. By enhancing the information exchange among the populations, the information transfer between different tasks was realized, so the quality and efficiency of the solution were improved. Lin and Wu (2020) explained that it has great practical significance to determine the parameters of the PV model, especially in predicting the output of the PV array and tracking the maximum power point. They also proposed a niche-based particle swarm optimization in parallel computing architecture (NPSOPC) algorithm to identify the parameters of the PV models.
Although the aforementioned methods have achieved good results, these methods often need to introduce more computing resources to maintain the accuracy of the products and are sensitive to the changes of the specific parameters, which lead to some methods not being popular. The common shortcoming of most metaheuristic algorithms is that if some parameters are set improperly, the desired results will not be obtained. Another disadvantage is that the metaheuristic algorithm may not always converge to the global optimum. If the parameters are adjusted improperly, it is easy for the particles to reach a local optimum, or the particle ability is insufficient. Hence, in order to solve these shortcomings of metaheuristic algorithms, in addition to the extensive research on the efficiency, performance, and results of the traditional algorithm, in recent years, new optimizers with excellent characteristics and new strategies with balanced performance in many aspects have emerged, providing many possibilities for resolving all kinds of complex problems in a variety of different fields.
In this study, a dynamic opposite learning (DOL) strategy is presented and applied to the differential evolution (DE) (Storn and Price, 1997) algorithm to improve DE’s performance in terms of convergence speed and optimization to obtain faster convergence speed and avoid falling into local optimum (Jiang et al., 2013). An adaptive differential evolution algorithm with a dynamic opposite learning strategy (DOLADE) was proposed, which can be used as a potential optimizer for extracting the battery model parameters efficiently and accurately in BESS. In DOLADE, a dynamic opposite learning process is carried out for the particles in the population to increase the population’s diversity and overcome the trap of falling into local optimum and premature convergence. The new population comprises the successfully selected individuals and poorly performing individuals, which is produced by merging two of them into a new set (population). Endowing particles with opposite learning behavior aims to enhance their own exploration (diversification) ability to find those areas with optimal solutions in the early phase and reduce the resource consumption of the particles in the later exploitation phase. By dynamically changing the area to be explored by particles, the particle’s exploitation (intensification) ability can be enhanced, and the exploitation can be carried out in the area of the early potential optimal solution to obtain the global optimum quickly. The DOL strategy balances the individuals’ exploration capability and exploitation capability in the DE algorithm well, which makes the DE algorithm not only obtain the global optimum but also have a fast convergence speed, improving the disadvantages. The performance of DOLADE and the effect of the DOL strategy have been tested in the parameter identification of BESS, and excellent results have been obtained.
The main contributions of this article are as follows:
1) An adaptive differential evolution algorithm with a dynamic opposite learning strategy is proposed. To the best of our knowledge, the DOL strategy is the first attempt to identify the parameters of the battery model in BESS.
2) The particles’ exploration and exploitation capabilities are significantly improved, leading to the speed of acquiring the global optimum considerably, preventing individuals from converging to the local optimal value.
3) According to the large amount of data obtained in the experiment, the parameter identification of the battery model is researched and demonstrated.
4) In order to highlight the effectiveness and competitiveness of DOLADE, the results are compared with several well-established algorithms.
The organization of the rest of this article is arranged as follows: In Section 2, the battery mathematical model in BESS is introduced to determine the objective function and extract the parameters. Section 3 generally presents the basic concepts of an adaptive DE algorithm. In Section 4, the DOLADE algorithm is proposed in detail. The experimental results are analyzed and compared with some algorithms in Section 5. Finally, Section 6 is a summary based on the whole article.
2 MODEL AND PROBLEM DESCRIPTION
A suitable model can accurately simulate the operational characteristics of the battery. The battery model is essential for the SOC estimation and the collaborative work with PV cells (Wang et al., 2017). The primary purpose of building the battery model is to obtain the mathematical relationship between the internal parameters of the battery and the external characteristics and then establish an effective equation to estimate the output voltage of BESS.
