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 Batteries play a vital role in current scenario of energy storage, even though 

many techniques of energy storage are available, since the time taken to start 

delivering the stored energy is very less. The battery life time depends upon 

its charging and discharging characteristics, which are in turn, depend on the 

internal parameters of battery. These parameters include resistance, 

capacitance and open circuit voltage. The amount of energy stored in the 

battery can be calculated by estimating these parameters. In this paper, an 

optimized model for Lithium ion batteries is presented using evolutionary 

algorithms to estimate the internal parameters of the battery over different 

charging and discharging rates. A sample EIG make, 2.5 V, 8 Ahr Lithium ion 

battery is modeled using two evolutionary algorithms such as genetic 

algorithm and Covariance Matrix Adaptation Evolution Strategy (CMA-ES) 

for different charging and discharging rates. The results of two algorithms are 

compared with the catalog values given by the manufacturer in order to 

identify the appropriate algorithm for battery modeling and validation. This 

paper concludes that battery characteristics obtained by CMA-ES algorithm 

match with the measured manufacturer characteristics. 
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1. Introduction 

Developing countries like India has shortage of power, particularly during peak hours. During off peak hours, 

the generating stations are underutilized and during peak hours the generation is insufficient to meet the 

required demand [1]. So there exists a gap between the generation and demand of power. This gap can be 

bridged if there exist an Energy Storage Device (ESD) to store the excess power from the generating plants 

during off peak hours and deliver the same during peak hours. The rapid growth in the field of renewable 

energy resources has increased the overall installed capacity of the country. However, these renewable energy 

sources are seasonal and cannot be considered as available energy source. Insufficient forecasting techniques 

also lead to the usage of ESD at available period.  

The ESD’s that are commonly used are battery, super capacitor, super conducting magnetic energy storage 

and flywheel energy storage system. Despite the availability of many ESD’s, batteries are effective, since they 

deliver the stored energy in very less time. But the efficiency of the available batteries in the market is very 

less. However these batteries are charged during off peak hours, the energy transfer from them to grid during 
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peak hours may not be sufficient. This is because the available power in the batteries is dependent on their 

characteristics. Every battery has its own characteristics. The frequent charging and discharging of batteries 

result in the degradation of the internal circuit parameters like state of charge, depth of discharge, charge rate 

and discharge rate [2,3].The lifetime of the battery depends upon these parameters. Hence it is necessary to 

study and analyze the battery characteristics for increasing efficiency. 

The different types of batteries available are lead acid, lithium-ion, alkaline battery, etc. Lithium ion batteries 

are the most efficient of all [4]. There are four types of battery models available such as electro-chemical 

models, experimental models, mathematical models and electric circuit models. Of all these four, electric 

circuit models are best suited to represent the characteristics of EV battery. Wardburg impedance model is 

taken as the base model. It consists of an open circuit voltage in series with a resistance and a parallel RC 

circuit. To model a battery, the internal circuit parameters must be estimated. But the estimation of these 

parameters is tedious due to their non-linear behavior. Soft computing techniques are used nowadays to 

estimate them.  

In this paper, Covariance Matrix Adaptation Evolutionary Strategy (CMA-ES) is applied to estimate them for 

EIG make, 2.5 V, 8 Ahr Lithium ion batteries under different charging and discharging rates. The algorithm 

results are promising and compared with the catalog values given by the manufacturer for validation. 

The paper is organized as follows: Section 2 describes the proposed battery model. Section 3 explains the 

CMA-ES algorithm. Section 4 deals with the parameters estimation and the design verification by comparing 

the results with manufacturers’ data. Section 5 concludes the research work. 

 

2. Battery Model 

An Electric Equivalent Circuit for Li-ion battery [5, 6] is shown in Fig. 1.  

 

Fig. 1 Electric Equivalent Circuit for Li ion battery 

The charging and the discharging characteristics as per manufacturer’s catalogue data are shown in Figure 2. 

These characteristics are measured at different charge/discharge rate. From the Figure 2, it is inferred that 

these characteristics are exponentially increasing and decreasing with respect to rate of charging or 

discharging. Hence a polynomial equation with exponential function is used to represent the characteristics of 

the battery.  
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Fig. 2 Charging and discharging characteristics of battery as per manufacturer’s data [6] 

 

2.1 Internal battery parameters   

The general polynomial equations for the calculation of internal parameters of the battery are given below [5]. 
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where R1, R2, C are internal parameters and are represented in terms of polynomial equations; V0 is the 

voltage between the terminals of battery in open circuit condition. A set of 31 coefficients are used in the 

above set of equations to represent the parameters in terms of polynomial equations. The battery parameters 

can be derived by replacing x and y with Cr and SOCcr, for charging process, whereas for discharging process 

with Dr and (1 − DODcr). 

