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 

 
Abstract—In this paper, we introduce the need for real-time 

temperature monitoring in battery packs used in automotive 
applications so to have an accurate estimation of battery life and 
performances. Advanced energy storage management systems 
should sense operating and ambient temperature of battery packs 
in order to implement proper strategies to improve the efficiency 
of charge and discharge processes and to extend battery life. The 
proposed evaluation technique is based on an innovative and 
dynamic circuital model, which allows to accurately represent the 
functioning of a battery pack (in charge and discharge) in the 
various operating conditions. Each circuital parameter of the 
model has a well-defined function which highlights its dependence 
on temperature, state of charge, state of health and number of 
cells. The model characterization has been made through tests on 
different battery sets. A climatic chamber has been used to 
simulate different operating conditions of ambient temperature. 
The analysis of the parameters evolution in time has led to the 
identification of an ideal ambient temperature range for the type 
of batteries under examination in order to improve their 
performances over time in terms of energy efficiency and 
extension of useful life. 
 

Index Terms—Circuital model, battery life estimation, battery 
performances, thermal effects, temperature sensing. 

I. INTRODUCTION 

NERGY storage systems are nowadays used in many    
applications ranging from high technology systems to 

consumer electronics and automotive applications. The 
increasing demand for smartphones, laptops, tablets has led to 
an increasing need for small and safe accumulators with a high 
energy density. For this reason, Lithium-ion batteries, which 
have a high energy density versus weight (140-180 Wh/kg) [1], 
have become a standard de facto for high technology. Lithium-
ion batteries have even made possible the development of more 
features of the mobile devices and at the same time to reduce 
their dimension and weight. This has been essential also in 
automotive applications mainly for what concerns electric 
traction. As a consequence, today it is possible the project and 
development of more efficient energy storage systems. 
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Today more vehicles on the road are hybrid or (especially for 

public transport) purely electric. Furthermore, last regulations 
and directives for the environmental protection require a strong 
reduction in CO2 emissions, like the European “Clean Mobility 
Package” target, which is intended to recommend a 30 % 
reduction of the average CO2 emissions in 2030 compared to 
2021. However, this is an unthinkable threshold to reach for a 
car with an internal combustion engine. For many of the 
applications mentioned above, and especially for automotive 
applications where performances, autonomy and cycle life are 
crucial, it is essential to know the current state of the battery so 
to exactly know what to expect from the battery in the present 
and future use, and then to implement efficient management 
systems [2]-[4]. Since accumulators are not ideal systems, their 
behavior and their characteristics change depending on the 
operating conditions and the current state. The most important 
indicators of the battery state are the State of Charge and State 
of Health (SoC, SoH). The first one is to indicate the amount of 
charge available in the battery, i.e. it is related to its capacity 
[5]; the last one is to indicate the actual capacity of the battery 
(in a specific moment of its life), i.e. it is related to the nominal 
capacity [6]. In literature, many mathematical and circuital 
models are used to statically and dynamically describe batteries 
or to determine their state during their functioning. 
Nevertheless, many of these models do not take into account 
how temperature affects the battery behavior in the various 
conditions of SoC and SoH. In this paper, we propose a new 
approach for the estimation of battery performances and cycle 
life. The proposed approach uses a circuital model, whose 
parameters are the functions of State of Charge and State of 
Health, the Temperature (T) and the number of battery cells. In 
this way, it is possible to exactly know what to expect from the 
battery in the various conditions of ambient and operating 
temperatures. 
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II. STATE OF ART 

It is well known from the literature that temperature affects 
the battery operations and life. In fact, battery manufacturers 
guarantee battery performances and cycle life in specific 
operating conditions and in a defined range of operating and 
storage temperature. Some of them provide also discharge 
curves at different temperature rates. However, temperature 
effects are still undervalued, in fact, modern battery 
management systems use temperature sensing mainly for safety 
purposes and not to implement better controls based on 
provisional data. 

Battery Management Systems, in fact, are electronic circuits 
based on microcontroller systems used to monitor and control 
charge and discharge processes of battery packs and for charge 
balancing purposes. They implement a real-time monitoring of 
the single cell voltage, of the current rate and of battery pack 
temperature in order to control charge and discharge processes 
so to guarantee safety and battery life extension. It is possible 
to develop battery management systems that are able to take 
decisions based on provisional data provided by a model. 
However, the use of a complex model requires more 
computational capacity and memory, which means a higher cost 
of the hardware. 

