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Abstract: The influence of variable weather conditions on the performance of the battery that
powers electric vehicles (EV) was studied and analyzed. This paper also deals with the effects that
changes in the performance of the battery have on the driving range of the vehicle. An algorithm to
evaluate the influence of temperature on the behavior of the battery and on the real driving range
of electric vehicles was developed. Our theoretical approach was assessed in experimental tests
run under operating conditions that reproduce real situations. A correction factor was obtained
to match theoretical and experimental values with an accuracy higher than 98%. A linear relation
between driving range and ambient temperature was observed from a simulation process, with a high
regression coefficient. The relation shows that the driving range increases with ambient temperature.
The ratio of the estimated driving range from the simulation process and the standard value for a
reference temperature of 25 ◦C was obtained. The ratio shows that the global driving range can be
increased by up to 29% in high temperatures associated with the summer season, while for very low
temperatures, near −30 ◦C, the global driving range is reduced by 20%. The comparative analysis of
the driving range for different temperatures shows that there is a reduction of about 18% for the low
range of ambient temperatures, between −15 ◦C and 5 ◦C, while for medium temperatures, between
5 ◦C and 25 ◦C, the reduction in the driving range is only 4.6%. Finally, tests demonstrated that with
a reduction in high temperatures from 25 ◦C to 35 ◦C, the driving range only reduced by about 0.4%.
For higher temperatures, around 50 ◦C, the longest driving distance can be achieved, with a higher
accuracy.

Keywords: electric vehicle; battery performance; temperature effects; meteorological conditions;
driving range

1. Introduction

The implementation of electric vehicles (EV) to reduce environmental pollution and
to avoid the negative influence of global atmospheric heating and climatic change due to
greenhouse effects has become the main political goal of supranational institutions such as
the European Commission (EC) and other public and private organizations [1–6], which
have united with the common goal of reducing carbon emissions [7–15].

The spread of electric vehicles is hampered by the high costs, low autonomy, the reluc-
tance of users to switch to this new technology, and the insufficient charging infrastructure.
These are key points that impede the full implementation of EV in road transportation and
generate doubts when purchasing electric vehicles [16,17]. The price is heavily dependent
on technological development and mass production, particularly in relation to the high
price of lithium batteries that power EV. The insufficient charging infrastructure is related
to investment, since the profitability of installing an electric vehicle charging station is still
highly questionable, and the balance between advantages and drawbacks is not clearly
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established [18–20]. This profitability depends on how many vehicles use the charging
station facility, which has become a vicious circle: there are no charging stations because
there are not enough electric vehicles, and there are no electric vehicles because there are
not enough charging stations. The low autonomy is directly related to the capacity of the
battery [21,22], which has led researchers to improve its performance and make it more
efficient [23–25]. Despite all the efforts devoted to increasing the driving range of electric
vehicles, their comparatively lower desirability as compared to conventional combustion
engine cars continues to be one of the limiting aspects for the adoption of electric vehicles
as the primary option for future transportation.

Supercapacitors are another option to power electric vehicles [26], although they suffer
from quick discharge in high power units and slow discharge in lower power units. Some
research has been devoted to the hybridization of batteries and supercapacitors in power
electric vehicles, using the supercapacitor to supply high-rate discharge when high power
is required, and using the batteries for medium or low discharge rates during moderate or
low power requirements [27].

Battery performance can be improved by the use of the equivalent consumption
minimization strategy (ECMS), although this method is currently applied to hybrid electric
vehicles (HEV) or plug-in hybrid electric vehicles (PHEV) [28,29]. Another method for
the improvement of the battery performance is model predictive control (MPC), which
can be applied either to electric vehicles (EV) [30], plug-in hybrid electric vehicles [31], or
hybrid electric vehicles [32]. The two above mentioned methods can be combined with the
method proposed in this paper, thus improving the management of battery performance
and optimizing its operation.