2.2 Battery charging/discharging voltage  

The battery terminal voltage for charging and discharging scenario with respect to time under constant current 

is given in Eq. 5 and Eq. 6 [5]. 
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Where Qr is the rated capacity of the battery, tc, Ic, td and Id are charge time, charge current, discharge time and 

discharge current, respectively. The accurate behavior of any type of battery can be represented by Eq. 5 and 

Eq. 6, if the parameters are accurately estimated. The nonlinear behavior of the battery can be captured by the 

above equations and depends on the actual battery charge/discharge voltage. 
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2.3 Charge/Discharge Rate and SOC calculations 

The charge or discharge rate algorithm is used to determine the amount of energy stored or discharged from 

the battery. The Cr and SOCcr of the battery vary depending on the present condition of the battery. The battery 

status is checked and the current charge rate (C
crt

) of the battery is calculated by the control algorithm 

developed inside the battery. User defined Cr limit (C
lmt

) and initial battery SOC (SOCini) are also taken into 

account .The       and       of the battery can be expressed as given below [6]. 
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The above are calculated based on present status of the battery, which is the ratio of current and remaining 

capacity of the battery. The minimum of charge rate based on the C
lmt 

and C
crtr 

charge is found by the 

algorithm to regulate the charge current of the battery. This type of control algorithm is used for discharging 

scenario. The SOCcr and DODcr can be calculated from Eq. 9 to Eq. 10. 
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Here, SOCini is the initial SOC of the battery. The SOCmax and DODmax are the maximum user defined SOC 

and DOD limits. 

 

2.4 Objective function 

Battery parameters are estimated with population based search using bio inspired evolutionary algorithms 

based optimization technique. The aim of using evolutionary algorithms is due to the fact that it needs only 

manufacturers Cr and Dr Characteristics for giving polynomial coefficient in relatively less iteration. Also, 

evolutionary algorithm is more flexible in estimating the battery parameters with any initial values, while 

other analytical techniques are not capable of obtaining feasible solutions. It is easy to understand and can be 

optimized using fitness function. 

Different types of manufacturers’ data of Li-ion batteries are considered for estimation purpose. The main 

objective of the algorithm is to optimize the battery parameters polynomial coefficients (a1 − a31) to evaluate 

the equations given in Eq. (1) to Eq.  (6). 

The requirement after generation of random solution set is to measure the quality of solution set. This can be 

achieved by establishing a fitness function F(x), which is rated by each solution according to its fitness. The 

difference between the measured (
M

Ci
V or 

M

d j
V ) and calculated voltage for charging and discharging cases (

C

Ci
V or 

c

d j
V ) are determined with Eq.(5) and Eq.(6) respectively. Based on the calculated fitness value, the best 

list gets updated and the lowest fitness is discarded. The mathematical formulation of fitness function f(x) for 

charging and discharging scenario is given in Eq.(11) – (12). 
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Minimize f(x) 

 

  

(11) - (12) 

 

3. Covariance Matrix Adaptation Evolution Strategy 

Several evolutionary algorithms have been emerged so far to solve the single objective optimization problems. 

A recent approach for adapting the search direction is Covariance Matrix Adaptation Evolution Strategy 

(CMA-ES). It’s important property is invariance against the linear transformations in the continuous search 

space, when compared to other algorithms. CMA-ES is a strong optimizer that outperformed its other similar 

learning algorithms in CEC2005 benchmark functions [7, 8] and BBOB-2009 benchmark functions [9]. 

Hence, an attempt is made to optimize the Battery Modelling design using CMA-ES for the first time in this 

research work.  

Evolution Strategies are stochastic, derivative free methods for numerical optimization of non-linear 

problems. CMA-ES is proposed by Hansen and Ostermeier [10]. CMA-ES is an efficient ES for problems 

where derivative based methods are unsuccessful due to rugged search space with multiple discontinuities, 

sharp bends, and local optima. This algorithm is analogous to gradient based quasi-Newton method. CMA-ES 

has emerged as a very competitive real-parameter optimizer for continuous search spaces. It adapts two 

unique principles; maximum likelihood principle and two evolution paths and thus distinct from other ES.  