In literature, there are many models of electrochemical cells 
[7]. With the growth of batteries market, nowadays, many 
activities of research are focused on the optimization and 
discovery of new models. These are used in advanced battery 
management systems to implement effective run-time control 
and to provide provisional data on the future performances of 
the battery [8]-[11]. Electrochemical cell models are mainly of 
two types: mathematical [12], [13] and circuital-impedance 
based [14]. Some models are used for on-line estimation of the 
battery state [15]-[17] and are adapted to the specific operating 
conditions. In some recent solutions, charges and discharges are 
considered as stochastic and complex processes, and algorithms 
as Kalman Filter [18], [19], particle filter [20], [21] and others 
are used to simulate the batteries behaviour. Mathematical 
models are in general more accurate and can describe better 
even complex chemical processes than the circuital models; on 
the other hand, they have a higher computational complexity 
[22], [23]. 

For this reason, circuital models are well suited to be used in 
battery management systems. Circuital models use elements 
such as voltage sources, current sources and passive 
components to describe the behavior of a battery. As described 
in [24], Thevenin model [25] is the simplest one based on three 
elements: a voltage generator which represents the open circuit 
voltage (Voc); a resistance R0; and a R-C group to model the 
dynamic processes. This model assumes that the open-circuit 
voltage Voc is constant. Unfortunately, this assumption prevents 
it from capturing steady-state battery voltage variations (i.e., 
DC response) as well as runtime information. Furthermore, one     

R-C group is not sufficient to accurately describe transients, 
which must be described by a higher order circuit. On the other 
hand, the more the R-C groups taken into account are, the more 
the model is accurate and complex. In order to have a good 
trade-off between accuracy and complexity, a good practice is 
to consider just two R-C groups [26] (see Figure 1 for 
reference). In this case, all parameters are function of SoC, SoH 
and T. Some advanced algorithms are used for the parameters 
identification, like genetic algorithms and frequency domain 
algorithms [27], [28]. 

Even though the circuital parameters of the model are 
strongly dependent on temperature, the works mentioned above 
do not analyse the dynamics of the parameters with temperature 
deeply. Differently, the analysis of such aspects would let the 
model get an overall characterization of the battery under test 
in various operating conditions.  

The issue of the dynamics of the parameters depending on 
temperature has been analysed in some recent works, as in [29] 
and [30]. In [29] a dynamic Thevenin model is presented to 
evaluate the changes of the internal resistance with temperature; 
while in [30] it is demonstrated that an improved version of a 
Thevenin Model, whose parameters are determined in function 
of the ambient temperature, lets it have an higher accuracy in 
the description of the battery behavior in different operating 
conditions. In the present paper, we propose a global approach 
based on temperature monitoring which allows to have an 
accurate estimation of battery life and performances. 

 
Fig. 1. Run- time Thevenin Model with two R-C groups. 

 

III. METHODOLOGY 

The models and algorithms above mentioned represent 
faithfully the discharge processes of energy storage systems 
during nominal operating conditions of ambient temperature. 
However, there are two open problems: 

 they are not able to represent both the charge and 
discharge processes, this because the parameters trend in 
function of SoC, SoH and T is not the same for discharge 
and charge processes; 

 the models and algorithms above mentioned, except [29] 
and [30], do not consider the dynamics of parameters as 
due to temperature variations. 
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The solution proposed in this paper is based on an innovative 
double R-C group with a directional circuital model, which can 
faithfully represent battery in both discharge and charge 
processes, using an improved version of the Frequency Domain 
Identification Algorithm (FDIA) [27], [28]. This algorithm 
allows to perform the identification of the circuit parameters 
and their dynamics characterization in function of SoC, SoH 
and T. The circuital model proposed is represented in Figure 2. 
All parameters are function of SoC, SoH, T and of the number 
n of cells of the battery. 

 

 
Fig. 2. Run-time directional circuital model with two R-C groups. 

 
The considered parameters are: Voc, which is the open circuit 

voltage at battery terminals in steady state condition; RDohm and 
RCohm which are to model contact and separator resistances in 
discharge and charge processes, respectively; RDct, CDdl, RCct 
and CCdl which are to model losses and dynamics due to the 
chemical reaction rate in discharge and charge processes, 
respectively; RDdiff, CDdiff, RCdiff and CCdiff which represent losses 
and dynamics due to charge diffusion in discharge and charge 
processes, respectively. Diodes are considered to be ideal, and 
their function is to fix the only available current direction across 
each branch of the circuit. Vbatt is the voltage measured at 
battery terminals. 