2.1 Battery Model in BESS
Accurate SOC estimation requires a precise battery model (Liu and Zhang, 2021). There are mainly three types of battery models: the electrochemical model, the mathematical model, and the equivalent circuit model. Among them, the electrochemical model has high accuracy, but the model is complex. The mathematical model is not affected by the external volt–ampere characteristics of the battery, and the model is uncertain due to significant errors. The equivalent circuit model can better simulate the external characteristics of the battery. The equivalent circuit model is mainly divided into the Thevenin model, the second-order RC equivalent circuit model (SECM), and the PNGV model (Bruch et al., 2021). They are shown in Figure 1. For PNGV: In September 1993, USCAR announced the Partnership for a New Generation of Vehicles (PNGVs). The PNGV standard equivalent circuit model was proposed in the PNGV Battery Test Manual published in 2001. A standard method for parameter identification of the model was proposed in the FreedomCAR Battery Test Manual published in 2003. In this research, SECM is employed, which could be used to simulate the external characteristics of the battery. Two RC networks are used to simulate the two dynamic processes of the battery’s electrochemical polarization characteristics and concentration polarization characteristics. While considering the influence of internal ohmic resistance, the internal ohmic resistance is connected in series in the circuit. The electromotive force adopts a controlled voltage source, and the electromotive force and SOC maintain a relatively stable monotonic relationship under a specific condition; the electromotive force can be controlled by SOC (Wang et al., 2020).
[image: Figure 1]FIGURE 1 | Battery model. (A) Thevenin model. (B) SECM. (C) PNGV.
For the SECM, according to Kirchhoff’s law of voltage and current, the equation could be known as Eq. 1 (Xiong et al., 2012; Bruen and Marco, 2016).
[image: image]
where UL is the terminal voltage of the BESS output; UOCV is the open circuit voltage; U0 is R0’s voltage; Up and Ud express the terminal voltages of the two RC networks, respectively; Rp represents the resistance of electrochemical polarization; Cp denotes the capacitance of electrochemical polarization; Rd and Cd are the resistance and the capacitance of concentration polarization, respectively; Rp, Cp, Rd, and Cd constitute two RC parallel loops used to simulate polarization effects; R0 is the internal resistance; and IL is the load current. There are five unknown parameters (Rp, Cp, Rd, Cd, and R0) that could be calculated to observe the actual behavior of BESS.
2.2 Relation Curve Between OCV and SOC
The parameter identification of resistance and capacitance in the battery model requires the value of open circuit voltage (OCV), so OCV is measured first. The identification of OCV is actually carried out to calibrate the relationship curve between OCV and SOC (Wang et al., 2018). The experimental data can depict the OCV–SOC curve, and the functional relationship between them can be obtained (Kang et al., 2012). According to the experimental principle, the practical steps of the static experiment are as follows: first, use the standard charging method to charge the battery fully, let it stand for 1 h, and measure the OCV at SOC = 1. Then, discharge the battery with 6A current for 20 min each time. Finally, let the battery stand for 1 h, and approximate the sampled voltage obtained at this time as the OCV value. There will be a specific difference in the final curve after the still standing time is different. The discharge data of SOC and OCV measured by the experiment are shown in Table 1. Data fitting is performed on the aforementioned experimental data to obtain the functional relationship between OCV and SOC. Considering the two factors of accuracy and computational complexity, a fourth-order polynomial function is selected to fit the experimental data. The fitting result is shown in Eq. 2.
[image: image]
TABLE 1 | OCV−SOC experimental data.
