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Abstract. This study focused on developing a mathematical model for the State of Charge (SoC) of an electric vehicle
battery. The research utilizes current, voltage, and temperature measurements obtained from a Nissan Leaf 2012 running
on a chassis dynamometer at the Argonne National Laboratory (ANL). The SoC model is crucial in determining the
available energy and range for the vehicle, and it plays a fundamental role in the design, simulation, and analysis of
electric vehicle battery systems. The measurements were collected at a high sampling rate of 10Hz during a
comprehensive two-and-a-half-hour test, which involved various drive schedules to ensure a complete battery discharge.
The regenerative braking system in the vehicle generates charge and discharge currents that improved the quality of the
data used in the development of the proposed methodology. It employed the least squares method to correlate the
collected data and identify the model's parameters and coefficients. The developed SoC model consists of an equation
that considers the battery voltage as a function of SoC, temperature, and current. It is divided into two parts: the pseudo-
open circuit voltage (pseudo-OCV) curve and a complementary time series of currents with four different delay terms.
Other variables such as power, energy, and internal resistance were analyzed. The identification of the battery's internal
resistance allowed for the determination of heat losses and energy efficiency (98%). The errors in the developed model
are uniformly distributed and the average of the absolute errors for the voltage curve is 0.25%, while considering the
inverse solution process, the average of the absolute errors for the SoC is 2.5%.
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1. INTRODUCTION

The advent of electric vehicles brought the need for an accelerated development of electric battery technology to
ensure better performance and cost reduction. There are several technologies used for the construction of battery cells,
which can be separated into two groups: according to the chemistry used and according to the assembly geometry (Sterner
and Stadler, 2019). Currently, the most used batteries for this application are Lithium lon (Li-lon) batteries, mainly due
to their long lifespan, high energy density, low maintenance and no memory effect. On the other hand, the high cost and
the possibility of damage and reduction of the useful life due to abusive use are problems to be solved (Diel et al., 2021).
Abusive use must be understood not only associated with operating conditions outside the permitted limits, but also use
in extreme conditions such as fast charging or high-power discharge due to the need to meet the demands of the vehicle
dynamics in which the batteries are coupled. In addition, ambient temperature, both high and low, has additional
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implications for battery performance. Low temperatures require the battery to be preconditioned before use, and high
temperatures accelerate aging and can damage the battery (Diel et al., 2021) and (Steger et al., 2022).

These situations described in the previous paragraph are common in electric vehicles, which causes the useful life to
decrease significantly depending on the type of use given. Another particularity is that in the case of vehicles, the battery
must be changed when it reaches 70-80% (Cherry, 2015) of its original electrical energy storage capacity. Because of this
and to improve the performance of electric vehicles, several authors (Bernardi et al., 1985), (Doyle et al., 1993), (da Silva
et al., 2021) and (Steger et al., 2022) have developed models to estimate the charge and discharge curves for later use,
aiming to maintain the performance and extend the useful life as much as possible. It is important to highlight that good
battery management throughout this first life in the car can even add value to the battery in its second life, where static
applications can take advantage of the storage capacity still available (Kwade, 2020).

Models for estimating the operational parameters of batteries, in general, are developed from the voltage and current
measured during their use, as proposed by Ahmed et al. (2020). Other authors seek greater accuracy with more complex
models where other parameters are considered. In the present work, an electrothermal model that also considers
temperature in addition to current and voltage is proposed. With the use of data measured in the battery combined with
information obtained from dynamometer tests (Gongalves at al., 2022), it was possible to identify the coefficients of the
proposed model. An analysis of the obtained results indicates a good adherence between the model and experimental data.
With the model, important driving information, such as temperature and State of Charge (SoC), can be simulated and a
sensitivity analysis for selected parameters is also carried out.