The impedance for each branch is: 
 

⎩
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(1) 
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(2) 

with 𝜏஽௖௧ = 𝑅஽௖௧𝐶஽ௗ௟ , 𝜏஽ௗ௜௙௙ = 𝑅஽ௗ௜௙௙𝐶஽ௗ௜௙௙ ,  

𝜏஼௖௧ = 𝑅஼௖௧𝐶஼ௗ௟  and 𝜏஼ௗ௜௙௙ = 𝑅஼ௗ௜௙௙𝐶஼ௗ௜௙௙. 

Separating the real part from the imaginary part, it is possible 
to evaluate: 
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(3) 

this is valid for the branch representing the discharge process, 
and: 
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(4) 

Which is valid for the branch representing the charge process. 
If the temperature is known and constant, and even SoH is 

known, the identification algorithm works as follows: 
1. SoC is measured with Coulomb Counting Technique, 

whose expression is reported in the following: 

0
0

( )
( ) ( ) 100 d

*3600

t

t
eff

i
SoC t SoC t

C

    ;   
(5) 

2. Voc is measured in steady state condition, with Ib=0 

and d / d 0
m

V t  . This condition is reached when all 

dynamic effects due to long transients are exhausted. 
The time needed to complete transients depends on the 
specific battery technology and capacity. So the 
battery is kept in an idle state for a certain amount of 
time, after which, the voltage at battery terminals is 
almost constant and equal to the open circuit voltage. 
Indicating with t0 the instant of time when the current 

flows through the battery is stopped, and with *t  the 
amount of time needed to exhaust transients, it is 
obtained: 

*
0 0

* *
0 0 ( ) ( )

( ) ( ) |batoc SoC t t SoCt t
V t t V t t

 
       

(6) 
 

Using equation (6), the open circuit voltage is 
evaluated by measuring the voltage at battery 
terminals after a specified rest time; 

3. the voltage drop across battery internal impedance is 
measured as: 
 

ocV(t)=V (t) - V (t)batt
; (7) 
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4. V(t) and the battery current Ibatt(t) are evaluated in the 
frequency domain by a FFT transformer; 

5. using equations (1), (2), (3) and (4), the cost functions 
for module and phase are evaluated as in the following 
for discharge and charge processes, respectively: 

   
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(9) 

The cost functions in (8) and (9) are simplified by using the 
Least Squares Optimization Technique. The result gives an 
estimation of the unknown parameters for each branch of the 
circuital model. In this way, by repeating the previous steps in 
different operating conditions of the ambient temperature, we 
have a set of points for each parameter. To interpolate the 
sampled points, a polynomial fitting function has been used. In 
this way, it has been possible to obtain a math relation for each 
parameter which is function of SoC, SoH, T and of the number 
n of cells of the battery: 
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where the values 
ij

v , 
Dij

a , 
Cij

a , 
Dij

b , 
Cij

b , 
Dij

c , 
Cij

c , 
Dij

d , 
Cij

d , 

Dij
e  and 

Cij
e are experimentally evaluated and are function of 

the number n of cells and of SoH. 
The computational complexity of the overall procedure has 

been calculated by analysing the computational complexity of 
each single step of the algorithm, as in the following: 

 FFT transformer, complexity O(NlogN); 

 Least Squares Technique, complexity O(C2N); 

 Polynomial Fitting Technique O(K2); 
where N is the number of samples of a discharge/charge 
process, C represents the circuital parameters and K represents 
the number of points measured for each parameter with the 
procedure described above. Consequently, the total 
computational complexity is O(C2N). 

IV. MEASUREMENT SETUP 

Once the model has been defined, it has been validated on a 
set of cells. Experimental data have been collected by carrying 
out several tests. To do that, an automated experimental 
platform has been built, it is able to monitor and control current 
discharge and standard charge processes for lead acid, Nickel 
based and Lithium ion batteries. Furthermore, the developed 
platform can perform discharge and charge processes with 
pulsed current profiles. It consists of a fast switching power 
supply, a programmable fast switching electronic load, a power 
analyser, two acquisition modules, current and temperature 
transducers. All the instruments are connected through a 
communication bus to an Energy Storage Management System 
implemented in NI LabVIEW environment, which has the task 
to monitor and control charge and discharge processes. 

