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Abstract 

The main focus of the battery management system is the estimation of the battery’s State of 

Charge (SOC) which is an indicator to determine the driving range of an electric vehicle. 

The Extended Kalman Filter (EKF) algorithm is the most promising for SOC estimation 

when the system is running. The EKF state estimation algorithm is sensitive to the process 

noise covariance matrix Q and measurement noise covariance matrix R. Inappropriate 

noise covariance matrices reduce the accuracy and make divergence in state estimation. In 

this paper, the Sunflower Optimization algorithm (SFO) is used to optimize the noise 

covariance matrices before applying EKF for online SOC estimation. This simply indicates 

that the iterative SFO does not affect the instantaneous response of EKF in online 

estimation because the SFO is only performed once to determine the optimal values. The 

effectiveness of the proposed identification is examined through the constant discharge rate 

test and dynamic stress test. As observed, the performance indices such as maximum error, 

Mean Absolute Error, Mean Square Error and Root Mean Square Error of both SOC and 

voltage obtained by the proposed SFO-EKF are low compared to the other three methods. 

Besides accuracy, the proposed method quickly converges even when the initial SOC is 

inaccurate. The simulation results show that the proposed method has high accuracy and a 

better convergence rate in terms of estimating SOC under static and dynamic operating 

conditions.  

Keywords: Battery model, Battery Management System, Electric Vehicle, Kalman filter, 

Li-ion battery, State Estimation. 

1. INTRODUCTION 

Electric Vehicles (EVs) play a key role in solving the environmental problems in the 

world. Due to factors such as climate change, advances in renewable energy, battery chemistry, 

mailto:maheshwariphd19@gmail.com
mailto:nageswaribashyam@gmail.com


2 

rapid urbanization, data capture & analysis and energy security, most developed and developing 

countries have included EVs in their policies to mitigate carbon emissions and provide cost-

effective zero emission vehicles [1]. The rapid development of EV technology has led to 

research into battery technology, as the battery is an essential component for EVs [2]. Among 

several batteries, the Li-ion battery is the most suitable one due to its features like high energy 

density, long life cycle, low self-discharge rate, etc. [3]. Li-ion batteries are dangerous when 

used outside of their safe operating range, especially when employed in electric vehicles. 

Because of the harsh operating conditions of EVs, the most prominent battery technology for 

EVs necessitates a Battery Management System (BMS) for precise monitoring, cell balancing, 

limiting thermal runaway, and ensuring the battery's life duration [4]. In numerous key functions 

of BMS, SOC is an indicator to control the charging and discharging limits for the safe use of 

batteries. SOC, like an energy gauge, measures the amount of charge available in a battery to 

reduce the range anxiety of the driver [5]. Therefore, precise estimation of SOC is most 

important for EV. But it is a challenging task since it cannot be directly assessed using any kind 

of sensor or measuring instrument [6]. It needs to be estimated using measured variables such as 

current, voltage, and temperature [7], [8]. A large number of SOC estimation methods are 

available in the literature. SOC can be classified into two categories, such as direct estimation 

and indirect estimation, popularly known as model-based estimation [9]. The Ampere hour (Ah) 

integral method and Open Circuit Voltage (OCV) method are direct state estimation methods. In 

an Ah method, charging and discharging current are integrated over time to find SOC [10]. 

Although this method is simple to implement, the inaccurate unknown initial SOC and sensor 

error make it insufficient for EVs [11]. The one-to-one relationship between OCV and SOC is 

used in the OCV method [12]. Though it is simple and easy to implement, it needs a long rest 
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time, so it is not suitable for EVs [13]. However, different estimation methods are used, model-

based estimation methods are now acknowledged as the technology of choice [14]. As a result, 

the first step is to create a battery model, and model accuracy has a direct impact on state 

estimation [15]. But, the complex nature of the battery’s electrochemical process creates a barrier 

to battery modeling [16]. Three popular models are the electrochemical model, the black-box 

model, an equivalent circuit model [16]. The electrochemical model illustrates battery behavior 

by the concentration of electrolytes, the size of the anode and cathode and the electrochemical 

process inside the battery. Although this model is very accurate and highly interpretable, it is 

only suitable for offline design applications [18]. Because of a greater number of parameters that 

are seldom identifiable and complex electrochemical processes, the computational complexity in 

the implementation of this model is very high [19]. Black-box models are used to approximate 

nonlinear mapping between the input and output of a battery from existing samples [7]. Black-

box models are built by artificial neural networks, support vector machines, gaussian process 

regression, recurrent neural networks, deep neural networks and so on. Without the knowledge of 

battery chemistry, this model requires a lot of training data to illustrate the battery behavior. 

Although this model is suitable for Li-ion batteries, it necessitates heavy computation and long 

training time. Moreover, careful attention is required for the selection of hyperparameters and 

development of a suitable training algorithm [20]. However, this model not only needs high 

computation but also requires model accuracy, which depends on the quality and quantity of 

training data [21], [22]. So, it reduces efficiency in the mapping learning process. Thus, a high-

speed mapping learning algorithm is desired to process a large amount of training data [23]. 