[image: Table 1]2.3 Objective Function
After determining the structure of the battery model, it is necessary to extract the unknown parameters of the battery. The experimental data will be compared with the extracted data. Therefore, choosing an appropriate objective function could minimize the error between the OCV and SOC. A continuous discharging experiment is used for the battery, and the sampling time T = 1s. According to Eq. 1, the differential equation of the battery model can be calculated by Eq. 3. Since sampling of battery discharge data in the experiment is not continuous but at a fixed time interval, the differential equation of Eq. 3 can be rewritten as a discrete differential equation, as shown in Eq. 4, where Up(k) and Ud(k) represent the kth discrete voltage value of the two RC networks, respectively, UL(k) denotes the kth discrete output voltage value of the battery, and τ1 and τ2 are the time constants of the two RC networks, respectively.
In the calculation process of the metaheuristic algorithm, the particles are saved according to their own objective function value, so the choice of the objective function is crucial. For the battery model parameter identification in BESS, the current data are obtained through the identified parameters, that is, the error between the calculated data and the experimental data is as small as possible. Eq. 5 is used to express the error function between the experimental and measured data for the SECM (Tong et al., 2018), where T is the sampling time; here, T = 1.
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In this research, the root mean square error (RMSE) represents the overall difference between the experimental and estimated data. RMSE is defined by Eq. 6.
[image: image]
where X represents the solution vector consisting of unknown parameters, N denotes the number of experimental data, and k = 1, …., N.
3 JADE ALGORITHM
Differential evolution (DE) algorithm is an efficient intelligent optimization algorithm. It is a metaheuristic search algorithm based on a group, and each individual in the group corresponds to a solution vector (Brest et al., 2020). The evolution process of DE is very similar to the genetic algorithm, but the specific definition of these operations is different from the genetic algorithm (Gao et al., 2021). The three stages of mutation, crossover, and selection are the basic phases of DE. The parameters about these stages need to be set before the start of each phase, and they have the same fixed value during the whole evolutionary process. Adaptive differential evolution with an optional external archive algorithm (JADE) is based on the DE algorithm (Zhang and Sanderson, 2009). JADE adopts a new mutation strategy: “DE/current-to-pbest/1” (with archive A), as shown in Eq. 7 (Peng et al., 2009). The greedy strategy ensures better performance of the particles.
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where xi,g and xr1,g are acquired from Np, [image: image] randomly chosen from the top 100p % ([image: image]). The mutation factor Fi is determined by xi, and Fi is updated in the process by introducing Eq. 8. [image: image] is the individual randomly chosen from P ∪ A. Here, P represents the current population which saves individuals close to the optimal value, and the external archive A converses poor performance individuals.
The parameter adaption strategy is used for the mutation probability Fi. Fi is independently generated according to the Cauchy distribution with a location parameter μF = 0.5, and the scale parameter is 0.1. If Fi ≥ 1, it truncates to be 1; if Fi ≤ 0, it regenerated 1. SF is the set that saves every successful mutation probability in each iteration. μF is initialized to be 0.5 and then updated in Eq. 9.
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where Eq. 10 can calculate mean (SF).
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The parameter adaption strategy is not only used for the mutation probability Fi but also for the crossover factor CRi. Each individual xi’s crossover factor CRi is independently generated according to the normal distribution. μCR is the mean value, and the standard deviation is 0.1, as shown in Eq. 11.
[image: image]
The range of CRi is limited to [0, 1]. The SCR is a set of CRi with a good performance. The initial value of μCR is 0.5, which is then regenerated using Eq. 12 (Peng et al., 2009).
[image: image]
where c is a constant in the range of [0,1], and mean(SCR) is the average value.
4 A NOVEL DE ALGORITHM—DOLADE
4.1 Dynamic Opposite Learning
There are many successful learning strategies in the algorithm field, and these strategies have provided a significant contribution to the progress of algorithms. The opposition-based learning strategy has a considerable influence on enhancing the searchability of the algorithm itself (Tizhoosh, 2005), but these strategies also have some shortcomings. For example, the QOBL (Rahnamayan et al., 2007) and QRBL (Laquai et al., 2011) approaches are based on deterministic strategies for potential relative points, making the exploitation ability of particles lacking. In the DOL strategy, the current particle works in the new search area. The area is dynamically extended from the current to the opposite, which is explained in Figure 2. P is the current point, P0 denotes the opposite point, Ps represents the existing point in the new area, and a and b are the boundaries of the area. The individuals can obtain a larger area for movement to increase the probability of being close to the optimal value and enhance their exploration capability. However, the search area of individuals inevitably converges to the local optimum so that the particle’s exploitation capability is insufficient.