The automated platform, whose configuration is showed in 
Figures 3 and 4, consists of the following instrumentation: 

 Power Supply Ametek SGI 15/801; 
 Programmable Electronic Load Amrel PLA 10K-60-1500;  

 Power Analyser Yokogawa WT1800; 

 Data Acquisition Switch Agilent 34970A (for temperature 
measurements); 

 NI CompactDAQ with the acquisition module NI9233; 

 a Type J thermocouple; 

 a current transducer LEM CT 10-T; 

 Climatic Chamber Angelantoni Discovery DY250. 

 
Fig. 3. Experimental platform architecture. 
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Fig. 4. Experimental platform instrumentation. 

 

The power supply has to feed current to the battery during the 
charge process, differently it works in open circuit mode during 
the discharge process. On the other hand, the Programmable 
Electronic Load has the task to absorb current from the battery 
during the discharge process. The Power Analyser monitors the 
following parameters with a sampling frequency of 20 S/s: 

 Current [A]; 
 Battery voltage [V]; 

 Single cell voltage [V]; 
 Charge [Ah]; 

 Instantaneous power [W]; 
 Energy [Wh]. 

The Data Acquisition Switch with a Type-J thermocouple has 
the task to monitor the temperature T [°C] of the cell with a 
sampling frequency of 20 S/s. 

During the transients due to pulsed and fast switching in the 
charge and discharge processes, some parameters (Current [A], 
Battery voltage [V], Single cell voltage [V]) are monitored with 
the NI-CompactDAQ and the acquisition module NI9233 at a 
sampling rate of 2 kS/s so to get information on fast changes.  

The current transducer is used to convert the current in 
voltage signal with a sensibility of 10A/5V so to be sampled by 
the NI9233 module. 

The Climatic Chamber has been used to simulate different 
working conditions by changing and maintaining constant the 
ambient temperature in which the batteries operate. Three target 
temperatures have been considered for the characterization of 
the batteries under test: 0 °C, 25 °C and 50 °C. 

Since the final aim of the present study is to evaluate the 
thermal effects on batteries used in electric traction, the 
proposed model has been applied to test LiFePO4 accumulators. 

This accumulator technology is today widely used in electric 
vehicles. The units under test consist of scaled accumulators 
based on two 3.2 V 2300 mAh LiFePO4 cells displaced in series 
configuration. The single cell is shown in Figure 5.  

 

 
Fig. 5. The 2300mAh LiFePO4 cell under test. 

 
The used test profiles have been designed to excite the 

resistive-capacitive behavior of the battery. The methodology 
described in the previous Section has been used to evaluate the 
parameters of the circuital model and their evolution over time.  

All tests have been executed in the Climatic Chamber at 
different temperature set points so to characterize the 
temperature effects on battery performances and life. The 
following procedure has been used for each single set of 
batteries: 

1. the ambient temperature in the climatic chamber is set 
at the target temperature; 

2. pre-charge of the single cell: each cell is fully charged 
before to connect the cells in series to avoid charge 
unbalances; 

3. perform 4 settling discharge and charge cycles: this 
step does not require a deep discharge cycle, the 
battery is discharged down to a 20% of SoC and then 
re-charged; 

4. the ambient temperature in the climatic chamber is 
keep at target temperature for at least two hours before 
to start the parametric test; 

5. Parametric Test: a full discharge cycle is executed and 
followed by a full charge cycle. All discharge cycles 
are Constant Current Discharge with a current rate of 
1C. The charge cycles are Standard Li-Ion Charge 
Cycle at a current of 0.5C. The initial capacity is 
measured with the Coulomb Counting Technique. SoH 
is assumed to be 100%; 

6. the climatic chamber is set to maintain the target 
temperature constant during the test and for two hours 
before to start the test operations;  

7. Pulsed Discharge Profile: the battery is fully 
discharged with a 2C current pulse train. Each current 
pulse extracts from battery a 10% of charge and it is 
followed by a rest time of 1800 s after which Voc is 
measured. Figure 6 shows the used current discharge 
profile;  
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Fig. 6. Current Discharge Profile. 

 

8. Pulsed Charge Profile: the battery is fully charged by 
using a 0.5C current pulse train. Each current pulse 
feeds to battery a 10% charge level and it is followed 
by a rest time of 1800s after which Voc is measured. 
Figure 7 shows the used current charge profile.  

9.  

 
Fig. 7. Current Charge profile. 