It is a continuous evolutionary algorithm that generates new population members by sampling from a multi-

variate normal distribution N(m, C) constructed by its mean value, m ε R
n
 and its symmetric positive definite 

covariance matrix, C ε R
nxn 

during the optimization process. ‘m’ of the distribution determines the translation 

displacement and gets updated such that the likelihood of previous successful candidate solutions are 

maximized.  ‘C’ has geometrical interpretation, can be uniquely identified with the iso-density ellipsoid [10]. 

‘C’ determines the shape of the distribution ellipsoid, whose principal axes are Eigen vectors of ‘C’ and 

squared axes lengths are Eigen values. This algorithm exploits two adaptation mechanisms; covariance matrix 

adaptation (CMA) and step size (σ) adaptation.  

CMA learns all pair wise dependencies between the variables and increases the probability to repeat the 

successful steps. One evolution path, enhances CMA procedure in place of single successful search steps and 

facilitates possibly much faster increase of favourable directions. CMA identifies the function landscape 

which is convex-quadratic one with the concept of Hessian matrix (H).  The CMA-ES estimates the inverse 

Hessian matrix (H
-1

) in the form of a covariance matrix of the search distribution within an iterative 

procedure. Setting C = H
-1

 on convex quadratic function is to rescale the ellipsoid projection of the multi-

variate normal distribution into a spherical one.  The aim of CMA is to approximate the matrix, ‘H’ and to 

closely suit the search direction to the contour lines of the objective function to be optimized [69]. For a 

particular function, landscape if it becomes qualified to convert it into a spherical projection by 

correspondingly adapting the Eigen-decomposed matrix, then the algorithm converges fully to the global 

optimum. 

The CMA influences the scale of the distribution. Nevertheless, additional step-size, σ control is necessary 

[9]. So, the step size update is also introduced to enhance the scaling adaptation and in particular to facilitate 

the increase of distribution spread, which is very difficult with CMA only. Step size adaptation aims to make 
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consecutive movements of the distribution mean orthogonal in expectation and prevents the premature 

convergence. The method used for step size control is path length control (cumulative step size adaptation). 

To control the step size, other evolution path, P  is utilized. a) Whenever P is short, single steps cancel each 

other and are anti-correlated. Hence, σ should be decreased. b) Whenever the evolution path, P  is long, 

single steps are pointing to similar directions and they are correlated causing σ to be increased. c) Submitting 

in the desired situation the steps are approximately perpendicular in expectation and therefore uncorrelated.  

To decide if  P  is long or short, the length of the path is compared with its expected length under random 

selection. In ideal situation, selection does not bias the length of the evolution path and the length equals its 

expected length under random selection. Thus P controls the step-size.  

3.1 Optimization Procedure of CMA-ES 

CMA-ES is a quasi-parameter free algorithm. A standard CMA-ES with weighted intermediate 

recombination, step size adaptation, and a combination of rank -  update and rank-one update has been 

considered in this work.  The various steps involved in the algorithm are discussed below in steps [10].  

Step 1: Set default values for all CMA-ES parameters, except for population size pN , maximum number of 

functional evaluations Feval, maximum number of generations gmax, and initial step size )0( .  

Choose )0(  = )(25.0 min,max, tt aa  ,  for t=1 to 31. 

pN  = 100, Feval = 10,000 and gmax= 100.   

Step 2:  Initialize generation, g = 0. 

Step3:   If stopping criterion is met: go to step 11.  Else go to step 4. 

Step 4:  Generate pN  candidate solutions by sampling from a multi-variate gaussian distribution, N(m,C) with 

mean, covariance matrix and standard deviation. 

Step 5:   Determine the fitness function, using Equation (11 or 12). 

Step 6:    The pN  sampled points are sorted in order of ascending fitness and (µ) best are selected. The new 

mean 
)1( gm  of all current population vectors which is a weighted average of (µ) selected vectors from the 

samples 
)1(

1

gX ,...
)1( g

N p
X with weight parameter being updated using weighted recombination of the selected 

points. 

Step 7: Update evolution paths 
)1( g

cP  and
)1( gP  . 

Step 8:    Update covariance matrix 
)1( gC by

 1g

cP  . 

Step 9:    Update global step size 
)1( g by 

)1( gP . 

Step 10:     Increment generation count, g = g + 1; Go to step 3. 

Step 11:     Stop the optimization process. 

 

4. Results And Discussion 

The Li-ion batteries manufactured by EIG manufacturers are considered for parameter extraction problem [5] 

as seen in Table 1. 