State of Charge refers to the amount of energy remaining in a battery expressed as a percentage of its total electric
charge nominal capacity. It represents the charge level of the battery at a specific point in time. The SoC is a critical
parameter for monitoring and managing battery usage, as it provides information about the available energy and helps to
prevent overcharging or deep discharging, which can be detrimental to the battery's performance and lifespan. In the
context of an electric vehicle (EV) battery, monitoring the SoC is essential for determining the range and estimating the
remaining driving distance vehicle autonomy. EVs typically display the SoC to inform drivers about the battery's charge
level and help them plan their trips accordingly.

2. METHODOLOGY

The methodology section of this paper presents a comprehensive overview of the experimental procedures and
analytical approaches employed to ensure the attainment of reliable results. To achieve this objective, several critical
steps were undertaken. These steps form the foundation of our rigorous methodology, enabling the acquisition of robust
and trustworthy results. In the subsequent sections, we will delve into each step in greater detail, elucidating the specific
procedures and techniques employed throughout the research process.

To assess the State of Charge (SoC) of a battery, there are several methods and techniques that can be utilized. In a
study conducted by Zhao et al. (2023), they provided an overview and explanation of commonly employed approaches,
which can be summarized as follows:

a. Coulomb Counting: This method estimates the SOC by integrating the current flowing into or out of the battery over
time. It requires accurate current measurements and may suffer from errors due to factors like self-discharge and
voltage hysteresis.

b. Open Circuit Voltage (OCV): The OCV method utilizes the relationship between the battery's open circuit voltage
and its SOC. By measuring the OCV and referencing it to a calibration curve or lookup table, the SOC can be
estimated. Periodic calibration may be required to account for changes in internal resistance and other factors.

c. Model-Based Estimation: This approach employs mathematical models representing the battery's behavior and
characteristics. It incorporates factors such as voltage, current, temperature, and nominal full capacity to estimate the
SOC. Model-based approaches can provide accurate SOC estimations but may require initial calibration and ongoing
parameter adjustments.

d. Kalman Filtering: Kalman filtering (Topan et al., 2016) is a state estimation technique that combines measurements
and system dynamics to estimate the SOC. It utilizes current and voltage measurements, along with a battery model,
to iteratively update and refine the SOC estimate. Kalman filters can offer robust SOC estimations but require a well-
characterized battery model and accurate sensor measurements.

The model proposed in this study adopts a Model-Based Estimation approach. The comprehensive methodology for
this process is presented in Figure (1) as a flowchart, illustrating the sequential steps involved. The following section
describes each step in detail.

a. Data Collection: Perform dynamometer tests on the electric vehicle to collect relevant data. This may include
measurements of voltage, current, temperature, and other parameters at various operating points and driving cycles.
The tests should cover a wide range of operating conditions to capture the battery's behavior comprehensively.

b. Preprocessing: Clean and preprocess the collected data to remove noise, outliers, and inconsistencies. This step
ensures that the data is accurate and reliable for further analysis.
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c. Feature Extraction: Extract relevant features from the preprocessed data that are indicative of the battery's behavior.
This may involve calculating parameters such as state of charge (SoC), internal resistance, power output, and
efficiency.

d. Model Selection: Choose an appropriate model structure to represent the battery's behavior. Commonly used models
include equivalent circuit models (e.g., Thevenin or internal resistance models) and physics-based models (e.g.,
electrochemical models).

e. Parameter Estimation: Estimate the model parameters based on the preprocessed data. This step involves finding the
values for the model parameters that best fit the observed data. Optimization techniques such as least squares
regression or maximum likelihood estimation are typically used for parameter estimation.

f. Model Refinement: If necessary, refine the model by iteratively repeating steps d to e. This may involve adjusting
the model structure or fine-tuning the parameter estimation process to improve the model's accuracy.

g. Model Utilization: Once the battery model is identified and validated, it can be used for various purposes, such as
battery management system development, energy management strategies, or system-level simulations.

Figure 1. Schematic diagram of the proposed methodology.

2.1 Database

The dataset used for the development of the identification process is sourced from The Argonne National Laboratory
(ANL, 2014) consists of data available in the Downloadable Dynamometer Database (D3), generated at the Advanced
Powertrain Research Facility (APRF). This comprehensive database encompasses 10 different car models and includes
the following variables: elapsed test time (s), speed (mph), force (N) at the contact point between the chassis dynamometer
and vehicle wheels, battery pack electric current (A) and voltage (V), as well as temperature (Gongalves et al., 2022).

