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Abstract. Vehicles that use electric powertrain have become an attractive option for the decarbonization of the world
energy matrix. In this scenario, in addition to the car's autonomy, the operating temperature of lithium-ion electric cells
requires special attention. In general, cooling is required to remove the heat generated under running conditions,
especially in hot climates and during fast charging, while in cold climates heating is required at start-up. This work
presents an electrothermal model for the behavior of battery cell temperature coupled to vehicle dynamics to consider its
driving conditions as in real rides or standardized test cycles. An analytical expression was obtained for the battery
temperature as a function of time with the vehicle traveling in periods of constant speed for a given initial temperature.
Experimental tests in chassis dynamometer for a 2013 Nissan Leaf VS vehicle at 22 °C ambient temperature, from an
open-source database, were used in the identification of the model parameters. With this model identified and validated,
simulation results were obtained and then presented. The systemic approach provided by the developed model ensures
agility when used in supporting analysis, design, and control of battery thermal management systems for electric vehicles.

Keywords: electric battery thermal management, electric vehicle battery, battery pack temperature, electric vehicle
simulation

1. INTRODUCTION

Lithium-ion batteries (LIB) present a promising solution for powering electric vehicles since they feature high energy
density, power density, low self-discharge, and, most important, a long life span. However, under heavy-duty operation
in Electric Vehicles (EV) applications, thermal behavior becomes a more delicate issue in battery management. In general,
the thermal behavior of a cell is influenced by two factors: the internal factor, namely battery internal parameters, and the
external factor, such as drive cycles for example. These two factors determine heat generation within a battery cell,
causing temperature rise and in return, these variations may influence battery internal parameters. In long term, the
coupled electrothermal relationship defines the operating conditions of the battery cell and the life span. In this work, an
electrothermal model is presented and tested for different charging and discharging conditions. This study leads to
important conclusions about the significance of each input parameter for future Battery Management System (BMS)
implementations and deals with the complexity of the determination of the cell temperature and its impact on the battery
pack performance.
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The battery internal parameters are approximated based on the electrochemistry within the cell. The models based on
Porous Electrode Theory proposed by Doyle et al. (1993) and Single Particle Model by Haran et al. (1998) have been
widely used for modeling the dynamic response of LIBs as confirmed by Santhanagopalan et al. (2006). These models
show that temperature and current rate are highly involved in the battery dynamics. While electrochemical models have
shown the ability to accurately predict the concentration dynamics and terminal voltage, they are characterized by coupled
partial differential equations, which overburdens the computation when applied to fast simulation or control design. For
this reason, equivalent circuit models are used to simulate electrical behavior. Plett (2004) proposed and compared a series
of lumped models. Moreover, different derivatives are proposed to simulate more details in the dynamics, such as
hysteresis effects (Hu et al., 2011), Warburg impedance (Kollmeyer et al., 2017), and aging effects (Topan et al., 2016).
The present paper focuses on the temperature and current rate dependence of the internal parameters in the context of
their electrochemical nature. Previous works are rather profound in shedding light on the energy conversion inside the
battery, yet they did not consider the dependence of parameters on temperature and current rate. Thus, they are not suitable
for EV applications with heavy-duty drive cycles.

In the case of drive cycles, the cell starts to generate heat due to the electrochemical reactions. Subsequently, the
temperature variation caused by heat generation will act on the electrochemical behavior and further influence the thermal
behavior. This paper includes the effects of temperature and current rate in the modeling and analysis of lithium-ion cells,
giving a more accurate prediction of the electrothermal behavior of the cell. The major achievements can be concluded
as follows: (i) The effects of temperature and current rate on the battery internal parameters have been presented and
explained based on the electrochemical principles within the LIB. (ii) The model proposed for the study includes these
effects and the sensitive coupling relationship between the electrochemical and thermal behaviors of the cell. (iii) Finally,
the model is applied to the battery coupled to the vehicle dynamics. The resultant thermal behavior under different drive
cycles is compared with real data to prove it can be used to control and improve battery performance.