Table 1. Specification of the battery 

Battery make Voltage Capacity Charge rate Discharge rate 

EIG 2.5V 8 Ahr 0.5 &1 Cr 0.5 &1 Dr 
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For Li-ion battery, SOC versus battery terminal voltage for charging, and SOC versus battery terminal voltage 

for discharging at different charge/discharge rates are taken from manufacturer catalogue. To obtain the 

parameters (a1-a31), measure the charging voltage, and discharging voltage at different charge/discharge rate.  

The parameters for charging and discharging characteristics are calculated from GA and CMA-ES. The 

mathematical formulation of fitness function for obtaining one set of the parameters for charging and 

discharging scenario are given in Equation (11/12). The results of established mathematical model for battery 

at different charge/discharge rate are discussed in this section. 

Two different battery charge/discharge rate characteristics were obtained and compared with the measured 

(manufacturer catalogue) data. The first case is EIG Li-ion battery having a rated capacity of 8Ah, charging 

current of 8A and hence the charging rate of 1Cr. The second one is EIG Li-ion battery with a rated capacity 

of 8Ah, charging current of 4A and hence the charging rate of 0.5Cr. Similarly, the other two cases are for the 

discharging scenario for the same type of battery and manufacturer. 

4.1 Discharge rate characteristics for EIG battery 

The plots of charge curves obtained for two discharge rates (0.5Dr, 1Dr) are calculated using Equation (2.6). 

The experimental datas are measured from the battery manufacturer’s catalogue. It is evident from the plots 

that the simulated curves are in close agreement with the measured data for CMA-ES, whereas a little 

deviation between calculated and measured data has been found with GA for both discharge rates. 

4.1.1 EIG battery discharge rate characteristics at 0.5Dr 

The variation of discharging voltage with respect to increasing DODcr for 0.5 Dr by GA method and CMA-ES 

method are shown in Figure 3 and 4 respectively. The simulations are observed for DODcr from 0-100%.The 

difference between the calculated and catalogue values vary from 0 to 22.5 mV. It is clear from the plot that 

the battery can be discharged only upto 90% of total capacity. Beyond this the voltage of the battery rapidly 

decreases. So the maximum DOD for the battery at 0.5 Dr is 90 %. The fitness value for 0.5 discharge rate is 

calculated using GA and CMA-ES as 8.6482V and 8.1738V respectively. It is seen that the results of CMA-

ES give values very closer to the manufactures measured values at this 0.5 Dr.  

 

Fig. 3 Measured and calculated EIG battery discharge rate characteristics at 0.5Dr by GA method 
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Fig. 4 Measured and calculated EIG battery discharge rate characteristics at 0.5Dr by CMA-ES method. 

4.1.1 EIG battery discharge rate characteristics at 1Dr 

 

Fig. 5 Measured and calculated EIG battery discharge rate characteristics at 1Dr by GA method 
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Fig. 6. Measured and calculated EIG battery discharge rate characteristics at 1Dr by CMA-ES method 

 

 

The variation of discharging voltage with respect to increasing DODcr for 1 Dr by GA method and by CMA-

ES method are shown in Figures5 and 6 respectively.  

 

The simulations are observed for DODcr from 0-100%.The difference between the calculated and catalogue 

values vary from 0 to 20 mV. It is clear from the plot that the battery can be discharged only up to 85% of 

total capacity. Beyond this the voltage of the battery rapidly decreases. So the maximum DOD for the battery 

at 1 Dr rate is 85 %. The fitness value for 1 discharge rate is calculated using GA and CMA-ES as7.888549 V 

and 7.7745 V respectively. It is seen that the results of CMA-ES give values very closer to the manufacturers 

measured values at this 1 Dr.  

 

The CMAES method gives a better result than the GA method for the Discharging characteristics and the 

polynomial coefficients obtained by both the optimization methods for 0.5 Dr and1 Dr are listed in the Table 

2. The battery parameters such as R1, R2, C, V0, Vbc (calculated value) and Vm (catalogue value) extracted 

by CMAES procedure for discharging characteristics from 0 % to 100% depth of discharge are given in Table 

3. 
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Table 2. Polynomial Coefficients for Discharging Scenario 

Coeff Polynomial coefficients optimized using GA Polynomial coefficients optimized 

using CMA-ES 

Values @ 1Dr 

Fitness =  7.888549V 

 

Values @ 0.5Dr 

Fitness = 8.6482V 

 