[image: Figure 2]FIGURE 2 | Symmetric area between the current point and the opposite point.
A random opposite point (PR0) is introduced to avoid the solution falling into the local optimum, improving the particle’s capability; PR0 = rand*P0, rand ∈ [0,1]. When PR0 replaces P0, the symmetric search area in Figure 2 can be transformed into asymmetric search areas, which have a characteristic of dynamic adjusting along with PR0. In Figures 3, 4, the novel search areas are demonstrated. According to the relative position of PR0 to P and P0, three categories of the asymmetric search areas are formed in Figure 3 when PR0 ∈ [a, b]. Case 1 is the scenario of the search area when PR0 is between P and P0, case 2 illustrates the project of the search area when P0 is smaller than PR0, and when P is larger than PR0, the search area is represented in case 3. The strategy can be formulated by randomly generating a DOL point PD0 from P to PR0 and PD0 = P + rand(PR0 − P). In addition, the condition that PR0 is out of the area boundaries [a,b] cannot be ignored, such as case 4 and case 5, which is depicted in Figure 4. The boundaries need to be limited: if PD0 = P + rand(PR0 − P) ∈ [a, b], and PD0 is equal to PD0 = P + rand(PR0 − P). Otherwise, PD0 should be regenerated as a random number between a and b.
[image: Figure 3]FIGURE 3 | DOL asymmetric dynamic search area when PR0 ∈ (a, b).
[image: Figure 4]FIGURE 4 | DOL asymmetric dynamic search area when PR0∉(a, b).
Although PR0 can diversify the search area, the search area may shrink as the iteration progresses so that the particles’ exploration and exploitation capabilities cannot be fully utilized to the maximum. In order to prevent particles from being too large or too weak to be unbalanced in their exploration and exploitation capabilities, a weighting factor (ω) is used to improve this problem, which could help the particle arrive at the best region. Therefore, the DOL strategy is redefined as PDOL = P + ω*(PR0−P), where ω is a constant and ω > 0. Finally, DOL can be calculated by the formula with these foundations. The search area is expanded to a symmetric region so that the probability that is closer to the best solution is enhanced. The dynamic characteristics of the search area make the population become diverse and enhance the particle’s exploration and exploitation capabilities.
4.2 Mathematical Expression of DOL
In this subsection, the DOL strategy will be described by mathematical formulas.
• Dynamic opposite point. P (P ∈ [a, b]) is defined as a point. The dynamic opposite point PD0 is defined in Eq. 13, where a is the lower boundary, b is the upper boundary, and rand ∈ (0,1) is a random number. Moreover, Eq. 13 applied the weighting factor ω (ω > 0) into DOL. P0 is the opposite number, as shown by Eq. 14.
• DOL-based optimization. Assume P = (P1, P2, … , PD) in the D − dimensional area. Pj,…, PD ∈ [aj, bj], where aj and bj are boundaries of the current searching area. [image: image] is the opposite point defined in Eq. 15. [image: image] is the dynamic opposite point, updated by Pj according to Eq. 16. [image: image] will replace Pj when the fitness value of [image: image] is better than Pj; otherwise, [image: image] will not be saved. Note that [image: image] is limited within [aj, bj]. If [image: image], [image: image] should be redefined as a random in [aj, bj].
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4.3 DOLADE Algorithm Steps
4.3.1 Population Initialization
oPD0 is randomly generated by the initial DOL strategy, which may obtain better knowledge than the original individual to a certain extent. At the beginning of generation, the population size is set as Np (for any individual i, i = 1, 2, … , Np), and D represents dimension of problems (for any problem j, j = 1, 2, … , D). Eq. 17 can calculate the initialization process.