This paper is organized as follows: Section 2 introduces the proposed model, and its baseline parameter values; section
3 presents the methodology used for model identification, showing the strategies to adjust the parameters using measured
data; section 4 analysis the consumption and State of Charge (SoC) of estimates using the model obtained in section 3;
section 5 deals with the simulation results; the main conclusions are discussed in section 6.

2. MATHEMATICAL MODEL

The basic idea for the mathematical model is to couple the vehicle dynamics to the battery pack behavior in terms of
SoC and temperature variation. Yang et al. (2019) describe a model based on the electrothermal behavior of the batteries
under different drive cycles that can be used to improve the battery performance and it is the basis for the following
formulation presented in this work. Additional input is given by Miri et al. (2020) that reinforces the need to precisely
know the autonomy of an EV.

The model is presented by the equations (1) to (14). This model can compute the cell temperature, in exponential
dependence with time, as shown in the analytical solution in the final Eq. (14). The first step is to define the differential
equation for the heat balance in the battery as indicated in Eq. (1), with its two terms of heat rates given on the right side.

Ctherm + (dT/dt) = Qgen - Qtransf 1)

Where Cyperrm IS the thermal capacity of the battery pack of cells ( Cypep, = n - m - ¢, Where n is the number of cells

in the battery pack, m is the mass of one cell and c, is the equivalent specific heat of the cells), T is the cell temperature,
t is the time and ( gen and Qy ans 5 are respectively the heat rate generated inside the cells in operation and the heat rate

transferred to the ambient outside of the battery pack. These heat rates can be expressed using Eq. (2) and Eq. (3) as
follows.

Qgen = Ropmic i’ + Centrop i+ (T+273) 2)

The generated heat rate in Eq. (2) has two parts: the ohmic and the entropic heat rates in each cell. The ohmic generated
heat inside the cells is characterized by its internal ohmic resistance (Ronmic), the entropic heat is characterized by the
entropic coefficient (Cenrop) and i represents the electrical current flowing through the battery. The entropic coefficient is
defined as (Centrop=dUoc/dT) the derivative of the cell open-circuit voltage (Uqc) in relation to its temperature (Bernardi et
al., 1985). In this formulation, the battery discharge electric current has positive values and negative ones during the
battery charging. As the entropic heat is released by the battery under positive currents (cooling effect during discharges)
and absorbed heat under negative currents (heating effect during charges), the entropic coefficient needs to have a negative
value to match this behavior when been multiplied by the electric current as it is in this equation. In this way, the entropic
heat is a reversible process, or a regenerative heat with heating and cooling effects, and the ohmic heat is an irreversible
one, causing just heating and losses effects.
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Qtransf = UApack- (T - Tamb) + QO (3)

The transferred heat rate in Eq. (3) from all cells in the battery pack to the outside ambient is characterized by its
overall thermal conductance (UApack) Which includes all thermal resistances from the temperature of the cells to the outside
ambient temperature (Tamp) and the term @, in this equation can be understood as having two origins: to account for any
constant heat generated or sunk in Eq. (1) and not yet included in the other terms and also to account for any offset in the
temperature difference not completely represented in (T - Tamo ), as there are several pathways for the heat from inside the
cells (represented by T) to the ambient (represented by Tamw) With a varied of temperature differences and thermal
resistance to be accounted for.

Table 1. Variables description.