Values @ 1Dr 

Fitness =     

7.7745V 

Values @ 0.5Dr 

Fitness =    

8.1738V 

 
a1 6.56956186521685e-05 0.00778833306093674 1.00E-05 1.00E-05 

a2 0.000928442002636786 0.00234762425470490 1.00E-05 1.00E-05 

a3 0.0166108206790170 0.00842167087195284 1.00E-05 1.00E-05 

a4 8.53222732239009 43.6269811940874 38.22264302 27.65878001 

a5 0.0461007403212680 0.0852897779875251 1.00E-05 1.00E-05 

a6 6.49484310593168e-05 0.0332471509823457 1.00E-05 1.00E-05 

a7 0.00127361583540018 0.199657844353320 1.00E-05 0.071113885 

a8 0.285967930489817 0.0556399973599056 1.00E-05 0.257255501 

a9 0.0956427774480057 0.310780713587646 1.00E-05 0.514587457 

a10 0.456264203099022 0.239094275589136 0.209153557 0.303460388 

a11 27.5112551355846 30.8648012288193 50 24.16996415 

a12 0.0702155664072511 0.107653995169240 1.00E-05 1.00E-05 

a13 0.0190741378097689 0.520070315589157 1.00E-05 0.142549597 

a14 0.00767787215554267 0.698721389376577 1.00E-05 0.2884063 

a15 507.682586154521 322.263026594607 94.43114508 499.7531208 

a16 536.003547709095 189.125115824291 408.6733997 219.239064 

a17 235.725192637880 962.259574503789 437.8277894 902.1989977 

a18 13.3751919737215 44.0177627723429 36.76034231 1.00E-05 

a19 836.772879689304 428.186999568674 1000 191.5585531 

a20 247.242002042280 504.596196819493 839.4614308 968.0675342 

a21 249.522775752821 84.9517485103196 545.2975205 780.7673678 

a22 0.0124014174560103 0.159114777880414 1 1.00E-05 

a23 0.545151773027248 0.552461183536785 0.37866734 0.010883249 

a24 0.104596569424272 0.0353066480332493 1.00E-05 0.345257132 

a25 1.63288018973511 1.80151966827546 0.30189447 29.75411127 

a26 2.30586235658291 2.97642090140118 1.00E-05 2.522499983 

a27 0.0796509759883043 0.0460099359877820 1.00E-05 1.00E-05 

a28 0.0179348717941379 0.0126640186490210 1.00E-05 1.00E-05 

a29 0.00132349804132274 0.00136400458863894 1.00E-05 1.00E-05 

a30 0.399743295144246 0.980720074384575 1.00E-05 0.804970072 

a31 0.270426717652908 0.247033778546127 0.978891031 0.249670337 
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Table 3. Battery Parameters Extraction for discharging scenario using CMA-ES 