For the purposes of the present study, data from a 2012 Nissan Leaf SV were utilized to develop and validate the
model identification. The test duration spanned almost two and a half hours, during which various drive schedules were
applied while maintaining a constant ambient temperature. Throughout the test, it was ensured that the battery was fully
charged at the beginning, indicating a SoC of 100%. Likewise, at the end of the test, the battery was completely
discharged, resulting in a SoC of 0%.

The vehicle was equipped with regenerative braking systems (Bravo et al., 2023) and (Lv et al., 2015), which enhanced
the datasets by providing both positive and negative values of electric current, enabling more accurate determination of
current effects by the internal resistances determined in the identification process (Lohse-Busch et al., 2012).

The measurements during the test were initially recorded at a sampling rate of 10 Hz. However, after data
preprocessing, it was determined that a reduced sampling rate of 1 Hz was sufficient to maintain data integrity and
accuracy. Battery state of charge (SoC) values were initially calculated using current measurements recorded at a sampling
rate of 10 Hz. Subsequently, the data was filtered down to a sampling rate of 1 Hz. Upon re-calculating the SoC values
using the filtered data in 1Hz, no significant differences were observed. This indicates that compressing the dataset, from
90,000 readings for each variable to 9,000 readings as it was in this case, is feasible and saves processing time facilitating
a faster process.

2.2 Mathematical Model
In this section of the article, the equations and variables of the mathematical model used to numerically adjust its
parameters are presented and described.

The electric charge refers to the amount, bookkeeping or inventory of electrons stored in the battery with a certain
electrochemical electric field potential, as follows:

C(t) = Co— [ 1(t) - dt @)
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InEq. (1), t isthe time in hours, and C(¢t) is the battery's electric charge in ampere-hours (1 Ah=2.247x10% elementary
charges). The equation is formulated as an analytical integral of the electric current I(t), which is also a function of time.
The parameter C, represents the initial battery charge at t = 0 and must be determined and known before conducting the
test. The negative sign preceding the integral indicates that positive current values correspond to discharge currents, which
occur when the vehicle is in driving mode. Conversely, negative current values are associated with regenerative energy
systems, specifically when the vehicle is in braking mode.

Ci=Ciy— U+ i) (& —ti1)/2 2

Equation (2) presents a computational format for numerically implementing the analytical integral expression from
Eg. (1). The subscript (i) in this equation indicates the data point number being processed within the experimental dataset.
To begin the integration process, it is necessary to set C; equal to the known battery initial charge (C; = C,). From there,
the integration starts at i=2 and continues until i = N, where N represents the total number of data points to be processed.

State of Charge refers to the amount of electric charge stored (remaining) in a battery expressed as a percentage of its
nominal total electric charge capacity, as follows:

S, =100-C;/C, or  S(t)=100-C(t)/C, ©)

In EqQ. (3), S is the percentual State of Charge (SoC) and C; is the nominal “total” electric charge capacity of the
battery. The term “nominal total electric charge capacity” refers to the maximum amount of electric charge that a battery
is designed to hold under normal operating conditions. It represents the theoretical upper limit of the battery's storage
capacity. This parameter also must be determined and known before conducting the test.

_ ky ky ks k4 4)
Up_OCV —ko +?+S_2+S_3 S_4+k5$+k61n(5)+k7ln(1_5)+kt(T_TT)
s=(5/100)- (1 —2¢&) + ¢ (5)

Equation (4) represents the proposed model, based on that presented by Ahmed et al. (2020), for the battery pseudo-
Open Circuit Voltage (pseudo-OCV), denoted as U,, oy, as a function of the normalized state of charge (s) and the battery
temperature (T). The eight coefficients k; (for i, 0 to 7) and k, are constant parameters adjusted within the model. This
equation is used to establish the relationship between the battery voltage and the SoC, also considering the temperature
effects. The reference temperature T, is a reference temperature freely choose and set, and in this work, it was set to 20
°C, by instance. By including the battery temperature into the equation, a comprehensive relationship between the battery
voltage, state of charge, and temperature is established.