Variable Description Symbol Unit
Time t S
Cell temperature T °C
Outside environment/ambient temperature Tamb °C
Initial cell temperature Tini °C
Coefficient 7 in the heat differential equation (EQ. (5)) T °Cls
Coefficient 1 in the heat differential equation (Eq. (6)) n 1/s
Overall battery pack thermal conductance UApack W/°C
Number of cells in the pack n /
Mass of one cell m kg
Cell average specific heat Cp J/kg.°C
Overall battery pack heat capacity (n.m.cp) Ciherm JI°C
Heat rate generated in the cells Qgen wW
Heat rate transferred between inside and outside the pack Qtranst wW
Cell internal-ohmic electric resistance Rohmic Q
Cell entropic heat coefficient (dUq./dT) Centrop V/°C
Battery pack voltage U \Y
Battery pack open circuit voltage Uqge V
Electric current in the battery pack i A
Electric current in the battery pack due to other electric loads io A
Road slope angle a °
Vehicle mass M kg
Factor for the equivalent mass of rotating components k /
Gravity acceleration g m/s?
Rolling resistance coefficient 1 /
Air density (air specific mass) PDair kg/m3
Vehicle frontal area As m?
Vehicle aerodynamic drag coefficient Co /
Mechanical power transmission efficiency e /
Mechanical power transmission efficiency during traction Edrive /
Mechanical power transmission efficiency during braking Eregen /
Vehicle acceleration a m/s?
Vehicle speed \Y m/s
Time step subscript index j /

Then one can put the differential equation given in Eq. (1) to the form expressed in Eq. (4) by rearranging it, using
the equations (2) and (3), as follows:

dT/dt =1 —n-T (4)
Where in Eqg. (4):
T= (Rohmic 2+ Centrop 273 i+ UApack : Tamb - QO)/Ctherm (5)

n= (UApack - Cent‘rop ' i)/Ctherm (6)
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To find the current (i) present in Eq.(4) the power transmitted from the battery to the car wheel is considered as
follows. The electric power consumed by the vehicle motor can be expressed in Eq. (7), where U is the electric voltage
of the battery pack.

Pelectr =U-i (7)

On the other hand, the mechanical power necessary for its motion is given by Eq. (8), where F is the force in the road
contact with the wheels, V is the car velocity, and ¢ is the powertrain system overall power transmission efficiency.

Pmech =F: V/E (8)

The force applied in the road contact for a given velocity (V) and acceleration (a) can be expressed using Eq. (9),
where all additional parameters used come from a longitudinal car dynamic model and are listed in Tab. 1, together with
all other variables in this mathematical model for nomenclature clarification. This is a general equation for the balance of
longitudinal forces acting on a vehicle in motion as the teachings presented by Gillespie, T. D. (1992). This balance of
forces has four components: (i) the acceleration responsible for the total variation of vehicle inertia including rotating
parts by the k factor; (ii) the component of gravity force (weight) in the longitudinal direction of the displacement; (iii)
rolling friction with the road; and (iv) aerodynamic friction with the air.

F=k-M-a+M-g-sin(a)+M-g-p-cos(a)+Cp-Ar - pair - (V= V,)?/2 9

Considering a road with a grade of 0% (a=0°), and zero wind speed (Vw=0), Eq. (9) can be expressed in a simplified
way as shown in Eq. (10).

F=M-(k-a+u-9)+Cp- A pair - (V*/2) (10)

Considering that the electrical and mechanical powers, expressed in Equations (7) and (8) respectively, are equal, and
rearranging them, the electric current can be expressed as shown in Eg. (11), and then two cases can be intuitively deduced
from energy flow depicted in Fig. 1. One for forces with positive values, that needs positive currents to drive the vehicle
(the red energy flow in Fig. 1), expressed in Eq. (12) with the earive, as written in it, lower than one. The second case occurs
when the forces have negative values and expressed by Eq. (13) with &regen, @S written in it, higher than one, where
mechanical energy is regenerated back into the battery to electric energy again by the negative currents caused by the
negative forces (de green energy flow in Fig. 1) acting in the powertrain. In the two cases, there could exist a zero electric
current (io) all the time due to other electric loads in the vehicle as control systems, electric steering, or the vehicle HVAC
system (kept off during the used experimental test).
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Figure 1. Drive (traction) and regenerative (braking) model representation (adapted from Lv et. al., 2015)

i=ig+V-F/(U-¢) (11)
ipso =lo+ V- F/(U - &arive) (12)
lpco=1lg+ V-F/U- sregen) (13)