R1 R2 C V0 Vbc Vm 

0.017811 0.733801 35.86176 2.274198 2.426033 2.504515 

0.017811 0.733801 35.86176 2.274198 2.425799 2.486456 

0.017811 0.729183 35.86176 2.273316 2.424839 2.479935 

0.017811 0.724601 35.86177 2.272441 2.423887 2.472912 

0.01781 0.718547 35.86177 2.271289 2.422631 2.465638 

0.01781 0.712557 35.86177 2.270151 2.421389 2.454352 

0.01781 0.706628 35.86178 2.269027 2.420162 2.442563 

0.01781 0.699305 35.86178 2.267643 2.418648 2.432029 

0.01781 0.693515 35.86178 2.266552 2.417453 2.422247 

0.017809 0.684943 35.86179 2.264942 2.415686 2.408202 

0.017809 0.680707 35.86179 2.264148 2.414814 2.405694 

0.017809 0.676504 35.8618 2.263362 2.413949 2.403185 

0.017809 0.666825 35.8618 2.261557 2.411961 2.397166 

0.017808 0.644044 35.86182 2.257339 2.407296 2.387133 

0.017807 0.621002 35.86183 2.253118 2.402599 2.382619 

0.017806 0.588413 35.86186 2.247228 2.39599 2.380361 

0.017805 0.558048 35.86188 2.241829 2.389863 2.378104 

0.017804 0.529754 35.86191 2.23688 2.38418 2.375847 

0.017803 0.503391 35.86193 2.232344 2.378901 2.371332 

0.017802 0.471017 35.86196 2.226877 2.372432 2.369074 

0.017801 0.42121 35.86202 2.218712 2.362478 2.36456 

0.0178 0.390339 35.86206 2.213815 2.356275 2.360045 

0.017799 0.362899 35.8621 2.209579 2.350708 2.35553 

0.017798 0.333965 35.86215 2.205244 2.344744 2.351016 

0.017798 0.308845 35.8622 2.201601 2.339437 2.346501 

0.017797 0.287036 35.86225 2.19854 2.334679 2.341986 

0.017796 0.259592 35.86232 2.19484 2.328376 2.337472 

0.017796 0.241926 35.86238 2.192561 2.324029 2.332957 

0.017795 0.225 35.86244 2.190464 2.319531 2.328442 

0.017795 0.212593 35.8625 2.188989 2.315928 2.323928 

0.017795 0.199371 35.86257 2.187483 2.311659 2.319413 

0.017794 0.185585 35.86267 2.185999 2.306466 2.314898 

0.017794 0.181291 35.86271 2.185558 2.304615 2.313143 

0.017794 0.176554 35.86275 2.185084 2.302388 2.311387 

0.017794 0.170714 35.86282 2.184522 2.299286 2.309882 

0.017794 0.165205 35.8629 2.184017 2.295845 2.305869 

0.017794 0.160225 35.86299 2.183585 2.29206 2.301354 

0.017794 0.155399 35.86311 2.183194 2.28735 2.296589 

0.017794 0.151692 35.86323 2.182917 2.282422 2.292325 

0.017794 0.148822 35.86338 2.182721 2.276969 2.285553 

0.017794 0.14686 35.86353 2.1826 2.271391 2.278781 

0.017794 0.145769 35.86366 2.182539 2.2668 2.274266 

0.017793 0.144946 35.86381 2.182497 2.261722 2.267494 
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R1 R2 C V0 Vbc Vm 

0.017793 0.144315 35.86399 2.182469 2.255616 2.260722 

0.017793 0.144039 35.86411 2.182457 2.251504 2.256208 

0.017793 0.143844 35.86423 2.18245 2.247427 2.251693 

0.017793 0.143602 35.86449 2.182443 2.238832 2.244921 

0.017793 0.143488 35.86475 2.18244 2.23036 2.238149 

0.017793 0.143444 35.86495 2.182439 2.22408 2.231377 

0.017793 0.143422 35.86512 2.182439 2.218634 2.226862 

0.017793 0.143403 35.86538 2.18244 2.210422 2.222348 

0.017793 0.143395 35.86562 2.18244 2.203067 2.215576 

0.017793 0.14339 35.8659 2.182441 2.194298 2.208804 

0.017793 0.143388 35.86611 2.182442 2.187859 2.204289 

0.017793 0.143387 35.86633 2.182443 2.181483 2.199774 

0.017793 0.143387 35.86657 2.182444 2.174205 2.193002 

0.017793 0.143387 35.86679 2.182444 2.167725 2.18623 

0.017793 0.143386 35.86714 2.182446 2.157541 2.181716 

0.017793 0.143386 35.86738 2.182447 2.150534 2.177201 

0.017793 0.143386 35.86766 2.182448 2.142689 2.170429 

0.017793 0.143386 35.86775 2.182449 2.140172 2.165914 

0.017793 0.143386 35.8679 2.182449 2.13585 2.159142 

0.017793 0.143386 35.868 2.18245 2.133136 2.154628 

0.017793 0.143386 35.86818 2.182451 2.128193 2.147856 

0.017793 0.143386 35.86834 2.182452 2.123735 2.141084 

0.017793 0.143386 35.86853 2.182453 2.11865 2.136569 

0.017793 0.143386 35.8687 2.182454 2.114046 2.129797 

0.017793 0.143386 35.86886 2.182454 2.109695 2.125282 

0.017793 0.143386 35.86889 2.182455 2.109045 2.123025 

0.017793 0.143386 35.86893 2.182455 2.107963 2.120767 

0.017793 0.143386 35.86898 2.182455 2.106668 2.11851 

0.017793 0.143386 35.86902 2.182455 2.105592 2.116253 

0.017793 0.143386 35.86906 2.182456 2.104517 2.113995 

0.017793 0.143386 35.86909 2.182456 2.103658 2.111738 

0.017793 0.143386 35.86913 2.182456 2.102587 2.109481 

0.017793 0.143386 35.86917 2.182456 2.101518 2.104966 

0.017793 0.143386 35.86922 2.182457 2.100238 2.100451 

0.017793 0.143386 35.8693 2.182457 2.09811 2.095937 

0.017793 0.143386 35.86935 2.182457 2.096838 2.091422 

0.017793 0.143386 35.8694 2.182458 2.095568 2.08465 

0.017793 0.143386 35.86945 2.182458 2.094302 2.080135 

0.017793 0.143386 35.8695 2.182458 2.093038 2.073363 

0.017793 0.143386 35.86954 2.182459 2.091987 2.066591 

0.017793 0.143386 35.86958 2.182459 2.090938 2.059819 

0.017793 0.143386 35.86961 2.182459 2.0901 2.053047 

0.017793 0.143386 35.86964 2.182459 2.089472 2.046275 

0.017793 0.143386 35.86966 2.182459 2.088846 2.039503 

0.017793 0.143386 35.86969 2.18246 2.088011 2.030474 
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R1 R2 C V0 Vbc Vm 