According to the most important modeling requirements in terms of accuracy, 

configuration effort, computational complexity, and ease of implementation [17], the equivalent 
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circuit model (ECM) is the preferred choice for online applications. This model has a concise 

structure and it describes the dynamic behavior of the battery [7]. The two RC network based 

ECM is the popular model for Li-ion batteries among the various equivalent circuit models such 

as the Rint model, the Partnership for a New Generation of Vehicles (PNGV) model, combined 

model and the RC (resistor-capacitor) network based model [24]. Since the model parameters are 

time-variant, the Variable Forgetting Factor Recursive Least Square algorithm (VFFRLS) 

proposed in [25] is used to identify the model parameters. 

The Kalman Filter (KF) acts as an optimal estimator in linear systems. The extended 

version of the Kalman filter, i.e., the EKF algorithm, manipulates the probability and statistics, 

which are the best ways to estimate the states of a nonlinear system [26]. EKF can estimate the 

states of time-varying and nonlinear model of battery [27]. EKF requires a battery model, state 

function, measurement function, real-time battery output data, and associated noise terms. EKF 

has the advantages of a self-correcting nature and the ability to handle the stochastic 

uncertainties of a system [28]. On the other hand, the filter performance in the estimation process 

is greatly influenced by process noise covariance matrix (Q) and measurement noise covariance 

matrix (R) values. In most cases, these covariance matrices are considered as tuning parameters 

which are tuned by trial & error method. However, it is a long-running process and does not 

guarantee convergence. 

To avoid this, the Adaptive Extended Kalman Filter (AEKF) [29], [30] and Adaptive 

Unscented Kalman Filter (AUKF) [31]–[35] are executed to reduce the estimation error caused 

by inaccurate noise statistics. It is crucial to set an acceptable size for the moving window, just as 

it is for the update window. With estimating accuracy and calculation complexity in mind, the 

size of the moving window M is adjusted through optimization [36]. Therefore, AEKF and 
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AUKF improve accuracy with increasing computational complexity [37]. To avoid the 

computational complexity, a method is required that must balance precision and simplicity to 

estimate the SOC. According to [38], the filter tuning also significant for the estimation 

performance in addition to the selection of battery model and filter type. Moreover, these 

covariance matrices are fixed parameters as per Kalman theory. Instead of determining these 

parameters in every cycle, an optimization algorithm like the genetic algorithm is used to tune 

the parameters [39]–[42]. In this paper, a new nature inspired metaheuristic algorithm named the 

Sunflower Optimization Algorithm (SFO) is introduced to optimize the noise covariance 

matrices. Recall that, the time-consuming iterative process does not affect the quick response of 

EKF on state estimation as it is applied only once. After completing the tuning process, the 

optimized matrices are given as constant parameters to the filter for SOC estimation of an 

electric vehicle battery. 

The main contributions of this paper are, 

 A closed-loop model-based SOC estimation algorithm is developed. 

 The impact of noise covariance matrices on state estimation using EKF is analyzed. 

 The optimal values of the noise covariance matrices are selected by the SFO algorithm. 

 An optimized EKF based SOC estimation is executed for different operating conditions 

of the battery.  

Instead of doing experiments in the laboratory, the manufacturer’s data sheet and online 

dataset from the National Aeronautics and Space Administration (NASA) are used for the 

validation [43]–[47]. Therefore, the time required for testing a battery is saved.  

Optimization results are obtained through MATLAB software in offline mode and the 

obtained results are inserted into the EKF algorithm for the SOC estimation process in online 
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mode. The results obtained from simulation show the competition of proposed SFO-EKF with 

AEKF, GA-EKF and EKF designed with the trial & error method. 

2. PROPOSED BATTERY EQUIVALENT CIRCUIT MODEL-BASED SOC 

ESTIMATION 

Despite the assurance of the vehicle's driving range, SOC estimation aids in the calculation of 

energy and power. Therefore, an accurate SOC is needed for the vehicle in motion, which is not 

an easy task. A powerful estimation method is needed to estimate SOC that cannot be measured 

directly using any type of sensors or instruments. A simple battery model with reasonable 

accuracy is needed for the model-based SOC estimation method. 

Equivalent circuit models describe the input-output dynamics of a battery cell. For the 

ECM based SOC estimation approach, state-space equations are derived from the model and an 

appropriate algorithm based on control system theory is developed to estimate the internal state 

of a system. The general methodology is outlined in Figure 1. Input current which might be 

constant or pulsed is applied to the battery cell. Cell terminal voltage and current are measured, 

which comprise sensor noise and process noise, respectively. The measured current is injected 

into the battery model to predict the terminal voltage as well as the state of a system. Measurable 

value and model value are compared to find the error, which indicates how much the model 

value matches the real value. Different kinds of feedback methods, e.g., adaptive filter or 

observer, are employed to adjust the model state, which updates the parameter values of the 

battery model to match the real battery. The output of the model-based estimator is SOC whose 

accuracy depends on the battery model and estimation algorithm. 
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Figure 1 ECM based SOC estimation 

From the perspective of control theory, the Filter/Observer in Figure 1 could be 

considered as a controller. The objective of such a controller is to closely match the battery 

model with real battery data and finally force the states of the battery model to converge to the 

states of the real battery. 