[image: image]
Boundaries should be checked according to Eq. 18, which could improve the DOL effectiveness.
[image: image]
where [aj, bj] is the range of the search area, r1i and r2i are random values among (0,1), and the weight factor ω is set as constant: 10. Then, fittest individuals Np are selected from {oP ∪ oPD0}.
4.3.2 DOL Generation Jumping
The jumping rate Jr is introduced to control DOL to update the population. If rand < Jr, the DOL jumping process would be performed by Eq. 19.
[image: image]
Meanwhile, the boundaries should be checked by Eq. 18. Remarkably, the new candidates are locked within a shrunken search area by dynamically updating the interval boundaries [aj, bj] as follows (Wang et al., 2011):
[image: image]
When the DOL jumping step is finished, the best individual Np is selected from {oP ∪ oPD0}.
4.3.3 DOLADE Algorithm Steps
By employing the DOL strategy to JADE, an adaptive differential evolution algorithm with a dynamic opposite learning strategy is generated, namely, DOLADE. In order to make DOLADE convenient and simple to deal with problems, the pseudo-code is described in Algorithm 1, and the flowchart of DOLADE is exhibited in Figure 5.
[image: Figure 5]FIGURE 5 | Flowchart of DOLADE.
Algorithm 1. Pseudo-code of DOLADE.
[image: FX 1]
5 EXPERIMENTAL RESULTS AND ANALYSIS
In this section, through the various data of the battery measured experimentally, the DOLADE algorithm is used to carry out the parameter identification experiment of the battery model. The efficiency and performance of the DOLADE algorithm are evaluated in solving such problems through various performance indicators. Continuous current discharging experiments under different current are implemented, the battery’s internal parameters are identified and verified using measured experimental data, and the parameter values identified under different conditions are displayed in table. Therefore, all these data are obtained under the same experimental conditions. Among them, the unknown model parameters Rp, Cp, Rd, Cd, and R0 are shown in Table 2, which lists the lower and upper values of these parameters.
TABLE 2 | Parameter range of the SECM.
[image: Table 2]Some well-established algorithms, including JAYA (Venkata Rao, 2016), GWO (Mirjalili et al., 2014), MFO (Mirjalili, 2015), ETLBO (Rao and Patel, 2012), and cfPSO (Pathak and Singh, 2017) are compared to prove the effectiveness of the DOLADE algorithm. All of the data are obtained and compared under the same experimental conditions: the maximum number of function evaluations (MaxFEs) is 50 in each operation under different currents, and each algorithm runs 30 times independently to minimize statistical errors. The optimal values are taken out and listed in table, and the OCV and SOC are calculated according to the optimal value. The comparison result of each algorithm is to take the optimal value under the aforementioned operating conditions. Table 3 lists some specific parameter configurations that need to be prepared in advance for each algorithm adopted.
TABLE 3 | Parameters of the involved algorithms.
[image: Table 3]5.1 SECM Model Identification Results
Table 4 lists the values of Rp, Cp, Rd, Cd, and R0 extracted by the six algorithms under various currents. The RMSE value is also listed in the table, and the best value is highlighted in bold. RMSE represents the difference between the parameters extracted by the algorithm and the experimental data and represents the accuracy of the result. The smaller the value, the more accurate the result. It can be concluded that when the DOLADE algorithm is used, the result is the best, and the RMSE value is the smallest. The parameter values of the battery model identified by the DOLADE, JAYA, GWO, MFO, ETLBO, and cfPSO algorithms are different, and even the parameter values extracted by these algorithms under the same current are also different. This indicates that the internal parameter values of the battery are not constant in actual operation, but changes as a dynamic process in changing, and there must be an optimal value among these values. The evaluation standard of this optimal value is determined by the value of RMSE. The algorithm that affects the best in terms of extracted parameters is DOLADE. The parameter values extracted by DOLADE are substituted into the equation to calculate the OCV value. The experimentally measured voltage value and the calculated voltage value curve are shown in Figure 6. Here, AE represents the experiment current, and AS represents the calculated current. The estimated OCV curves coincide well with the experimental OCV curves. Whether it is a high-current discharging experiment or a low-current discharging experiment, the relationship between the two is in line with expectations, and the error of OCV in the figure is within a tiny field, which could satisfy the practical needs.