For the case when the car moves at a constant speed, that means acceleration equal to zero, the differential equation
expressed in Eq. (4) has an analytical solution in the format presented in Eq. (14), where the coefficients z and # are
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constants, given by Eq. (5) and Eqg. (6) respectively, and with the initial temperature of the cells (Tini) applied as initial
condition.

T=1/n+ T —1/0)- 7"t (14)

Once the parameters of an actual vehicle are identified, the solution of this model can be computed. The parameters
that need to be identified are the following:

- for the electric current, in equations (11), (12) and (13) - io, drive aNd &regen;

- for the force, in Eq. (10) - M, and Cp; and

- for the coefficients, in equations (4) and (5) - UApack, Rohmic and Centrop.

In the next section, it will be shown the identification of these 8 parameters. The others complementary parameters
present in the model, such as Y, Ay, pair, and g, were imposed using a known constant for them or typical values as in
Hayes et al. (2015).

3. MODEL IDENTIFICATION

The identification process needs experimental data. These data are from the D3 (Downloadable Dynamometer
Database) and were generated at the Advanced Powertrain Research Facility (APRF) at Argonne National Laboratory
(ANL, 2013) under the funding and guidance of the U.S. Department of Energy (DOE). Data is available for 10 vehicles.
The published data contained the following variables: elapsed test time (s), speed (mph) and force (N) at the contact of
chassis dynamometer and vehicle wheels, battery pack electric current (A) and voltage (V) and SoC (%). In this paper, it
was used the data for a 2013 Nissan Leaf SV, in a complete battery discharge at an ambient temperature of 22 °C. The
test was performed in March 2014.

The data processing presented here was done with the data filtered in 1 Hz sampling and comparison with values
processed with the original 10 Hz sampling has not shown significant differences. The identification was performed using
part of the data, the remaining data were used for test and validation of the identified model parameters.

Figure 2 presents the sequence of driving schedules employed, showing the speed that is the main input needed in this
identification process. Four different driving schedules were used in this test: UDDS (Urban Driving), HWY (Highway),
US06 (United States) and 55mph (55 mph constant speed). The UDDS was repeated four times and the other driving
schedules were repeated two times to get the complete discharge of the battery. Data were collected at 10 Hz sampling
rate and the complete sequence took almost three hours (9,950 s), which means approximately 100,000 readings for each
variable, which corresponds to a range of 144.5 km of displacement distance (Hayes and Davis, 2015).

US06 #1 US06 #2

1204

UDDS#1  HWY #1 UDDS #2 S5mph #1 UDDS#3  HWY #2 UDDS#4  55mph #2
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Figure 2. Experimental data from 2013 Nissan Leaf VS during chassis dynamometer test

speed in dynamoter wheel [km/h]|

From the speed, it was calculated the accelerations shown in Fig. 3 in two windows of five minutes of data. During
all the tests, variations of the acceleration were typically the ones shown in Fig. 3 within the maximum values of
+/- 3.5 m/s?. Acceleration is computed by Eq. (15), where the subscripts *j” indicates the time step:

a; = (V; = Vi-1)/(t; — tj-1) (15)
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Figure 3. Two windows (of 5 minutes data) of acceleration calculated from measured speed

With the data of force, speed and acceleration the parameters in Eq. (10) were adjusted by the least squares method,
and the following values are determined: M = 1,285 kg, Cp = 0.2467. The others complementary parameters are imposed
using typical values as: p = 0,001, As =2,27 m?, pair 1.2 kg/m3 and g = 10 m/s2 (Hayes et al., 2015). The quality of this
identification is presented in Fig. 4, where the measured and calculated forces for the same window of Fig. 3(b) are
compared..

