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Abstract
Electric models of battery have to take into account the effect of temperature for the state-of-charge
estimation. As a matter of fact, at low temperature the driving range of the vehicle can be
overestimated up to more than 20% with electric only models. We propose to couple thermal and
electric battery models for improving the range estimation.

1. Introduction
Electric Vehicles (EVs) are vehicles of the future. But they suffer of a lack of autonomy, a long
charging time, and a high cost [1]. The range anxiety is key issue for EV’s drivers [2]. Therefore,
estimation of the correct driving range is an important matter.
In some cold winter countries, EV manufacturers noticed reduced driving range (autonomy) when
temperature goes under 0 °C. For example, a Canadian study dealt with the influence of low
temperature on battery with sub-zero temperatures. The result was a capacity decrease up to 35 % at 20 °C compared to 25 °C [3]. Other electric parameters (such as series resistance for instance…) also
depend on the temperature [4]. These variations of battery behavior are non-permanent and the
original driving range is reached when the temperature goes higher.
Moreover, cold and hot weathers both have an important effect on battery ageing rate. The result of
ageing is a permanent decrease of the discharge capacitance (reduced driving range) and an increase of
the battery resistance (increase of Joule losses). For subzero temperature, the ageing rate is drastically
increased [5]. For temperatures from 10 °C to 60 °C it is commonly considered that the ageing rate
doubles when the temperature increases by 10 °C [6]. Thus, estimating the temperature of the battery
during one cycle is also very important for long term driving range.
The goal of this paper is to build an Electro-Thermal (ET) model of the battery with electric
parameters thermal dependence to better estimate the driving range of the EVs under various

temperature conditions. This model is intended to be used for vehicle simulation and hardware in the
loop for future works. Therefore, it must be as simple as possible to limit the calculation time.
Some papers have already proposed ET models focused on the battery impedance parameters
evolution. For example, papers [4] and [7] include a temperature dependence on the series resistance
of the battery. In this paper, the capacity thermal dependence (based on the experimental results of [3])
is also considered in order to better estimate the EV range.
First the classic electric and thermal models of Li-ion battery are presented. Then, they are associated
using Energetic Macroscopic Representation (EMR) [8]. As EMR has already been used to model
traction systems of EVs and HEVs (Hybrid Electric Vehicles) [9]-[10], such a formalism will enable
an easy integration of this ET battery model for vehicle simulation. The experimental thermal
dependence of the capacity and the series resistance of the battery is showed through literature results
[3], [4]. The electric and thermal models are coupled using the EMR formalism. The electric
parameters of the model are calculated with the thermal dependence extracted from the literature
results. In a second time the model is validated by experimental results [4]. Finally, the range of an EV
is tested at different temperatures.

2. Li-ion Batteries classical modeling
2.1. Classic Li-ion Electrical Model and EMR Organization
Different models can be found for batteries. The complexity of the models depends on the application.
Some models are called electrochemical models. They are based on the kinetic of the energy storage
reactions inside the battery. This type of model is the nearest from the chemistry of the system [11].
Therefore they can be used to monitor battery (ageing for example).
Equivalent circuit models are another kind of model. The battery electric behavior is represented by
equivalent impedances and sources. Each electric parameter is linked with a phenomenon happening
in the battery. For example, ionic transfer delays can be modeled by RC circuits [12] and ionic
diffusion can be modelled by a constant phase element (CPE) [13].
From the EV point of view, the battery is considered as a power source subsystem. Therefore, the
equivalent circuit model is adapted for EV application. For a matter of simplicity we neglect ionic
transfer and diffusion. The cell dispersion (i.e. the slight differences for electric parameters between
cells grouped in a battery [14]) is not considered as we just model a battery composed of one cell for
this study. Therefore a simple Thevenin model is chosen. It consists in an open circuit voltage (OCV)
dependent on the state-of-charge (SoC) and a series resistance Rbat (see Fig.2).
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Fig. 2. EMR organization of electric model

The SoC (in %) is frequently used as to quantify the energy stored in the batteries. It is calculated with
the capacity of the battery Cbat (in Ah) which represents the current necessary to fully discharge the
battery in one hour. It represents the remaining capacity stored in the battery over its maximum
capacity Cbat.
S o C = S o Cinit -

1 t
dt
∫i
3600 0 bat
Cbat

× 100

(1)