One additional aspect that affects the autonomy of a battery, and thus the driving
range of an electric vehicle, is the temperature; this factor does not depend on technological
advances, but conditions the useful time the battery is capable of delivering charge and
energy. A large selection of studies can be found in the literature analyzing the influence of
temperature on the performance of the battery of EV. Some of them are related to the general
behavior of the battery as an electrochemical device [33–37], while others deal with the
management procedure to minimize the negative effects of temperature or to characterize
how thermal management may improve the performance of the battery [38–40].

It appears that the effects of temperature on the performance of the battery in electric
vehicles have been adequately characterized and that the positive and negative influence
has already been analyzed and evaluated. Nevertheless, the influence of dynamic changes
in ambient temperature on the performance of the battery remains under explored. This is
why the effects of variable meteorological conditions should be studied and their impact
on the behavior of the battery and on the driving range of the powered electric vehicle
analyzed.

2. Theoretical Background
2.1. Effects of Temperature on Battery Capacity

The battery capacity in lithium-ion batteries is given for specific operating conditions,
and more precisely, to a specific discharge rate, which is currently 20 h. Therefore, the
capacity of a battery is modified if the discharge current differs from the reference one,
given by:

Cj = Cn fC (1)

where Cn is the 20 h rate battery capacity, also known as the nominal capacity, and fC is the
capacity correction factor that considers the variation of the capacity with the discharge
rate. This correction factor is expressed as [41]:

fC = 0.9571(tD)
0.0148 (2)
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tD accounts for the real discharge time, which can be obtained from:

tD =
Cn

ID
(3)

where ID is the real discharge current, and the nominal capacity is given by the battery
manufacturer.

The expression for the battery capacity is related to standard conditions, which means
a standard temperature of 25 ◦C (298 K); however, if the temperature changes, the capacity
of the battery is also changed depending on the temperature variation. This dependence is
expressed by the following relation [42]:

CT = Cj

1.0047

(
ID
Ire f

)1.0213(Tre f

TD

)0.4393
 (4)

where CT is the real capacity of the battery for the specific operating temperature, ID and
Iref are the operating and reference current discharge value, respectively, and TD and Tref
are the operating and reference temperature value, respectively.

Combining Equations (1) to (4), we obtain:

CT =

[
0.9571 (Cn)

1.0148

(ID)0.0148

][
1.0047

(
ID
Ire f

)1.0213( Tre f
TD

)0.4393
]
=

= 0.9616(Cn)
1.0148 (ID)1.0063

(Ire f )
1.0213

( Tre f
TD

)0.4393 (5)

Equation (5) provides the algorithm to determine the real capacity of the battery for
any temperature and discharge current conditions.

Relating the battery capacity to electric vehicle driving range, we have:

DR =
CT
Rdr

Vbat (6)

Rdr is the driving range rate of the electric vehicle for standard conditions, and Vbat is
the battery operating voltage. It is assumed that the electric engine operates at the same
voltage as the battery.

Although the battery voltage decays with energy consumption as the electric vehicle
is running, in the case of lithium-ion batteries, the decay is produced very slowly, so the
battery voltage can be considered fairly constant, especially if the time interval is short.

Nevertheless, to develop a more precise determination of the performance of the
battery, the driving range was divided into segments, assuming the operation conditions
remain constant for every segment. This is true if the time interval for every segment
is short enough to assure that the changes in any of the variable parameters are low or
negligible.

When a trip segmentation process has been applied, and considering the discharge
rate, the battery voltage, and the operating temperature to be constant, the real driving
range of the electric vehicle can be expressed as:

DR =
n

∑
i=1

(DR)i (7)

where the partial driving range of every segment (DR)i can be obtained applying Equation (5)
to Equation (6), and applying specific operating conditions for the i-segment of the trip;
therefore:

(DR)i =
Vbat,i

Rdr,i

0.9616(Cn)
1.0148 (ID,i)

1.0063(
Ire f

)1.0213

(Tre f

TD,i

)0.4393
 (8)
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Since the temperature for specific weather conditions can be considered constant, we
have:

DRi = 0.9616
(Cn)

1.0148(
Ire f

)1.0213

(Tre f

TD

)0.4393[Vbat,i

Rdr,i
(ID,i)

1.0063
]

(9)

To obtain the real driving range of the vehicle, a trip segmentation process must
be applied with every segment of the trip, while maintaining the discharge rate and the
operating temperature constant; under these premises, the driving range can be expressed
as in Equation (7).