measured
45001 — calculated So00}

the ideal correlation line

force [N]
calculated force [N

~1500)

~2500)

-3500;
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(a) Measured and calculated force versus time (b) Calculated versus measured force
Figure 4. Measured and adjusted force
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With the data of electric current and voltage, and with the force calculated by Eq. (10), the parameters in Eq. (12) and
(13) were adjusted by the least squares method and the following values were determined: io = 8.685 A, drive = 0.8314
and eregen = 1.048. The quality of this identification is presented in Fig. 5.

measured the ideal correlation line
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ime [s] measured electric current [A]

calculated electric current |A]

electric current [A]

(a) Measured and calculated current versus time (b) Calculated versus measured current
Figure 5. Experimental data from 2012 Nissan Leaf VS in chassis dynamometer test

Using the data of temperature and the calculated electric current the parameters in equations (5) and (6) were adjusted
by the least squares method and the following values were determined: UApack = 70 W/K, Centrop =-73 V/°C, Qo = 8932 W
and Ronmic = 0.0 Q. For the others complementary parameters it was used the following imposed values: Ciperm =
200000 J/°C, Tam» =22 °C.
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The quality of this identification process is presented in Fig. 6 and shows a band of errors of maximum +/-1°C for all
points in the data considered in this almost 3 hours of test.
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Figure 6. comparison of measured and calculated temperature
The temperature can then be calculated step by step using the analytical solution Eq. (14) as indicated in Eq. (16):
Ty =t/n+ T —t/n) e (16)

Alternatively, instead of using the analytical solution, the temperatures can be calculated by direct integrating
numerically the differential equation (4). As follows in Eq. (14):

T=t/n+ (Tjoy—1/n)-e M = dT/dt At = (T —1-Tj_y) - At (17)
Table 2 summarizes the equations and all parameter values imposed or obtained by the model identification process.

Table 2. Summary of model equations and the values of its parameters.

model equations parameters values
M = 1285 kg, k = 1.15, p = 0.0,
F=M-(k-a+u-9)+Cp-Ap - payr - (V?/2) (10) g = 10 m/s?, Cp = 0.2475,

A = 2.27 m?, pair = 1.2 kg/m?®,

ipso =lg+ V- F/(U - &arive) (12) io=8.685 A, &qrive = 0.8314,
lpco=1lg+ V-F/(U- gregen) (13) &regen = 1.048.

T= (Rohmic %+ Cent‘rop <273 i+ UApack ' Tamb - QO)/Ctherm (5) Ronmic = 0.0 Q, Centrop =-73 V/K!
. UApack = 70 W/K, Tamp = 22 °C,
n= (UApack — Lentrop * l)/Ctherm (6) QO =8923 W, Ciherm = 200000 J/K.

4. CONSUMPTION AND SOC ANALYSIS

The vehicle consumption in terms of electric charge (Ah), and energy (E) in joule, can then be computed by the
following numerical integration in time of the electric current, and of the electric power, as expressed by equations (18)
and (19), respectively:

Ahj = Ahj_, + i - (At/3600) (18)

Ej=E_,+U-i-At (19)
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Also following the same approach, the vehicle range (d), in terms of distance in km, can be computed as expressed by
the numerical integration of the speed in time as expressed in Eq. (20) :
dj = d;_, + (V/1000) - At (20)
Knowing the initial SoC (SOCy), and the battery electric charge at full capacity (Ahcap), the state of charge (SOC) is
expressed by Eq. (21), as follows:
SOC; = SOCy + 100 - Ah;/Ahcqy (21)
In Fig. (7) its is shown the calculated values of SoC and energy consumption as well as the range accomplished during
the test. Figure 7(a) compares the SOC provided in the database (D3 from ANL) with the calculated currents after the
model identification. For the SoC calculation it was considered 56 Ah as the full capacity and 97 % as the initial state of

charge (SOCy). The results show good agreement, mainly between obtained values. And for the energy consumption
shown in Fig. 7(b) it is seen that the energy consumption also follows a similar trend of the vehicle range distance.
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Figure 7. SoC, consumed energy and distance versus time.