2.1.Mathematical Model of a battery: 

Two RC (resistor-capacitor)-ECM is a proven model for SOC estimation due to the best 

trade-off between accuracy and complexity in real time implementation [48]. Since the model 

parameters are multivariate functions of temperature, SOC, current, and aging; frequent re-

parameterization is required. The Recursive Least Square algorithm is a widely used parameter 

identification method because it gives accurate results with moderate computational effort. The 

term forgetting factor affects the convergence rate, stability and tracking performance of an 

algorithm. When the forgetting factor is increased, the convergence rate and stability improve, 

but the tracking performance suffers [49], [50]. In order to compromise some performance 
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criteria such as good stability, fast convergence and improvement in tracking ability, the 

VFFRLS algorithm is a proven method for battery equivalent circuit model parameter 

identification [25], [51]. In order to get the relationship between OCV and SOC, the curve fitting 

tool in MATLAB is used to obtain the fitted curve of OCV and SOC [52]. 

L
O

A
D

Figure 2 Circuit diagram of Two RC-ECM 

Figure 2 shows the schematic diagram of the battery equivalent circuit model which 

comprises a controlled voltage source and two RC parallel networks with series resistance. The 

polarization characteristics of the battery are represented by two RC parallel networks in the 

model. The activation polarization is described by one, while the concentration polarization is 

described by the other. 𝑉1 and 𝑉2 are the transient voltages of the two RC parallel networks, 

respectively. According to circuit theory, the equations for Two RC-ECM for discharging 

scenarios under constant current are given by (1-6). 

𝑉𝑏𝑎𝑡 = 𝑂𝐶𝑉(𝑆𝑂𝐶) − 𝐼𝑏𝑎𝑡 ∗ 𝑅0 − 𝑉1 − 𝑉2 (1) 

𝐼𝑏𝑎𝑡 =  
𝑉1𝑅1 + 𝐶1 𝑑𝑉1𝑑𝑡 =

𝑉2𝑅2 + 𝐶2 𝑑𝑉2𝑑𝑡 (2) 
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𝑉1  =  (
𝑄𝑢𝐶1 + 𝐼𝑏𝑎𝑡 ∗ 𝑅1)  ∗ 𝑒𝑥𝑝 (

−𝑡𝑅1∗𝐶1)  − 𝐼𝑏𝑎𝑡 ∗ 𝑅0 (3) 

𝑉2  =  (
𝑄𝑢𝐶2 + 𝐼𝑏𝑎𝑡 ∗ 𝑅2)  ∗ 𝑒𝑥𝑝 (

−𝑡𝑅2∗𝐶2)  − 𝐼𝑏𝑎𝑡 ∗ 𝑅0 (4) 

where, 

𝑉𝑏𝑎𝑡 – Output voltage of a battery  𝐼𝑏𝑎𝑡– Input current of a battery 𝑉1& 𝑉2– Voltages across RC networks 𝑂𝐶𝑉 – Open circuit voltage of a battery 

Qu – Usable capacity of battery 

For a generic RC circuit pair, the current to voltage relationship can be written using (5) and (6). 

𝑑𝑉1𝑑𝑡 = − 𝑉1𝑅1𝐶1 +
𝐼𝑏𝑎𝑡𝐶1 (5) 

𝑑𝑉2𝑑𝑡 = − 𝑉2𝑅2𝐶2 +
𝐼𝑏𝑎𝑡𝐶2 (6) 

In this model, 𝑆𝑂𝐶, 𝑉1& 𝑉2 are considered as states for the state-space model, since these 

are not directly measured. 𝐼𝑏𝑎𝑡 is only one input variable, 𝑉𝑏𝑎𝑡 represents the model output. 

2.2.EKF algorithm: 

EKF is an appropriate choice for SOC estimation of battery because the battery is a 

nonlinear system. The EKF is a filter that estimates states based on statistical knowledge about 

states and noises (process noise and measurement noise) [28]. EKF uses basic matrix operations 

for state estimation, so it can be easily embedded for onboard BMS, making it useful in EV 

applications. The state estimation using EKF involves a prediction mode and a correction mode, 
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as shown in Figure 3.  

Figure 3 Calculation process of EKF 

After initializing the state variables (𝑋𝐾−1) and error covariance matrix value (𝑃𝐾−1), 

predict the state matrix (𝑋𝐾−) and error covariance matrix (𝑃𝐾−) in the prediction mode. Then, 

Kalman gain (𝐺𝐾) is calculated to correct the state matrix (𝑋𝐾+) and error covariance matrix (𝑃𝐾+)

in the correction mode. 𝑌𝐾 represents the predicted model output and 𝑌𝑚𝑒𝑎𝑠 is defined as the 

measured output. 

EKF uses partial derivatives and first order Taylor series expansion to linearize the 

battery model. The state-space model is linearized at each time instance and the predicted value 

is compared with the measured terminal voltage of the battery to correct the state estimation. The 

estimated SOC is fed back into the battery model to update the model parameters for the next 

SOC estimation. 