The driving range is dependent on driving conditions, and thus on the driving force
and vehicle speed. Using the dimensions equation formulism, we obtain:

[Rdr] =

[
ξ(Wh)
d(km)

]
→ [Rdr] =

Pt(W)t(h)
d(km)

=
F(N)d(m)t(h)

d(km)t(s)
= 3.6[F(N)] (10)

Equation (10) gives a simple way to determine the driving range rate using the driving
force, which leads us to analyze the driving conditions for every segment of the trip.

2.2. Driving Conditions

During the trip, multiple forces are applied to the car, e.g., gravity, wind drag, rolling
resistance, ground reaction, and engine force.

To write the force equations, the reference illustrated in Figure 1 was used.

Figure 1. Schematic of the reference used to calculate forces.

The above-mentioned five forces can be expressed in a single equation as follows:

F = m
→
a −mg

(
− sin α

→
ux − cos α

→
uy

)
−mg

→
uy − Crmg cos α

→
ux − κ(vv − vw)

2→ux (11)

where m is the vehicle’s mass,
→
a is the acceleration vector, α is the road’s tilt, κ is the drag

force coefficient due to the wind resistance to the forward movement, v is the velocity, with
subindex v for the vehicle and w for wind, and Cr is the rolling coefficient, which depends
on the temperature as in:

Cr,1 = 1.9× 10−6T2 − 2.1× 10−4T + 0.013 + 5.4× 10−5vv (12)

Equation (11) can be applied considering the slope of the road to be constant for ascent
and descent segments, and assuming the wind speed is maintained around an average
value during the trip.

When tire pressure is taken into consideration, the rolling coefficient is given by:

Cr,2 = 0.005 +
To

Tpo

[
0.01 + 0.0095

( vv

100

)2
]

(13)
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The results for the Cr coefficient given by Equations (12) and (13) are near to each other
for the same temperature; therefore, we used the average value:

Cr =
Cr,1 + Cr,2

2
(14)

The drag force coefficient is given by:

κ =
1
2

ρaSCx (15)

where ρa is the air density, S is the front area of the vehicle, and Cx the dynamic drag
coefficient.

Since Equation (11) is given in vector form, and the driving range rate is a scalar
magnitude, the vector expression for the driving form must be transformed into a scalar
magnitude, making use of the vector analysis; the resulting force is, therefore:

F =
(

F2
x + F2

y

)1/2
(16)

where the x and y component of the driving force are given by:

Fx = max + mg sin α− Crmg cos α− κ(vv − vw)
2

Fy = may + mg cos α−mg
(17)

Thus, the driving force expression for the i-segment results in:

Fi =

[(
max,i + mg sin αi − Cr,img cos αi − κi(vv,i − vw,i)

2
)2

+
(
may,i + mg cos αi −mg

)2
]1/2

(18)

Moreover, the driving range rate for the same i-segment is, therefore:

Rdr,i = 3.6Fi (19)

where the driving range rate is expressed in Wh/km, and the force in newtons.
The combined use of Equations (9), (18) and (19) gives the driving range for the specific

i-segment.

DRi = 0.267
(Cn)

1.0148(
Ire f
)1.0213

(
Tre f

)0.4393

 Vbat,i(ID,i)
1.0063/(TD)

0.4393[(
max,i + mg sin αi − Cr,img cos αi − κi(vv,i − vw,i)

2
)2

+
(
may,i + mg cos αi −mg

)2
]1/2

 (20)

To evaluate the real driving range, every partial value corresponding to an i-segment
of the trip must be converted into fractional depth of discharge (DOD); the relation between
depth of discharge and driving range is:

DODi =
ID,iVbat,iti

Rdr,i(DR)i
(21)

where ti is the running time for the i-segment.