0.017793 0.143386 35.86973 2.18246 2.08697 2.019187 

0.017793 0.143386 35.86976 2.18246 2.086346 2.007901 

0.017793 0.143386 35.86978 2.18246 2.08593 1.998871 

0.017793 0.143386 35.86979 2.18246 2.085515 1.989842 

0.017793 0.143386 35.86982 2.18246 2.084893 1.976298 

0.017793 0.143386 35.86984 2.182461 2.084271 1.960497 

0.017793 0.143386 35.86987 2.182461 2.08365 1.942438 

0.017793 0.143386 35.8699 2.182461 2.082824 1.924379 

0.017793 0.143386 35.86992 2.182461 2.082204 1.906321 

0.017793 0.143386 35.86994 2.182461 2.081792 1.890519 

0.017793 0.143386 35.86995 2.182461 2.08138 1.874718 

0.017793 0.143386 35.86997 2.182462 2.080968 1.858916 

0.017793 0.143386 35.86998 2.182462 2.080762 1.843115 

0.017793 0.143386 35.87 2.182462 2.080351 1.822799 

0.017793 0.143386 35.87001 2.182462 2.07994 1.786682 

0.017793 0.143386 35.87002 2.182462 2.079735 1.759594 

0.017793 0.143386 35.87004 2.182462 2.079324 1.73702 

0.017793 0.143386 35.87004 2.182462 2.079119 1.714447 

0.017793 0.143386 35.87005 2.182462 2.078914 1.694131 

0.017793 0.143386 35.87006 2.182462 2.078709 1.6693 

0.017793 0.143386 35.87008 2.182462 2.078299 1.633183 

0.017793 0.143386 35.87008 2.182462 2.078094 1.60158 

0.017793 0.143386 35.87009 2.182462 2.07789 1.581264 

0.017793 0.143386 35.87009 2.182462 2.07789 1.556433 

0.017793 0.143386 35.87009 2.182462 2.07789 1.540632 

 

 

 

 

 

 

 

 

4.1 Charge rate characteristics for EIG battery 

The variation of charging voltage with respect to increasing SOCcr for 0.5 Cr by GA method and by CMA-ES 

method are shown in Figures 7 and 8 respectively. The simulations are observed for SOCr from 0-100%.The 

difference between the calculated and catalogue values vary from 0 to 2 mV. It is clear from the plot that the 

battery must be charged beyond 90% of SOC. Beyond this SOC, the voltage of the battery rapidly increases. 

So the battery will be charged 100% only beyond 90 % of SOC  at 0.5 Cr rate .The fitness Value for 0.5 Cr 

charge rate is calculated using GA and CMA-ES as1.739V and 1.6702 V respectively. It is seen that the 

results of CMA-ES gives values very closer to the manufacturers measured values at this 0.5 Cr.  
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4.2.1 EIG battery charge rate characteristics at 0.5Cr 

 

Fig. 7. Measured and calculated EIG battery charge rate characteristics at 0.5Cr by GA 

Fig. 8. Measured and calculated EIG battery charge rate characteristics at 0.5Cr by CMAES 
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4.2.2 EIG battery discharge rate characteristics at 1Cr 

The variation of charging voltage with respect to increasing SOCcr for 1 Cr by GA method and by CMA-ES 

method are shown in Figures9 and 10 respectively. The simulations are observed for SOCr from 0-100%.The 

difference between the calculated and catalogue values vary from 0 to 2 mV. It is clear from the plot that the 

battery must be charged beyond 95% of SOC. Beyond this SOC the voltage of the battery rapidly increases. 

So the battery will be charged 100% only beyond 95 % of SOC  at 1 Cr rate .The fitness Value for 1 Cr charge 

rate is calculated using GA and CMA-ES as1.9759 V and 1.85432 V respectively. It is seen that the results of 

CMA-ES gives values very closer to the manufacturers measured values at this 1Cr.  