In Eq. (4), a normalized SoC, or linearly scaled, is included through a linear transformation of the original SoC, as
defined in Eq. (5), denoted as S in uppercase to s in lowercase. This transformation is necessary to map the original SoC
from the interval [0.0% < S < 100.0%)] to the interval [¢ < s < (1.0 — €)] in order to avoid indeterminations in the
terms In(s) and In(1 — s) that would occur if values of 0.0 were reached in the logarithm function.

It is important to note that Eq. (4) does not account for the effect of electric current. It assumes the electric current to
be zero, representing the battery in an open circuit. However, the voltage is function of the SoC and the temperature when
the battery is in operation with a non-zero electric current, and in this way, the voltage calculated by this equation is
referred to, and originally denominated in this work, as the Pseudo-Open Circuit VVoltage of the battery.

U= U}?,OCV +UI (6)
UI:R1'11+R2'12+R3'13+R4'14 (7)

Equation (6) presents the comprehensive model proposed to describe the voltage curve of a battery during typical
electric vehicle operation. This model incorporates both the electric current during discharging mode, which occurs during
driving action, as well as during charging mode when the regenerative braking system is active. Thus, Equation (6)
accounts for both positive electric currents associated with acceleration and negative electric currents associated with
regenerative braking. It is composed of two terms: the first one is called pseudo-OCV, which has already been presented
in Eq. (4); the second term (U;) refers to the contributions of the electric current, modeled as a time series (Jeewandara et
al, 2021), (Li et al, 2020) of 4 delay terms, as detailed in Eq. (7). The parameters R;, where j varies from 1 to 4, represent
the internal electrical resistances of the battery at the respective time delays t;, and the same nomenclature logic is applied
for the current terms (I;) in the time series.
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(8)

In Eq. (8), the complete expression for the voltage, U=U(t), characteristic curve of the battery is presented as a function
of the scaled state of charge s=s(t), temperature T(t), and electric current I; = I(t=t;) in four time delays (j=1 to 4) terms.

2.3 Identification Process

battery pack electric current [A]

temperature [°C]

The model identification process involves determining the parameters of the mathematical model presented in Eq. (8)
using experimental data. This is achieved through the application of a regression data analysis using the least squares
method, which allows for the estimation of the model parameters that best fit the experimental data.
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Figure 2. Experimental current and voltage during the test.

Figure 2 graphically presents the experimental data of the two main variables used in the parameter identification
process of the model. Figure 2(a) displays the electric current, while Figure 2(b) shows the battery terminals voltage
during the test. The current values in Figure 2(a) range from around -50 A (blue points) to approximately +100 A (red
points), with a period, after the first hour of testing, reaching peak values of around +200 A. Negative currents, the blue
points, represent the operation of the regenerative braking system of the vehicle and reach values of approximately -50
A. In Figure 2(b), the typical behavior of voltage variation in lithium-ion vehicle batteries is observed. The voltage
exhibits a small decline for most of the time, with a pronounced and almost abrupt drop in the final time segment.
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Figure 3. Experimental temperature and calculated power during the test.
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Figure 3 presents the graphical representation of the measured temperature and the calculated battery electric power.
The temperatures shown in Figure 3(a) exhibit various oscillations ranging from minimum values around 20°C to
maximum values around 26°C. These oscillations result from variations in the demand for electric current or power from
the different drive schedules to which the vehicle was subjected. The electric power, displayed in Figure 3(b), given in
kW, is calculated by the product of voltage and current. Its values also vary and can be positive (red dashed line) or
negative (blue dashed line), representing both acceleration and energy regeneration by the braking system.
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Figure 4. Charge variation and voltage during the discharge test.