TABLE 4 | Comparison among six algorithms on the SECM under different currents.
[image: Table 4][image: Figure 6]FIGURE 6 | Experimental and estimated OCV data comparison under different currents.
Furthermore, the relationship of OCV–SOC is depicted in Figure 7. The figure shows that the estimated OCV can replace the experimentally measured OCV to calculate SOC. In the range of SOC from 0 to 1, the computed value always maintains a reasonable range with the actual value and the changes of the two are consistent. The output voltage calculated using the identified parameters is the same as the actual voltage, which can correspond to the battery’s SOC. In other words, the voltage value obtained from the parameters identified by DOLADE could be used to calculate the value of SOC.
[image: Figure 7]FIGURE 7 | OCV–SOC curve diagram.
5.2 Statistical and Convergence Results
In the section 5.1, the parameters were extracted and RMSE values by the DOLADE algorithm are demonstrated, and these results are compared with the results of other algorithms. Then, the estimated OCV and the OCV–SOC relationship curves are described. This subsection clearly compares the statistical values of the DOLADE algorithm operation results with the other algorithms. Comparisons in many aspects verify the effectiveness of the DOL strategy, and it reflects the convergence speed and stability of the DOLADE algorithm. The comprehensive results of all algorithms after 30 independent runs are listed in Table 5. In addition to the minimum error, the table also lists the maximum error, the average value of the error, and the standard deviation reflecting the error distribution. For each current, the overall best results among the six algorithms are highlighted in bold.
TABLE 5 | Statistical results of RMSE for six algorithms under different currents.
[image: Table 5]Among the statistical results listed in Table 5, the six algorithms under different conditions and the performance indicators of the DOLADE algorithm all show strong competitiveness. In all the statistical results, the difference between the maximum and minimum values of the DOLADE algorithm is also the smallest, which indicates that the DOLADE algorithm perfectly performs the particles’ exploration and exploration capabilities through the DOL strategy when solving problems. On the average of all results, the average value of the DOLADE algorithm is close to the global optimal value, which shows the reliability and stability of the DOLADE algorithm in solving problems without excessive waste of resources. Finally, the standard deviation further verifies the aforementioned findings from this side, providing strong evidence for the DOLADE algorithm to be more convincing.
In Figure 8, the boxplot shows the distribution of the results of the aforementioned six different algorithms under 30 independent executions, demonstrating the dispersion of the statistical results of all algorithms under different currents. As can be seen from the boxplot, the DOLADE algorithm results are stable and have a superior performance by comparing with the other five algorithms, and the advantages are very obvious. It is verified once again that the DOLADE algorithm is superior to other algorithms in terms of accuracy and reliability, has an outstanding performance in enhancing particle capabilities, and can be trusted as an optimizer.
[image: Figure 8]FIGURE 8 | Best RMSE boxplot in 30 runs of six algorithms under different currents.
Figure 9 demonstrates the convergence curves of the six algorithms under different discharging currents in the SECM. The figures depict the convergence graph when different algorithms run independently 30 times, where the number of runs of each algorithm is 50. It is not difficult to obtain from the figure that the speed of converging to the optimal value using the DOLADE algorithm is very considerable. Compared with the other five algorithms, DOLADE has a wonderful optimization process, fewer times of iteration when the algorithm converges to the optimal value, and the initial value of the optimization is closest to the global optimum, which is highly competitive. Therefore, it could be concluded that DOLADE has an excellent performance in solving the parameter identification of the battery model in BESS, which provides a new choice for solving this kind of problem.
[image: Figure 9]FIGURE 9 | Convergence curves of six algorithms under different currents.