According to a set of aforementioned model equations, the discrete form of the state 

space equation of the two RC ECM is represented by (7) and (8). 

𝑋𝐾 = 𝐴𝑋𝐾−1 + 𝐵𝑈 (7) 

𝑌𝐾 = 𝐶𝑋𝐾 + 𝐷𝑈 (8) 

Prediction𝑋𝐾− = 𝐴𝑋𝐾−1 + 𝐵𝑈𝑃𝐾− = 𝐴𝑃𝐾−1𝐴′ + 𝑄𝑌𝐾 = 𝐶𝑋𝐾− + 𝐷𝑈 Correction𝐺𝐾 = 𝑃𝐾−𝐶′(𝐶𝑃𝐾− 𝐶′ + 𝑅)−1𝑋𝐾+ =  𝑋𝐾− + 𝐺𝐾 𝑌𝑚𝑒𝑎𝑠 − 𝑌𝐾𝑃𝐾+ =  𝑃𝐾− − 𝐺𝐾𝐶𝑃𝐾−
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Since there are three state variables and one input variable, 𝐴 is a 3 × 3 matrix,  𝐵 is a 

3 × 1 matrix, 𝐶 is a 1× 3 matrix, 𝐷 is a 1× 1 matrix. The values of 𝑋, 𝐴, 𝐵, 𝐶, 𝐷 matrices and the 

detailed EKF process are explained in Figure 4. 

Here, 𝑈 is measured current (𝐼𝑏𝑎𝑡) and the same applies to the battery model to predict 

the state and output. The predicted output of the model is compared with the measured output 

(𝑉𝑚𝑒𝑎𝑠). The sampling time is denoted by t. P is the error covariance matrix that is corrected at 

every time step. Q & R are the process and measurement covariance matrices of the Gaussian 

white noise vectors with the mean value of zero. During the first iteration, the state matrix and 

error covariance matrix are initialized. The corrected values of the state matrix and error 

covariance matrix are taken as an input for the prediction mode during the next iteration. 

The values of the Q & R matrices have a significant impact on the EKF process's 

convergence rate and estimation error [53]. Picking a value for these matrices is a challenge 

because the noises are random and difficult to determine exactly. The impact of Q & R matrices 

on estimation results is shown in Figure 5. Therefore, care must be taken to satisfy the overall 

performance of the EKF algorithm.  

𝑪 = [𝝏𝑶𝑪𝑽𝝏𝑺𝑶𝑪 −𝟏 −𝟏]

𝑫 = [−𝑹𝟎]

𝑷𝑲− = 𝑨𝑷𝑲−𝟏𝑨′ + 𝑸

𝑼 = 𝑰𝒃𝒂𝒕

𝑿𝑲−𝟏 = [𝑺𝑶𝑪𝑲−𝟏𝑽𝟏𝑲−𝟏𝑽𝟐𝑲−𝟏 ] 𝑿𝑲− 𝑿𝑲+

𝑈𝑁𝐼𝑇 𝐷𝐸𝐿𝐴𝑌 𝑈𝑁𝐼𝑇 𝐷𝐸𝐿𝐴𝑌

𝑨 = ⎣⎢⎢
⎢⎡𝟏 𝟎 𝟎𝟎 𝒆𝒙𝒑(

−𝒕𝑹𝟏 ∗ 𝑪𝟏) 𝟎𝟎 𝟎 𝒆𝒙𝒑(
−𝒕𝑹𝟐 ∗ 𝑪𝟐)⎦⎥⎥

⎥⎤

𝑮𝑲 = 𝑷𝑲−𝑪′ (𝑪𝑷𝑲− 𝑪′ + 𝑹)−𝟏 𝑷𝑲+ = 𝑷𝑲− − 𝑮𝑲𝑪𝑷𝑲−𝑩 =

⎣⎢⎢
⎢⎢⎢
⎡ −𝒕𝑸𝒏𝑹𝟏(𝟏 −  𝒆𝒙𝒑(

−𝒕𝑹𝟏 ∗ 𝑪𝟏))𝑹𝟐(𝟏 − 𝒆𝒙𝒑(
−𝒕𝑹𝟐 ∗ 𝑪𝟐))⎦⎥⎥

⎥⎥⎥
⎤

Figure 4 EKF framework with Two RC-ECM
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Figure 5 Impact of Q and R on estimation results 

2.3.Proposed SFO-EKF for SOC estimation: 

This paper introduces the SFO based EKF algorithm for SOC estimation. The SFO algorithm is 

introduced to find the optimal values of the noise covariance matrices (Q & R), which play a 

vital role in EKF performance for accurate state estimation. 

SFO is a metaheuristic, population-based algorithm inspired by nature behavior, 

described by G.F. Gomes in 2018 [54]. It requires only basic mathematical operators and is 

highly computationally efficient in terms of memory and speed. The SFO mimics the movement 

of sunflowers towards the sun, finding the global optimal solution professionally instead of 

getting stuck at the local optimal point.  The main advantage of SFO is that it is derivative free 

when evaluating fitness function [55]. 