 

10. A topping charge (Standard charge) is performed in 
order to complete the charge operation by using a 
constant voltage stage; 

11. Points from 7 to 9 are repeated for 10 times; 
12. The ambient temperature in the climatic chamber is 

maintained still at the target temperature and the 
battery is let at rest for two hours before starting the 
parametric test; 

13. Parametric Test: a full discharge cycle is executed and 
followed by a full charge cycle. All discharge cycles 
are Constant Current Discharge cycle at a current rate 
of 1C. The charge cycles are Standard Li-Ion Charge 
Cycle at a current of 0.5 C. The residual capacity with 
the Coulomb Counting Technique is measured and the 
battery SoH is evaluated by the equation                
𝑆𝑜𝐻 = 100 𝐶௧/𝐶௡௢௠; 

14. Points from 6 to 12 are repeated 3 times. 
The above described test procedure has been carried out on 

three different sets of new batteries. Three target temperatures 
have been chosen: 0 °C, 25 °C and 50 °C. The final aim of the 
performed tests was to obtain information about the battery run-
time behavior and its lifetime evolution in different operating 

conditions of the ambient temperature. Data obtained from the 
tests have been processed with the algorithm described in 
Section III and the obtained results are shown in Section V. 
 

V. RESULTS 

The experimental results have allowed us to characterize the 
resistive-capacitive model of the battery in function of its State 
of Charge, State of Health and Temperature in order to evaluate 
the temperature impact on the battery performances and life. 

For what concerns internal resistances RDohm and RCohm, the 
values experimentally measured include the contribution of the 
contact resistance due to the electrical contacts. The contact 
resistance Rcontact was measured at each target temperature with 
the Fall of Potential Method, so obtaining: 

0.0230 0

0.0190 25

0.0165 50

contact

T C

R T C

T C







 

  

 







  

  
 

(11) 

The Rcontact value has been subtracted from the measured data 
points in order to evaluate the correct values of RDohm and RCohm, 
so improving the accuracy of the functions of all considered 
parameters. In detail, to show the experimental results, for each 
considered parameter, the respective equation and graph are 
reported in the following. 

The equation and graphical representation of the Voc function 
are reported below by considering its dependence from T and 
SoC with SoH=100%, respectively in (12) and in Figure 8: 

0 0

( , , , ) ( , ) * *
m m

i j

oc ij

i j

V SoC SoH T n v SoH n SoC T
 

         (12) 

 
Fig. 8. VOC trend in function of SoC and T. 

 
Figure 8 shows how the open circuit voltage depends on the 

State of Charge and Temperature. In fact, Voc increases as the 
SoC increases, but it has also a strong dependence on T. In 
detail, by keeping SoC constant, Voc increases with T getting a 
maximum value between 30 °C and 40 °C. This depends on the 
battery SoC. 

The equation and graphical representation of the RDohm 
function are reported in (13) and in Figure 9, respectively: 

0 0

( , , , ) ( , ) * *
m m

i j

Dohm Dij

i j

R SoC SoH T n a SoH n SoC T
 

           (13) 



Sensors-27834-2019.R1 

 

7

 
Fig. 9. RDohm trend in function of SoC and T. 

 

In detail, Figure 9 shows how the internal resistance in the 
discharge branch depends graphically on SoC and T. Higher 
internal resistance values are cause of greater losses, 
consequently it involves a lower efficiency in transferring 
charge. RDohm is lower when the battery has full-charge and 
increases as the battery is discharged and the SoC decreases. 
This parameter has also a strong dependence on temperature, in 
particular it increases as temperature decreases, which means 
that the battery does not operate well at low temperatures. 

The equation of the RDct function is reported in (14): 

1

0 0

2

0 0

3

0 0

( , ) * * 0.4

( , , , ) ( , ) * * 0.4 0.7

( , ) * * 0.7

m m
i j

Dij

i j

m m
i j

Dct Dij

i j

m m
i j

Dij

i j

b SoH n SoC T SoC

R SoC SoH T n b SoH n SoC T SoC

b SoH n SoC T SoC

 

 

 



  

















                        (14) 

Because of the discontinuous trend of data points, the best fit 
result has been obtained by cutting this function in three parts 
determined by three different ranges of SoC.  

This resistance describes the losses due to the battery 
electrochemical reaction. The minimum values have been got 
in the SoC range from 50% to 80%. Then it increases as the 
battery is discharged and the SoC decreases. 

The equation and graphical representation of the CDdl 
function are reported in (15) and in Figure 10, respectively: 

0 0

( , , , ) ( , ) * *
m m

i j

Ddl Dij

i j

C SoC SoH T n c SoH n SoC T
 

                  (15) 

 
Fig. 10. CDdl trend in function of SoC and T. 