5.3 Effectiveness Evaluation in Different Sets
The DOL strategy is applied to the population P (elite individuals) that the individuals’ performance well and the external archive A (general individuals) that conserves the eliminated individuals, respectively. The excellent performance of DOL strategy in DE algorithm is verified by experimental results. The elite dynamic opposite learning for the elite particles in the population and the general dynamic opposite learning for the ordinary particles are used, and then the results are compared with the existing results of the combination of the two, that is, elite dynamic opposite learning and general dynamic opposite learning. The comparison results are shown in Table 6, and the best results are highlighted in bold. As can be seen from the data in the table, when the elite or general individuals in the population perform the dynamic opposite learning, the effect is not as good as when both the elite and general individuals are allowed to conduct dynamic opposite learning at the same time. These can be reflected from the data in the table, including minimum, maximum, mean, and standard deviation. Therefore, removing the DOL strategy from any set will not yield the best results. Only when the strategy is applied to both elite and general individuals, the following optimization process can satisfy the need of generating global optimal solutions.
TABLE 6 | Statistical results of RMSE for different sets under different currents.
[image: Table 6]6 CONCLUSION
In this study, a new method to solve the problem of identifying battery model parameters in BESS is proposed. This method can accurately obtain the internal parameters of the battery model, which is of great significance for the coordination work of PV-BESS. As a variant of the DE algorithm, the DOLADE algorithm introduces the DOL strategy to expand the number of particles in the population and improve the exploration and exploitation capability, achieving a faster convergence rate, accurately obtaining the global optimum and avoiding falling into the local optimum. First, based on the battery equivalent circuit model in BESS, the relationship between OCV and SOC is studied, and the parameters that need to be identified, the objective function, and the evaluation function are determined. Then, the parameters under various discharging currents are extracted, and the battery’s OCV is estimated according to the identified parameters. Finally, the estimated OCV is compared with the experimental OCV, and the experimental voltage-estimated voltage curve and the OCV–SOC curve are plotted. It can be known from the aforementioned figures that all the parameters and indicators are in line with the expected values and within a reasonable and acceptable range, which further verifies the effectiveness and accuracy of the DOLADE algorithm. Furthermore, compared with the well-established algorithm, the boxplot and the convergence curves of the algorithms are plotted, which shows that the advantages of the DOLADE algorithm are available. In general, the DOL strategy can significantly improve the diversity of the population and enhance the search efficiency of particles by endowing new searching abilities to individuals in the population. Therefore, DOLADE is one of the ideal methods to identify unknown parameters of the battery model. In future plans, research to address this type of problem will continue, and improvements will be made to the DOLADE algorithm to explore its potential for solving more complex problems.
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GLOSSARY
AE experiment current
AS calculated current
BESS battery energy storage system
Cd concentration polarization capacitance (C)
Cp electrochemical polarization capacitance (C)
cfPSO constriction factor particle swarm optimization
D dimension of problem
DE differential evolution
DOL dynamic opposite learning
DOLADE adaptive differential evolution algorithm with a dynamic opposite learning strategy
ETLBO elitist teaching–learning-based optimization
Gmax maximal number of generation
GWO grey wolf optimizer
IL load current (A)
JADE adaptive differential evolution algorithm with an optional external archive
Max maximum value
Mean average value
MFO moth-flame optimization
Min minimum value
N number of experimental data
Np population size
OCV open circuit voltage
P population
PV photovoltaic
R0 internal resistance (Ω)
Rd concentration polarization resistance (Ω)
Rp electrochemical polarization resistance (Ω)
RMSE root mean square error
rand random numbers in (0, 1)
SD standard deviation
SECM second-order RC equivalent circuit model
SOC state of charge
T sampling time (s)
U0 resistance voltage (V)
Ud second RC network’s voltage (V)
UL terminal voltage (V)
UOCV open circuit voltage (V)
Up first RC network’s voltage (V)
μCR crossover factor
μF mutation factor
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