The main idea behind this SFO is to seek the best sunflower movement to absorb the 

radiation from the sun. The cycle of a sunflower is daily periodic. Every morning, sunflowers 

wake up and move towards the sun. In the evening, sunflowers go in the opposite direction, 

waiting for the next sunrise. The sunflower absorbs considerably more heat when it is so close to 

the sun, and it prefers to calm in this location. On the other hand, the distant sunflower receives 

less heat and takes more effort to reach as close to the global optimum as possible. The equation 

9 describes how much heat each population receives. 
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𝑄𝑖 =
𝑃4𝜋𝑟𝑖2 (9) 

where, 𝑄𝑖 is the heat received by ith flower, P is the sun’s power and ri is the distance between the 

sun and ith flower.

Pollination in this algorithm is random through the minimum distance between flower i 

and flower i + 1. Actually, a flower patch emits a huge amount of pollen gametes. To simplify 

the algorithm, it is assumed that each sunflower generates a single pollen gamete and is only 

copied once. The direction of the sunflowers towards the sun can be expressed in (10). 𝑠𝚤  ⃗   = 𝑋∗−𝑋𝑖||𝑋∗−𝑋𝑖||  ,  𝑖 = 1,2, … . . 𝑛 (10) 

The step of the sunflower in the sun direction is calculated according to the (11). 𝑑𝑖 = 𝜆 × 𝑃𝑖(||𝑋𝑖 + 𝑋𝑖+1||) × ||𝑋𝑖 + 𝑋𝑖+1|| (11) 

where 𝜆 is the constant value that defines an "inertial" displacement of plants, 𝑃𝑖(||𝑋𝑖 + 𝑋𝑖+1||)
is the probability of pollination, i.e., the sunflower i pollinates its next neighbour to create a new 

individual in a random position. The new position is determined by the distance between the 

flowers. 

Individuals closest to the sun will take smaller steps in pursuit of local refinement, while 

those far away will move regularly [56]. It is also vital to limit the maximum number of steps 

taken by each sunflower in order to avoid them violating the search space. The maximum step is 

defined by (12). 𝑑𝑚𝑎𝑥  =
𝑋𝑚𝑎𝑥−𝑋𝑚𝑖𝑛2×𝑁 (12) 

where, 𝑋𝑚𝑎𝑥 − 𝑋𝑚𝑖𝑛is the difference between upper and lower bound values, and N is the 

number of flowers in the total population. The new plantation is considered by (13). 𝑋𝚤+1        ⃗ = 𝑋𝚤   ⃗ + 𝑑𝑖 × 𝑠𝚤  ⃗   (13) 
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Figure 6 illustrates the steps of the SFO algorithm presented for parameter identification. 

The algorithm starts production of a population that can be random or even. The highest rated 

population of all is the one to be turned into the sun. Then these flowers orient themselves facing 

the sun and take random steps in a certain direction. The control parameters of SFO are 

pollination rate, mortality rate and survival rate. These parameters are chosen based on the 

condition such that the sum of these three parameters is unity [57].  

With measured voltage and predicted voltage, the SFO tunes the Q & R matrix values by 

calculating the fitness function for every sample of current. As per statistical knowledge, lower 

bounds and upper bounds are chosen for the Q & R matrix. For each generation, the best values 

of the Q & R matrix are determined after evaluating the fitness function. After all generations are 

over, the optimal values of the Q & R matrix that produce the minimum mean square error are 

obtained by SFO algorithm. In the proposed scheme, the SFO algorithm tunes the diagonal 

elements of matrices Q & R offline, and these values are inserted into the corresponding matrices 

to estimate the SOC online. To obtain the optimal parameters, the EKF algorithm is executed for 

SOC estimation of a Li-ion battery which is discharged at a 1C-rate for one hour.  
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Figure 6 The entire process of SFO algorithm
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3. SIMULATION RESULTS AND DISCUSSION 

The EKF estimation algorithm for two RC-ECM is verified and the block diagram is shown in 

Figure 4. The battery model is developed in Simulink and the EKF algorithm is coded in M-file. 

In a manufacturer’s datasheet, charge and discharge currents are expressed in terms of a C-rate, 

where 1C is defined as the current needed to fully charge or discharge the nominal capacity of 

the battery in 1 hour.  

For the discharging scenario, the initial SOC is assumed 100%. So, state initial values are 

chosen as [1 0 0]′. Measured values are obtained from the manufacturer’s catalog. Measured 

values are fed through the signal builder. The measured current is injected into the battery model. 

Since states are considered independent, the error covariance matrix is chosen as a diagonal 

matrix. 

After each step, the corrected values are fed back into the system, i.e., the states and error 

covariance matrix are updated with a new value. In addition to this, A, B, C, D matrices are also 

updated since all parameters depend on SOC. Therefore, the time consumption of the parameter 

identification process with the complex algorithm at each time step is reduced. The impact of 

noise covariance matrices on estimation is analyzed before the value is selected. For analysis 

purposes, only the Li-ion battery of the EEMB is used. Once appropriate values are chosen, the 

proposed ECM-based estimation algorithm is verified for discharging scenarios at various C-

rates. Li-ion discharge curves are obtained from two different manufacturers such as EEMB and 

SAFT datasheets. 