Where SoCinit is the initial SOC (at t=0 s), ibat is the discharge current and t is the time.
The EMR is a causal method to organize various models [8]. Four kinds of pictograms (see appendix)
are used to describe basic energetic functions (energy source, accumulation, distribution and
conversion). Each pictogram highlights the causal inputs and outputs of a component. The product of
the input and output is the power transiting through the function described by the related pictograms.
The battery is considered as a voltage source and a conversion element. The voltage source (output
OCV) takes as input the battery current ibat. The power flowing out the voltage source is obtained by
the product of OCV and ibat. The resistance is described by an energy conversion element.
(2)

U bat = OCV ( SoC ) - Ribat

To simplify, the traction part of the vehicle is considered as a current source in this EMR (equivalent
traction source).
Generally, the parameters of these electrical models are not considered temperature dependent even
though the energy storage principle of the battery is dependent on the temperature. Thus, the accuracy
of the electric model is reduced if the impact of temperature is neglected.

2.2. Li-ion Battery Thermal Modeling
For a matter of simplicity, strong hypotheses have been taken for thermal modeling [15] (see Fig. 3):
• The battery cell is considered cylindrical with a length far bigger than the diameter. It is
placed in open air (at Tamb temperature).
• The battery is composed of two parts (core and surface) perfectly homogeneous with
associated thermal capacitances Ccore and Csurf (in J/K). The Biot number [16] quantifying
the thermal gradient in the cell is neglected. Therefore, the temperature in the core is
considered homogeneous. The thermal resistances (Rcond and Rconv (in K/W)) are located at
the interfaces between two parts (core and surface for instance).
• The heat source is located at the center of the core. The series resistance Rbat is the only
source of heat. Reversible heat sources linked to the entropic effect [13] will be neglected.
• The only heat transfer mechanisms considered are conduction for solids and convection for
solid to gas. Radiations are neglected as the self-heating of batteries is moderate in EV.
These hypotheses will be validated in part 4.1 with experimental thermal results coming from ref.
[4].The equivalent thermal circuit is given in Fig. 4. In equivalent thermal circuit power is equivalent
to electric current and temperature is equivalent to voltage. The joule losses are a power generator
(Pheat) and the ambient air is a source of temperature (Tamb).
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Fig. 4. Equivalent thermal circuit

From a thermal point of view, the resistance Rbat is a component generating heat when a current goes
through (Fig. 4). Thus, Rbat is described by a source of entropy flow qS1 in EMR (Fig. 5).
q s1 =

2
Rbat .ibat
Tcore

(3)

In the thermal domain, the flow variable is the entropy flow qS (expressed in W/°K [17]) and the effort
variable is the temperature (°K). Like in the electric domain, the product of the flow variable and the
effort variable leads to the power. The battery thermal model can be considered as a source with the
entropy flow as input and the inside battery temperature Tcore as output. The EMR of the thermal
model is given in Fig. 5. The thermal capacitances are energy accumulation elements and the thermal
resistances are energy conversion elements. The air is considered as a temperature source (Tamb).
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Fig. 5. EMR of the thermal model
The following equations are describing the behavior of the thermal model. As EMR is a causal
representation, all the equations are expressed in a causal way (i.e. without derivative).
Tcore = exp(

Tsurf = exp(

1

t

(4)

∫( q - q )dt + ln( Tcore init ))
Ccore 0 s1 s 3
Tcore - Tsurf
qs3 =
Rcond .Tcore
Tcore - Tsurf
qs4 =
Rcond .Tsurf
1

(5)
(6)

t

∫( q - q )dt + ln( Tsurf init ))
C surf 0 s 4 s6
Tsurf - Tamb
qs6 =
Rconv .Tsurf
Tsurf - Tamb
qs7 =
Rconv .Tamb

(7)
(8)
(9)

Where Tcore init and Tsurf init are the initial temperatures of the core and the surface of the battery. For
the next parts, we consider that the battery is at rest for a long time at t=0s. Consequently, the initial
core and surface temperatures are equal to Tamb.