Figure 10 shows how the double-layer capacitance in the 
discharge branch depends on SoC and T. This parameter and 
RDct allow us to model the dynamics due to the battery chemical 
reaction. In particular, CDdl does not vary significantly with SoC 
except at high temperatures. As a consequence, during a 
discharge process, there are not huge variations in CDdl value. 
Differently, it has a significant dependence on T, so CDdl 
increases with T and, at high temperatures, it decreases while 
the battery is discharged. This means that the dynamic due to 
the chemical reaction is slower at high temperatures. 

The equation and graphical representation of the RDdiff 

function are reported in (16) and in Figure 11, respectively: 
 

0 0

( , , , ) ( , ) * *
m m

i j

Ddiff Dij

i j

R SoC SoH T n d SoH n SoC T
 

                (16) 

 

Fig. 11. RDdiff trend in function of SoC and T. 

 
Figure 11 shows how the diffusion resistance in the discharge 

branch depends on SoC and T. This resistance describes the 
losses due to the diffusion of carriers. RDdiff is higher at higher 
temperatures and does not vary significantly during the 
discharge process, except near to the end of the discharge 
condition. 

The equation and graphical representation of the CDdiff 

function are reported in (17) and in Figure 12, respectively: 
 

0 0

( , , , ) ( , ) * *
m m

i j

Ddiff Dij

i j

C SoC SoH T n e SoH n SoC T
 

                (17) 

 
Fig. 12. CDdiff trend in function of SoC and T. 

 
Figure 12 shows how the diffusion capacitance in the 

discharge branch depends on SoC and T. This parameter and 
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RDdiff allow us to characterize the dynamics due to the diffusion 
of carriers, in this case the diffusion process is slower than that 
due to the chemical reaction. CDdiff (as CDdl) does not vary 
significantly with SoC except at high temperatures. As a 
consequence, during a discharge process, there are not huge 
variations in CDdiff value. Differently, it has a significant 
dependence on T, so CDdiff increases with temperature and, at 
high temperatures, it decreases while the battery is discharged. 
This means that the dynamics due to the diffusion of carriers 
are slower at high temperatures. 

The equation and graphical representation of the RCohm 

function are reported in (18) and in Figure 13, respectively: 
 

0 0

( , , , ) ( , ) * *
m m

i j

Cohm Cij

i j

R SoC SoH T n a SoH n SoC T
 

                (18) 

 
Fig. 13. RCohm trend in function of SoC and T. 

 
Figure 13 shows how the internal resistance in the charging 

branch depends on SoC and T. Higher internal resistance values 
are cause of greater losses with a lower efficiency of the 
charging process. Differently from what happens on the 
discharge branch, RCohm is lower when the battery is empty and 
increases as the battery is charged and the SoC value increases. 
The curve slope becomes greater at the end of the charge 
condition, i.e. when the battery begins to refuse further charge. 
This parameter has a strong dependence on T, so both RCohm and 
RDohm increase as temperature decreases, which means that the 
battery does not operate well at low temperatures. 

The equation and graphical representation of the RCct function 
are reported in (19) and in Figure 14, respectively: 

0 0

( , , , ) ( , ) * *
m m

i j

Cct Cij

i j

R SoC SoH T n b SoH n SoC T
 

               (19) 

 
Fig. 14. RCct trend in function of SoC and T. 

 
Figure 14 shows how the charge transfer resistance in the 

charging branch depends on SoC and T. RCct describes the losses 
due to the battery electrochemical reaction during the charge 
process. The minimum values have been got in the SoC range 
from 20% to 40%. Then it increases as the battery is charged 
and the SoC increases. Similarly to RCohm, RCct is higher at low 
temperatures. 

The equation of the CCdl function is reported in (20): 

1
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 
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
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


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


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                         (20) 
 

Because of the discontinuous trend of data points, the best fit 
result has been obtained by cutting this function in three parts 
determined by three different ranges of SoC. This parameter 
and RCct allow us to model the dynamics due to the battery 
chemical reaction during the charge process. CCdl is higher at 
high temperatures. 

The equation and graphical representation of the RCdiff 

function are reported in (21) and in Figure 15, respectively: 

0 0

( , , , ) ( , ) * *
m m

i j

Cdiff Cij

i j

R SoC SoH T n d SoH n SoC T
 

                 (21) 

 
Fig. 15. RCdiff trend in function of SoC and T. 