3.1.Impact of noise covariance matrices Q and R on estimation: 

Q & R values must be compromised between the estimation error and convergence rate in 
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estimation. Incorrect values reduce the accuracy and make divergence in state estimation. When 

Q<<R, the estimated value slowly converges to measured data and gives a smooth result. Rising 

Q not only increases the convergence rate but also produces large estimation errors. On the other 

hand, Kalman gain is reduced when R is too large, which makes a diverging estimate. Tuning the 

values of Q & R is necessary for better estimation. For this analysis, simulation has been done 

for the constant current discharging of a Li-ion battery at a 1C rate. The effect of Q & R on 

voltage and SOC curves is shown in Figure 7 through 10 different datasets with measured values. 

Figure 7 Selection of noise covariance matrices by comparing 10 different combinations with measured data 

Since the simultaneous tuning of both matrices is very tedious, Q matrix values are tuned while 

the R matrix is kept at a constant value. According to Figure 7, large Q-values increase the 

estimation error and the convergence rate. When Q is reduced, the state estimation error also 

decreases, resulting in smooth convergence, as shown in Figure 7. 

Optimal Values
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For the goodness of fit, mean square error (MSE) and root mean square error (RMSE) of 

SOC and voltage are calculated for different Q & R values compared with measured data, which 

are shown in Table 1.  

Table 1 Calculated MSE and RMSE for the goodness of fit 

S. No 
Diagonal elements of noise 

covariance matrices 

SOC Voltage (V) 

MSE RMSE MSE RMSE 

1 Qa=2e-1, Qb=5e-1, Qc=3e-1, R=2e-1. 0.4127 0.6424 0.9840 0.9920 

2 Qa=2e-2, Qb=5e-2, Qc=3e-2, R=2e-1. 0.2363 0.4862 0.9300 0.9644 

3 Qa=2e-3, Qb=5e-3, Qc=3e-3, R=2e-1. 0.1041 0.3227 0.0797 0.2823 

4 Qa=2e-5, Qb=5e-3, Qc=3e-3, R=2e-1. 0.0033 0.0573 0.0800 0.2828 

5 Qa=2e-8, Qb=5e-3, Qc=3e-3, R=2e-1. 0.00004 0.0064 0.0797 0.2824 

6 Qa=2e-8, Qb=5e-3, Qc=3e-3, R=2e-2. 0.00005 0.0072 0.0222 0.1490 

7 Qa=2e-8, Qb=5e-3, Qc=3e-3, R=2e-4. 0.00005 0.0072 0.0014 0.0376 

8 Qa=2e-8, Qb=5e-3, Qc=3e-3, R=2e-6. 0.000001 0.0011 0.00022 0.0148 

9 Qa=2e-2, Qb=5e-2, Qc=3e-2, R=2e-6. 0.0909 0.3015 0.0011 0.0337 

10 Qa=2e-1, Qb=5e-1, Qc=3e-1, R=2e-6. 0.2976 0.5455 0.0028 0.0529 

After a tuning by trial & error method, process noise and measurement noise covariance matrices 

are selected as follows: 

𝑄 = [2𝑒−8 0 0

0 5𝑒−3 0

0 0 3𝑒−3]
𝑅 = [2𝑒−6] 

3.2.Tuning of noise covariance matrices by SFO algorithm: 

Noise covariance matrices must be properly tuned to ensure accurate SOC estimation. Optimality 

of the EKF must be ensured by an optimization algorithm in order to tune the Q & R matrices. 

For SOC estimation of EV batteries, EKF, which is optimized by SFO, is presented for SOC 

estimation. The SFO algorithm is a nature-inspired metaheuristic algorithm which is applied to 
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tune the diagonal elements of Q & R matrices by evaluating the fitness function. To obtain the 

unknown parameters of EKF, such as the process noise covariance matrix and measurement 

noise covariance matrix, a fitness function can be defined as the difference between the 

calculated values of the SOC and the estimated values obtained from the EKF. The minimization 

of this function allows the SFO to find the best values of EKF parameters. After defining the 

fitness function, SFO parameters are initialized before the execution, as shown in Table 2. The 

stopping criteria is set as the maximum number of generations. When stopping criteria are met, 

optimum values of matrices Q and R are obtained. 