3. Li-ion Batteries Electro-thermal modeling organized using EMR
3.1. Influence of Temperature on Li-ion Battery Electric Parameters
The experimental results presented in Fig. 6 and Fig. 7 are directly taken from [3] and [4]. They show
that the electric parameters of the batteries are influenced by the temperature in the operating
temperature range of the batteries:
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We notice that :
• Cbat increases linearly with temperature (impact on the EV range) [3].
• Rbat decreases exponentially with temperature (impact on the EV efficiency and range)
[4].

3.2. EMR for Electro-Thermal (ET) Coupling
The common element between electric and thermal model is the resistance of the battery Rbat (see Fig.
8). The electric and thermal models are coupled by Rbat which is now a multi-domain (electro/thermal
ET) coupling element. The temperature of the battery core Tcore is used to update the value of Cbat and
Rbat.
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4. Driving range estimation
4.1. Validation Using a Highly Dynamic Urban Assault Driving Cycle
The validation of the model is achieved with experimental results from the literature [4]. The tested
cells are Lithium Iron Phosphate cells (Fig. 9) which is a technology used in EVs. The electric and
thermal parameters are given in Table I. The thermal dependence is plotted in Fig. 6 and Fig. 7. The
convection resistance is identified by [4] with a forced airflow (fan blowing) in a thermal chamber.
The value extracted will vary as a function of the airflow.

Fig. 9. Studied Li-ion battery [18]

Parameters

Values

Ubat nom
Cnom @ 25°C
Rnom @ 25°C
Max discharge
rate
Rcond
Rconv
Ccore
Csurf

3.3 V
2.5 A.h
16 mΩ
30 C
2.18 (°K/W)
3.33 (°K/W) (forced airflow)
67 (J/°K)
4.5 (J/°K)

Table I: Parameters of the studied battery [4]

The model has been tested with the highly dynamic urban assault cycle (UAC) [4]. This cycle is
expressed in Crate in Fig 10 (1 C= 2.5 A). Then, the temperature given by the model has been
compared with experimental results from [4]. The maximal error is lower than 2°C (i.e. 4 %)
validating the accuracy of the E/T model (see Fig. 11).
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4.2. Test of the Cells with the NEDC
The ET model is suited for any cycle with lower dynamics than the UAC. For a first EV range
estimation, the New European Driving Cycle (NEDC) is considered. This cycle is composed of an
urban part and an extra urban part (Fig. 12). The studied vehicle is the commercial Tazzari Zezo (2seat vehicle of 600 kg) [19]. The parameters of the pure electric model of the battery are classically
identified at 25 °C [18].
Fig. 13 presents the evolution of the estimated SoC during the NEDC for an ambient temperature of 20°C. Significant differences can be observed on the SOC estimation. For -20°C and one NEDC cycle
the SOC variation of the ET model is + 22 % bigger than the SOC variation of the pure electric model.
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The process has been repeated for other temperatures (25°C and 40°C). Results are summarized in
Table II.

Table II: Difference between electric and ET model for different ambient temperature
after one NEDC (SoC init = 100%)
Ambient temperature

Electric model final
SoC

ET model final SoC

Error on Δ SoC

-20 °C
25 °C
40 °C

90.6 %

88 %
90.65 %
91.3 %

+ 22 %
- 0.5%
-8%

With a pure electric battery model the SoC variation is underestimated by 22 %. The driving range will
thus be overestimated by a significant factor. Thus, the ET model with capacity temperature

dependence is very useful for cold weather conditions. For 25°C the electric model gives satisfactory
SoC estimation for NEDC cycle. Thus, at 25 °C temperature conditions the pure electric model is
satisfactory for EV driving range estimation. For higher temperature (+40 °C) the driving range is
under estimated by the electric model by a significant factor. Therefore, a part of the energy inside the
battery is unused if the pure electric model is used for SoC estimation. Overall the ET model seems to
be necessary for EV driving estimation as -20°C and + 40°C temperatures are encountered in many
countries.

5. Conclusion
An electric model of a battery is coupled with a thermal model. This coupling enables an update of the
electric parameters from the temperature evolution. This ET model has been validated by experimental
results using a high-dynamics driving cycle. This model has then been used for a standard driving
cycle for a small commercial EV. At low temperature, the driving range using a classical electric
model is overestimated by about 20% and for high ambient temperature (40 °C) it is underestimated
by about 10 %. The use of the ET model will thus improve the estimation of the driving range. This
study is focused on one cell temperature. As perspective, the temperature interaction between cells in a
battery pack can be considered [20].
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