5. SIMULATION RESULTS

To perform simulations of the battery thermal behavior with the above model it is also necessary to have the characteristic
curve of voltage in relation to SOC (voltage-SOC) for the considered battery. This is needed for computing the electric
current by the model with equations (10.2) and (10.3) and in that way also to follow the battery SOC and consumption
performance. The electric current equation and the voltage-SOC curve are coupled and need to be solved simultaneously.
The voltage characteristic curve was obtained by a least square method using the scaling approach developed by Ahmed
M. S.; et. al., (2020) and with the same experimental data from the chassis dynamometer used to develop and to validate
the model. In Figure 8 (a) the obtained curve is compared to the experimental data confirming good agreement with the
data. The scattering of the measured values of voltage around the curve is mainly due to the temperature variation effect.
For the sake of battery thermal behavior simulations, the presented curve was adequate as the following results will show,
but it will need improvements if intended for use as an indication of the battery SOC as a function of the measured voltage
in actual road conditions. In Figure 8 (b), it is shown simulation results for battery temperature and SOC employing the
model with the characteristic curve voltage-SOC for three cases of constant speed rides: 60, 80 and 100 km/h, respectively.
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The results for a simulation of a sinusoidal driving schedule are shown in Fig. 9. In this case, the initial speed is the
maximum of 100 km/h and varies in a sinusoidal function with a period of 1000 s and a minimum of 60 km/h as it is seen
in Fig. 9(a). Also, in the second scale of Fig. 9(a), it is shown the calculated variation of the temperature for this case with
a sinusoidal that resulted in a band of +1.5/-1.5 °C around a medium value of 25 °C. The temperature oscillations have a
very similar behavior of the speed oscillations in this case, with only around 30 s delay in the periodic regime that follows
its approximate 300s of the initial transient regime. In Fig. 9(b) it is seen the comparison of this sinusoidal case (green
lines) with the previous constant speeds of maximum (100 km/h), medium (80 km/h) and minimum (60 km/h) values, in
terms of temperature (left side scale) and SOC in the second scale (right side scale).
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Figure 9. Simulation results for variable acceleration case (sinusoidal)
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6. CONCLUSIONS

The main conclusions of this work are:

- a mathematical model for the thermal behavior of an electric vehicle battery was presented and experimental data
were used to identify its parameters. Validation and simulation results were also presented.

- the mathematical model developed is based on fundamental principles with a global approach, represented with
lumped parameters of physical significance, such as the overall thermal resistance for the battery heat transfer system.

- the final model consists of three components: the vehicle dynamics; the electric battery and its thermal system for
heat transfer between the cells and the external environment.

- for the battery temperature, a differential equation was developed, and its explicit analytical solution was found for
the case of constant speed, which allows a better understanding of the parameters involved in the process and helps the
model implementation in vehicles in road conditions.

- for a case with acceleration, the differential equation is solved by numerical integration, or in a hybrid way, using
the analytical obtained solution for constant speed.

- the parameter identification was performed with experimental data from a chassis dynamometer of a 2013 Nissan
Leaf VS at 22°C ambient temperature.

- the final model is composed of four algebraic equations and its identified parameters, that allow a sequential
calculation for the following four output variables: (i) vehicle acceleration, (ii) vehicle traction force, (iii) battery electrical
current, and (iv) battery temperature.

- the systemic approach provided by the developed model ensures agility when used in supporting analysis, design
and control of battery thermal management systems for electric vehicles.

- the presented methodology has strong potential to be used in offline simulations or for online implementation in the
electronic hardware of a vehicle BMS for its diagnosis or control.
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