Table 2 Internal parameters selected for GA and SFO algorithm used in tuning process 

SFO GA 

Parameter Value Parameter Value 

Number of sunflowers 40 Population 40 

Pollination rate 0.1 Crossover 0.8 

Mortality rate 0.1 Mutation 0.1 

Survival rate 0.8 - - 

Number of generations 100 Number of generations 100 

Sun 1 Elitism 1 

For performance evaluation of the proposed SFO-EKF, an EKF which is designed by the trial & 

error method (TR-EKF), GA-EKF, and AEKF are used for baseline comparison. Figure 8 

illustrates the comparison of four approaches which are used for SOC estimation of electric 

vehicle batteries. It can be noticed that the SOC estimation using SFO-EKF is close to the results 

obtained from the AEKF method. The accuracy of SFO is much more noticeable in the zoomed 

area when compared to the other methods. The comparison of numerical results obtained by four 

methods is shown in Table 3. Figures 9a and 9b depict the SOC and voltage error profile 

respectively. 
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Figure 8 Comparison of results obtained from four approaches used for SOC estimation 

Figure 9b Comparison of Voltage error profile 

obtained from four methods used for SOC estimation 

Figure 9a Comparison of SOC error profile obtained 

from four methods used for SOC estimation 
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Table 3 Comparison of numerical results obtained by TR-EKF, GA-EKF, SFO-EKF and AEKF 

METHOD

SOC VOLTAGE(V) 

Max. Error MAE MSE RMSE Max. Error MAE MSE RMSE 

TR-EKF 0.0087 4.9444e-04 1.328e-06 0.0011 0.1594 0.0052 2.1919e-04 0.0148 

GA-EKF 0.0010  4.0734e-04 2.279e-07 4.774e-04 0.1528 0.0051 2.0562e-04 0.01433

SFO-EKF 6.182e-04 1.013e-04 3.158e-08 1.777e-04 0.1499 0.0050 2.0308e-04 0.01425

AEKF 0.0009 4.032e-04 2.392e-07 4.891e-04 0.8970 0.0067 0.0033 0.0581 

As observed, the performance indices such as maximum error, Mean Absolute Error 

(MAE), MSE and RMSE of both SOC and voltage obtained by the proposed SFO-EKF are low 

compared to the other three methods. The maximum SOC error produced by SFO-EKF is 

6.182e-04, which is lower compared with the other three methods. Furthermore, the RMSE of 

SFO-EKF is lowered by 83.8%, 62.8% and 63.7% compared with TR-EKF, GA-EKF and AEKF 

respectively. As a result, it is possible to conclude that the proposed method can enhance 

estimation accuracy when compared to the other methods. 

Aside from estimation accuracy, convergence speed is a significant performance metric. 

Figure 10 depicts the SOC estimation results at a 20% initial SOC inaccuracy. In this example, 

the proposed method and AEKF require less than 50 seconds to complete the convergence, 

whereas GA-EKF and TR-EKF require 70 seconds and 90 seconds, respectively, as shown in the 

zoomed area of Figure 10. It also reveals that the deviation of the initial SOC has a low impact 

on estimation accuracy. 
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Figure 10 SOC estimation results at a 20% erroneous initial SOC 

As per the above discussion, it is worth mentioning that the SFO-EKF method 

outperforms the AEKF, GA-EKF, and TR-EKF algorithms in terms of estimation accuracy and 

convergence speed. 

3.3. SFO-EKF validation: 

The test situations in this study are divided into constant current and dynamic current situations 

in order to completely validate the effectiveness of the proposed method. The constant current 

discharging test replicates the operation of an EV when the power battery is discharged 

repeatedly at an almost constant current under constant speed conditions. The dynamic current 

condition is used to charge and discharge the cell at pre-set and changing current rates to 

simulate the operating conditions in the actual driving process. In this paper, two battery 
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manufacturers' datasheets (EEMB, SAFT) and an online dataset from NASA are used for the 

constant current discharging test. Meanwhile, the Dynamic Stress Test (DST) cycle is a common 

dynamic driving cycle that is widely used to assess and analyse the SOC estimation of lithium-

ion batteries.  

The SFO-EKF algorithm is verified with two battery manufacturer's data for constant 

current discharging setups at various C-rates. For comparison, measured data is represented as a 

solid line, where a marker represents the result obtained via the EKF algorithm in each figure. 

Then, the effect of the C-rate on the complete discharge characteristic of the battery is discussed. 

3.3.1. EEMB battery 

The battery's nominal capacity is listed as 2600mAh on the specification sheet, so 1C 

corresponds to 2.6A current. Figure 11a shows the battery fully discharged in one hour with 2.6A 

constant current. The discharge voltage and SOC with respect to time are shown in Figure 11a. It 

is noticed that the end of discharge voltage is 3V, which matches the datasheet.  

Figure 11b EEMB battery discharging with constant 

current at 0.2C-rate

Figure 11a EEMB battery discharging with constant 

current at 1C-rate
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Figure 11b shows that the battery is fully discharged in five hours (18000 seconds). 

Figure 11b shows the battery that is discharged from 4.15V to 3.5V in five hours. It is noticed 

that the end of discharge voltage is above the discharge cut-off voltage. So, this is the standard 

and safe discharge current for the battery as mentioned in the spec sheet.  

According to the datasheet, the average value of the battery’s working voltage, i.e., 

nominal voltage is 3.7V. But Figure 11c shows that the battery discharge voltage at Time=72s is 

3.7V. Therefore, the discharge current rate of more than 1C is not advisable for optimal battery 

utilization. 

According to Figure 11d, the percentage of the battery’s discharge capacity becomes 

lower when the discharge current rate is increased. In general, battery discharging efficiency is 

less than charging efficiency. In addition, an increase in the C rate has an extreme effect on the 

efficiency of battery discharge. 