In Figure 4, the curves depicting the variation of electric charge and voltage as a function of State of Charge (SoC)
are presented. To determine the electric charge capacity discharged, the numerical integration Eq. (2) was employed to
current evolution during the test. Through this preprocessing, the total electric charge capacity discharge for the test was
found to be 51.5 Ah. This value was then assumed and assigned to the initial charge (C,) and total charge (C;) parameters
in Equations (1), (2), and (3). Thus, in Figure 4(a), the initial electric charge value at time zero is 51.5 Ah, and the electric
charge value becomes zero at the end of the test. In Figure 4(b), the initial SoC value is 100%, and the final value is 0%.
It is worth noting that the discharge process in Figure 4(b) occurs from right to left on the graph's scale, indicating a
transition from 100% to 0% SoC, as it is also indicated by the arrow drawn above the points in this graph.

3. RESULTS AND ANALYSIS

At this stage, the experimental data has undergone preprocessing and is now prepared for the final identification of
the voltage curve based on SoC, temperature, and electric current using the least squares method with Eq. (8) of the
mathematical model. The preprocessing steps involved filtering the data from a 10 Hz sampling rate to 1Hz, calculating
the total charge (C; = 51.5 Ah) and initial charge (C, = 51.5 Ah), and removing data points with low voltage during the
vehicle's startup and shutdown when transitioning between different drive schedules in the test.

Finally, before applying the least squares method, two additional parameters need to be set. The first parameter is
epsilon (¢ = 0.05) in Eg. (5). This scaling ensures that the SoC values are within a defined range
[0.05 < s < 0.95], excluding the extreme limits. The second parameter is the reference temperature (7, = 20°C), which
is directly incorporated into Eq. (8) of the model that will be adjusted during the identification process.

Table 1 provides the summary of the adjusted constants (ki) and (k;). Table 2 provides the summary of the internal
resistance (R;) values, with j=1 to 4, as described for Eq.(8), are for the four different delay terms: t,=0, t2=10, t3=30, and
t4=70 seconds, respectively, and all other 4 needed parameters that constitute the model proposed in this research.

Table 1. Summary of the model’s 8 constants (k;), and k;, identified by the least squares method.

ko ky k, ks ky ks ke k, ki
N (] [ [ (/] [ [ (] [VIK]
394.4 48.89 4769 | 02158 | -0.003718 | -54.59 109.3 -3.141 | -0.7428

It is worthing to notice that the electric resistances in the time series, shown in Table 2, have reasonable values
diminishing from just above 100 mOhm to just less than 5 mOhm as the time delay increases, from 0 to 70 s, in the
series, being consistent with the physical phenomena of charge diffusion it represents in battery operation with



27" ABCM International Congress of Mechanical Engineering
December 4-8, 2023. Florianépolis, SC, Brazil

transient currents. In fact, the consistency of these electric resistance values played a crucial role in guiding the trial
and error process for determining the appropriate total number of terms and their times delays imposed on the time
series during the iterative application of the least squares method until a successful correlation was achieved.

Table 2. Summary of the 4 terms of electric resistances (R;) in the time series and all other 4 parameters needed.
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Figure 5. The identification process validation and errors.

A comparison between experimental and adjusted values, along with the resulting errors, is presented in Figure 5.
Figure 5(a) shows the comparison of values, including the pseudo-OCV curve represented in red. The errors of the
developed model are displayed in Figure 5(b). The errors exhibit a uniform distribution, indicating a consistent pattern,
with an average absolute error of 0.25% for the voltage curve.

With the adjusted voltage equation identified, it was possible to analyze two important aspects of battery operation:
1) Determining State of Charge (SoC) from Voltage Readings: the equation was used to determine the SoC for different
voltage readings. The relationship between voltage and SoC allows for monitoring the battery's energy level and
estimating its remaining capacity. The results of this analysis are presented in Figure (6), and 2) Heat Dissipation due to
Joule Heating: the battery's thermal resistances were identified, enabling the analysis of heat dissipation caused by Joule
heating. This information is crucial for understanding and managing the battery's thermal behavior. The findings related
to heat dissipation are presented in Figure (7).
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In Figure 6, a comparison between measured and experimental percentage State of Charge (SoC) is presented over
the course of the test. The calculated values shown in Figure 6(a) are the result of the inverse solution obtained by applying
the Newton-Raphson method to determine the SoC using Equation (8). This equation is non-linear and, in this inverse
process, relies on input values of temperature, current, and voltage. The errors of the developed model, when used in this
inverse way, are displayed in Figure 5(b). The errors exhibit a uniform distribution, indicating a consistent pattern, with
an average absolute error of SoC equal to 2.5%.
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Figure 7. Internal resistance identification graph and heat losses produced in the battery.