 

Figure 15 shows how the diffusion resistance in the charging 
branch depends on SoC and T. RCdiff represents the losses due to 
carriers diffusion during the charge process. The minimum 
values have been got in SoC range from 20% to 40%. Then it 
increases as the battery is charged and the SoC increases. 
Similarly to RCohm and RCct, RCdiff is higher at low temperatures. 
The equation of the CCdiff function is reported in (22): 
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(22) 
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Because of the discontinuous trend of data points, the best fit 
result has been obtained by cutting this function in three parts 
determined by three different ranges of SoC. This parameter 
and RCdiff allow us to model the dynamics due to carriers 
diffusion during the charge process, this diffusion is slower than 
that due to the battery chemical reaction. 

The above 3D functions have been computed by using the 
polynomial fitting technique between known points of the 
software Wolfram Mathematica. The sets of data points refer to 
the tests carried out at the target temperature values 0 °C, 25 °C 
and 50 °C with SoC  intervals of 0.1. 

The conclusion of this experimentation was that the battery 
set which has been tested at 50 °C has lost much more capacity 
then the batteries tested at 0 °C and 25 °C. The capacity was 
measured with the Coulomb Counting technique during the 
parametric tests. Table I reports the available capacity at the end 
of the experimentation for each unit under test. 

 

 
Further analysis comes from the characterization of the 

proposed model. By considering the model and analysing the 
values of each parameter cycle by cycle, it is possible to obtain 
a curve which describes the evolution of the single parameter in 
function of the number of cycles and of the temperature. The 
reference parameter to evaluate the battery ageing is the internal 
resistance RDohm in the discharge branch. From literature, an 
increment of the internal resistance in the same operating 
conditions and at the same State of Charge can be directly 
related to a reduction of the battery State of Health. Figure 16 
shows the RDohm curve at SoC=90% in function of the number 
of cycles and of the temperature.  

 

 

Fig. 16. RDohm evolution in function of the number of cycles and T at SoC=0.9. 

 
The curve is obtained with the polynomial fitting technique, 

and the data points are depicted by red dots. Figure 17 shows 
the partial derivative /

Dohm
R n   function. It provides significant 

information on how the variation of RDohm is fast in the different 
operating conditions. 

 
Fig. 17. Partial derivative /

Dohm
R n   of the function reported in Figure 16. 

 

It is interesting to note that for all operating conditions the 
function /

Dohm
R n   has a negative trend in the first 3-5 cycles, 

i.e. the internal resistance decreases in the starting cycles. Then 
it reaches its final value. This behaviour is because a new 
battery needs some training charge/discharge cycles in order to 
reach its maximum performances. Then the internal resistance 
increases as battery ages. The curve, obtained by interpolating 
the experimental data, highlights that the internal resistance 
does not vary significantly at low and mid temperatures in the 
first 30 cycles. 

The graph of the resistance RDohm has its maximum values at 
0°C. Then it decreases with the increase of the temperature, 
obtaining the minimum value of the internal resistance at 50 °C. 
However, if in the range of temperature from 0 °C to 30°C the 
internal resistance does not vary significantly in the first 30 
cycles, this is not true at higher temperatures. In fact, the higher 
is temperature the faster internal resistance increases over time. 
It is important to note that high values of internal resistance 
mean high losses, consequently this is indicative of a low 
energy efficiency during the discharge and charge processes. In 
addition, the battery reaches earlier the fully discharged and 
fully charged states, entailing as consequence a capacity 
reduction.  

For these considerations, LiFePO4 batteries are not well 
suited to work at low temperatures. By observing the previous 
functions and graphs, at first glance, it would seem that the 
battery works better around 50°C, i.e. at high temperatures, 
since the internal resistance is lower. Nevertheless, it is only a 
transient condition. In fact, after few cycles, the internal 
resistance begins to increase, consequently it is cause of an 
irreversible loss of capacity and loss of efficiency during the 
discharge and charge processes. Therefore, in conclusion high 
temperatures are very harmful to battery life. Figure 17 shows 
that higher is the ambient temperature faster the internal 
resistance increases and then the battery ages early. 

By analysing data and curves in Figures 16 and 17, it is 
possible to conclude that to assure the best performances of the 
examined battery technology, it should never operate out of a 
specific temperature range, which has been experimentally 
estimated to be in the range from 20 °C to 30 °C. This ambient 
temperature interval assures good working conditions for 
LiFePO4 batteries. The optimal trade-off between instantaneous 
performances and lifetime extension has been obtained with a 

TABLE I 
RESIDUAL CAPACITY AND SOH AT THE END OF TEST OPERATIONS 

 
Starting 

Capacity [Ah] 
Final 

Capacity [Ah] 
 

SoH [%] 

  0°C 2.22 2.13 96 
25°C 2.22 2.175 98 
50°C 2.22 2.05 93 
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temperature value around 27°C. 
 