 

Fig. 9. Measured and calculated EIG battery charge rate characteristics at 1Cr by GA 

 

Fig. 10. Measured and calculated EIG battery charge rate characteristics at 1Cr by CMAES 
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The CMAES method gives a better result than the GA method for the discharging characteristics. The 

polynomial coefficients obtained by both the optimization methods for 0.5 Cr and1 Cr are listed in the Table 

4. 

Table 4. Polynomial Coefficients for Charging Scenario 

Coeff 

Polynomial coefficients optimized using GA 
Polynomial coefficients optimized 

using CMA-ES 

Values @ 1Cr 

Fitness =    1.9759 

Values @ 0.5Cr 

Fitness =     1.739 

Values @ 1Cr 

Fitness =    

1.85432 

Values @ 0.5Cr 

Fitness =     

1.6702 

a1 0.0194152511638573 0.0529010224704071 1.00E-05 1.00E-05 

a2 0.00653264161283376 0.112738844442131 1.00E-05 0.043026 

a3 0.0613114245647920 0.123632816050155 1.00E-05 1.00E-05 

a4 49.7207575759273 18.9420155080609 50 50 

a5 0.000185641877907748 0.000503413037100738 1.00E-05 1.00E-05 

a6 0.000301865541364253 0.00369676000227063 1.00E-05 1.00E-05 

a7 1.26424659579992e-05 0.284722185280322 1.00E-05 1.08E-02 

a8 0.0615809476376128 0.630587474632019 0.177332 4.51E-01 

a9 0.0143717900126342 0.000408762302842551 1.00E-05 0.131324 

a10 0.362297828188710 0.428985198364503 1.00E-05 0.145669 

a11 12.1310069460921 15.5435991601648 9.203143 30.53985 

a12 0.133978848779875 0.00202279052281208 1.00E-05 0.009188 

a13 0.339340502530864 0.399075509046231 1.00E-05 0.13501 

a14 0.0105499618534733 0.0838148711427042 1.00E-05 0.766683 

a15 259.900304912929 445.622839279930 1.00E-05 369.7069 

a16 813.876823016400 407.946852577810 329.5181 28.89107 

a17 330.107426892655 262.424136250200 329.6282 320.3969 

a18 26.9966299535519 27.3984286846080 31.67657 2.93E+01 

a19 870.813554229043 990.854954316346 469.988 1.00E+03 
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Coeff 

Polynomial coefficients optimized using GA 
Polynomial coefficients optimized 

using CMA-ES 

Values @ 1Cr 

Fitness =    1.9759 

Values @ 0.5Cr 

Fitness =     1.739 

Values @ 1Cr 

Fitness =    

1.85432 

Values @ 0.5Cr 

Fitness =     

1.6702 

a20 916.410667827005 140.335472804143 932.7206 301.0225 

a21 595.291437720632 736.338313982155 878.1917 546.1237 

a22 0.432478231357394 0.0304894683580797 1.00E-05 1.00E-05 

a23 0.000200219296568023 0.926514730647353 1 1.00E-05 

a24 0.193098324331779 0.126118588850624 0.186767 1.00E-05 

a25 49.7872345474091 17.4998795868959 1.00E-05 4.98E+01 

a26 2.47039390020524 2.75915837867528 1.00E-05 2.584472 

a27 0.0462009566159920 0.139381813197965 0.114103 6.90E-02 

a28 0.0161954115546456 0.00258864392760331 1.00E-05 1.00E-05 

a29 0.177517650569792 0.101727309522074 0.140885 1.70E-01 

a30 0.657475798351597 0.697367806715214 1.00E-05 1.00E+00 

a31 0.401522617297974 0.175141895401195 1 0.434119 

 

 

5. Conclusion  

In this work, an accurate circuit based battery modeling has been done for a real type of battery available in 

market. The novelty of the model is that the optimization procedure is done by Real GA. The battery 

parameters are extracted using both genetic algorithm and CMAES based optimization methods. The results 

have been compared and CMAES method gives less fitness value and accurate results. Different performance 

characteristics like charge voltage, discharge voltage, R1, R2, C and Vo have been estimated. Two different 

charge rate and discharge rate characteristics of EIG battery have been obtained and compared with 

manufacturer’s data for validation. The proposed battery models are simple and they accurately represent the 

measured (catalogue value) charge and discharge curves of the manufacturers data sheets. The simulation and 

measured (catalogue value) results are in good agreement. It has been seen that the methodology presented in 

this work extracts accurate results and this can be extended to obtaining the Capacity fading of the batteries 

after cycles of charging and discharging. Future works can be carried for modeling of other types of batteries 

with the same procedures. 
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