Figure 7(a) illustrates a correlation between current and voltage. The voltage displayed in this graph represents the
difference between the measured voltage and the pseudo-OCV. This correlation demonstrates the influence of an internal
electrical resistance, which encompasses the overpotential and underpotential voltages relative to the OCV curve during
battery charging and discharging processes. By examining the slope of the line passing through the origin in this graph,
the value of the internal electrical resistance of the battery can be determined, resulting in a value of 0.110 Ohm. It is
worth of notice the notable consistency between the value of R; =103.5 mOhm obtained from the adjusted time series for
the voltage curve presented in Equation (8) and Table 2, and the value of 110 mOhm derived from the graphical correlation
depicted in Figure 7(a).

In Figure 7(b), the electric energy used for driving the vehicle during the test was 21.3 kWh. The regenerated fraction
amounted to (-)3.2 kWh, and the difference between these values represented the energy actually discharged by the battery
pack, which equaled 18.1 kWh. These energy values were depicted on the left scale of the graph in kWh. The thermal
energy dissipated, or heat, due to the Joule effect caused by internal resistance, was 0.41 kWh and is shown by the red
curve on the right scale of the graph in Wh. To calculate these energy amounts, the power was numerically integrated
over time, similar to the approach used for electric charge in Eq. (2). The energies were determined from the electric
power initially shown in Figure 3(b), while the dissipated heat was evaluated by multiplying the internal resistance by the
square of the electric current. The energy recovered by the regenerative braking system accounted for 15% of the driving
energy, and the heat loss in this case amounted to 2%, resulting in an overall energy efficiency of 98% for battery
operation.

4. CONCLUSIONS AND FINAL REMARKS

In conclusion, this study presented a comprehensive methodology for developing a mathematical model to estimate
the State of Charge (SoC) of electric vehicle batteries. The SoC curves derived from voltage measurements of a Nissan
Leaf 2012 battery were obtained through a comprehensive test at the Argonne National Laboratory. The model
identification process involved preprocessing the data, applying the least squares method to correlate the collected data,
and determining the model's parameters and coefficients.

The developed SoC model incorporates an equation that considers battery voltage as a function of SoC, temperature,
and current. It consists of a pseudo-open circuit voltage curve and a complementary time series of currents with four
different delay terms: 0, 10, 30, and 70 seconds, respectively. The study demonstrated the accuracy and applicability of
the inverse solution method used for the non-linear SoC equation. The developed model exhibited a uniform distribution
of errors, with an average absolute error of 0.25% for the voltage curve and 2.5% for the SoC estimation.

Furthermore, the analysis of power, energy, and internal resistance allowed for the determination of heat losses and
energy efficiency. It was found that the battery pack has an internal resistance of 110 mOhm, which causes a dissipation



27" ABCM International Congress of Mechanical Engineering
December 4-8, 2023. Florianépolis, SC, Brazil

of 2% of the net energy balance of the battery as heat losses, resulting an overall energy efficiency of 98% for the battery
operation and for the regenerative braking system a fraction of 15% of energy recovery was found.

This work contributes to the understanding and enhancement of electric vehicle battery systems, facilitating the design
and optimization of energy management strategies. The developed model can be utilized to support the analysis, design,
and control of battery thermal management systems for electric vehicles.

As a future step, it is proposed to apply the presented method using electric current profiles obtained from real-world
driving conditions in battery cells or in a complete battery pack bench tests to get the data needed to characterize the SoC,
thermal behavior, and aging of batteries in realistic situations.
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