VI. VALIDATION 

To validate the model, additional discharge/charge tests have 
been performed on new batteries at intermediate ambient 
temperature values: 12 °C and 38 °C. The trend of the measured 
voltage values at the battery terminals has been compared with 
the values estimated by the model. 

The Vbatt values estimated by the model have been computed 
by carrying out simulations in PSPICE environment. The 
circuital model in Figure 2 has been stimulated by using the 
same current profiles used in the previous tests. The overall 
computational complexity is equal to the complexity of the 
SPICE algorithm, see [31] for further reference. 

A measure of the model accuracy is given by the evaluation 
of the relative error. Its mean value is below 0.25%, whereas its 
peak value never exceeds 7%. As an example, Figure 18(a) 
reports the comparison between the Vbatt values estimated by the 
model and the experimentally measured Vbatt values. Figure 
18(b) reports the relative error obtained during the discharge 
process at 12°C with an initial SoC of 50%. In this case study, 
the medium error is equal to 0.228% and the peak error obtained 
during the fast transients is equal to 6.9%. 

 

 
(a) Vbatt estimated by the model vs Vbatt measured. 

 
(b) Relative Error. 
 

Fig. 18. Discharge Process: Vbatt estimated by the model vs Vbatt measured for 
T=12°C, SoC=50%. 

 
Figure 19(a) reports the comparison between the Vbatt values 

estimated by the model and the experimentally measured Vbatt 
values. Figure 19(b) shows the relative error for a charge 
process at 12°C with an initial SoC of 27%.  

 
(a) Vbatt estimated by the model vs Vbatt measured. 
 

 
(b) Relative Error. 

Fig. 19. Charge Process: Vbatt estimated by the model vs Vbatt measured for 
T=12°C, SoC=27%. 

 
In this case study, the medium error is below 0.174% and the 

peak error obtained during the fast transients is equal to 1.36%. 
A comparison in terms of mean relative error (𝑒𝑟തതത[%]) and 

maximum relative error (𝑒𝑟௠௔௫[%]) between the above proposed 
model and the single RC group thermal models described in 
[29] and [30] is reported in Table II. 

 

VII. CONCLUSION 

In this paper, an innovative approach to characterize the 
thermal effects on energy storage systems has been proposed. 
The present study aims to prove the effectiveness and 
importance to use sensing systems to monitor the working 
temperature of battery packs used in automotive applications. 
For this purpose, an innovative runtime circuital model has 
been developed to characterize the LiFePO4 battery working 
conditions during the charge and discharge processes. The 
model has been characterized in the “Laboratorio RENEW-
MEL” laboratory by means of tests performed on three different 
sets of LiFePO4 batteries. At this moment, this battery 
technology is widely spread in the automotive market. Three 
different ambient temperature set points have been chosen for 

TABLE II 
RELATIVE ERROR OF THE MODELS 

 
𝑒𝑟തതത[%] 

≤ 
𝑒𝑟௠௔௫[%] 

≤ 
Proposed Model 0.25 6.9 
Dynamic Thevenin Model [29] 1.9 4.8 

Temperature dependent RC Model [30] 1 7.9 
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the tests: 0 °C, 25 °C and 50 °C. A climatic chamber has been 
used to simulate these three thermal working conditions. Once 
the tests have been completed, the experimental results have 
been analysed in the time and frequency domains in order to get 
the parameters of the capacitance-resistance model of the tested 
battery technology. For each parameter, it has been estimated 
the mathematical equation describing the dependence on 
temperature, state of charge, state of health and number of cells. 
A non-linear interpolation technique has been used to fit each 
equation and graph to the data points. The trends of the internal 
resistance obtained in the several charge/discharge cycles have 
been analysed and compared. The present study has allowed us 
to highlight the significance to consider the working 
temperature as an indicator of battery ageing. This has entailed 
the identification of an ideal working temperature range for the 
battery technology under test in order to optimize the battery 
performances over time in terms of energy efficiency and 
extension of useful life. A further comparison with analogous 
works reported in literature has highlighted the good accuracy 
of the proposed model in terms of mean relative error. 
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