Figure 11d Comparison of proposed model result with 

manufacturer's (EEMB) catalog at various current rates

Figure 11c EEMB battery discharging with constant 

current at 2C-rate
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3.3.2. SAFT battery 

Here, the battery nominal capacity is 6.8Ah and the discharge cut-off voltage is 2.5V. 

Battery discharging curves at various constant current rates such as 1C (6.8A), 0.2C (1.36A) and 

2C (13.6A) and compared with measured data are shown in Figure 12a, Figure 12b and Figure 

12c respectively. 

It is noticed that the proposed algorithm closely yields discharging curves of the battery 

manufacturers. The nominal voltage of a battery is 3.75V. When the current drawn from the 

battery is more than 6.8A, the battery rapidly decreases from 4.2V to 3.75V (nominal voltage) 

within a minute. Therefore, the battery is working well when the discharge current rate is less 

than 1C-rate. Figure 12d shows the complete discharge characteristics, i.e., Discharge capacity 

(%) vs Voltage (V) for three different C-rates. 

This article performs simulation work at three different C rates (1C, 2C, and 0.2C) for the 

discharge scenario, and compares the corresponding results with the measured value from the 

datasheet. For three different C-rates, the proposed model result compared with curves obtained 

from the manufacturer’s datasheet such as EEMB and SAFT to verify the complete discharge 

Figure 12b Constant current discharge of SAFT battery 

at 0.2C.

Figure 12a Constant current discharge of SAFT battery 

at 1C
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properties (discharge capacity vs. discharge voltage) of the battery (see Figure 11d and Figure 

12d). 

Based on the results, it is noticed that the discharge characteristic curves of the developed 

algorithm match very well with the curves from the manufacturer’s datasheet. In addition, the 

discharge capacity decreases when the C-rate increases. Therefore, a low C-rate is recommended 

to extend battery life. The SFO-EKF gives acceptable performance when the discharge rate 

changes. 

3.3.3. Online dataset from NASA 

In addition to the datasheet, an online dataset from NASA [58] have been used to verify 

the effectiveness of the proposed algorithm. Measured current and voltage of Battery 5 in the 

NASA dataset are given to the algorithm and SOC is calculated using the Ah method, which is 

used as a reference SOC. The results obtained from SFO-EKF are superimposed with the curve 

obtained from the NASA dataset, as shown in Figure 13.  

Figure 12d Comparison of proposed model result with 

manufacturer's (SAFT) data sheet at various current rates

Figure 12c Constant current discharge of SAFT 

battery at 2C. 
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Figure 13 SFO-EKF algorithm validation on SOC estimation using the NASA dataset  

3.3.4. Dynamic Stress Test (DST) profile 

To better simulate the loading behavior of the EV battery in real time, DST profile is 

used. The DST data for the A123-18650 Li-ion battery, which has a battery capacity of 1.1Ah 

and a nominal voltage of 3.7V, is taken from [59]. The current profile, as shown in Figure 14, 

contains a variety of current amplitudes. The proposed method is validated by measuring the 

battery current and voltage during DST for one cycle (360 seconds). Figure 14 indicates that the 

SOC computed using the proposed method is identical to the SOC obtained using the Ampere 

hour technique for the DST driving cycle. As a result, the validity of the SFO-EKF is confirmed 

under varying loads. Since the Q & R matrices have been optimized with respect to the constant 

discharge at 1C-rate, the performance of the SFO-EKF is satisfactory for various operating 

conditions of an EV battery. 
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Figure 14 SFO-EKF algorithm validation on SOC estimation under DST  

4. CONCLUSION 

The process noise covariance matrix Q and measurement noise covariance matrix R have an 

impact on the EKF state estimation process. Incorrect noise covariance matrices reduce state 

estimation accuracy and cause divergence. In this paper, the effect of noise covariance matrices 

(Q & R) on state estimation has been analyzed using the trial & error method. Next, the 

Sunflower optimization algorithm (SFO) is proposed as a method for choosing the optimum Q & 

R values. The proposed SFO-EKF method is compared to the Adaptive Extended Kalman filter, 

GA-EKF, and EKF tuning using the trial & error method in terms of accuracy and convergence 

rate. The maximum SOC error produced by SFO-EKF is lower compared with the other three 
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methods. Furthermore, the RMSE of SFO-EKF is lowered by 83.8%, 62.8% and 63.7% 

compared with EKF tuning by trial & error method, GA-EKF and Adaptive Extended Kalman 

filter, respectively. In addition, the proposed method converged quickly with the reference SOC 

when the erroneous initial SOC is 20%. Based on the numerical results, it is possible to conclude 

that the proposed method can enhance estimation accuracy and convergence speed when 

compared to other methods. The battery discharge characteristics are analyzed with various 

current rates for two different battery chemistries. In addition, the proposed algorithm is verified 

with the online dataset from NASA and the dynamic stress test profile of an electric vehicle. 

Based on the comparative results, it can be concluded that the proposed SFO-EKF for SOC 

estimation is an effective technique for the prediction process of a dynamic system. 
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