2.3. Methodological Procedure

The calculation process of the global driving range determines every single value of
the depth of discharge for the i-segment and computes the addition of all the values until
the maximum DOD is reached. Considering the battery is fully charged at the beginning
of the process and can be discharged until full depletion, the DOD range is 100% or in
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normalized values ∆DOD = 1. Therefore, the addition of all terms given by Equation (21)
must fulfil the following condition:

n

∑
i=1

ID,iVbat,iti

Rdr,i(DR)i
= 1 (22)

To determine the partial depth of discharge corresponding to every segment of the
trip, we developed a control software that follows the flowchart shown in Figure 2.

Figure 2. Flow chart of the control software.
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The program operates based on a set of parameters that remain constant for the whole
process, such as the nominal capacity of the battery, the reference values for the battery
temperature and discharge current, and the ambient temperature for the specific time of
the year when the discharge process is taking place. The mass of the electric vehicle and
gravity acceleration are also set parameters.

The variable inputs for the program are the battery voltage, the discharge current, and
the dynamic conditions, such as the vehicle acceleration and speed, the tilt of the road, the
rolling coefficient, the wind velocity, and the drag force coefficient.

Input values are taken from specific sensors that should equip the electric vehicle to
obtain the required software information.

The control software runs in a loop until the depth of discharge fulfils the condition
marked in the flow chart. We noticed that the limit imposed on the lowest value of the
depth of discharge can be values other than one; this is because, for various reasons, the
user could decide to limit the discharge of the battery to a lower value to preserve an
amount of energy for other uses such as charge exchange with the grid.

Some set parameters, such the nominal capacity and the reference values of tempera-
ture and discharge current, can be obtained from the battery manufacturer, and the ambient
temperature, the mass of the vehicle, and the dynamic drag coefficient can be obtained
from meteorological services or the car manufacturer.

This control software can be applied to any environmental condition with only the
ambient and battery temperature needing to be changed; therefore, it is very adaptive to
variable weather, e.g., the seasonal evolution.

2.4. Modeling and Simulation

To evaluate the performance of the model, we designed and built a prototype model at
laboratory scale, reproducing the behavior of a real electric vehicle under variable weather
conditions. The electric vehicle was simulated by a variable load made up of a resistance
circuit electronically controlled by a control unit. This control unit is an Arduino board
Mega 2560 commanded by a program that operates with digital values between an upper
and a lower value, which correspond to the minimum and maximum external load of an
electric circuit (Figure 3).

Figure 3. Schematic view of the microcontroller operation.

The simulation process was developed for every segment of the trip, assigning a
current to any segment. The current at the segment i is given by:

Ii =
0.7937

255
Vbat,i(PWM)i (23)
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where Vbat,i is the battery voltage at the beginning of the i-segment, and PWMi is the
value of the so-called pulse according to modulation provided by the Arduino board. The
duration of the segments and the current value assigned to the segments were stored in the
Arduino board memory. No motor was used; it was replaced by a power resistor. The value
of the Arduino PWM signal cut the alimentation voltage at power resistor boundaries, the
average value of which is given by:

VPR =
(PWM)Vbat

255
(24)

where VPR accounts for the voltage of the power resistor, PWM is the pulse according to the
modulation signal, between 0 and 256, and Vbat is the voltage of the battery that supplies
power to the circuit.

Because there was a power resistor of 1 Ω connected to the motor controller, the
current through the power resistor was proportional to the voltage of the power resistor,
VPR (Figure 4). The linear dependence between current and voltage is expressed by the
following relation:

I = 0.792V (25)

where I is the current and V is the voltage.

Figure 4. Relation between current and voltage at the motor controller.

As a first approach, the current can be considered equal to the current delivered by
the battery. The motor controller was composed of a MOSFET transistor, so it had a low
current consumption. Therefore, the correct PWM signal was set regarding the alimentation
voltage of the motor controller, which was the battery voltage and the value of the current
stored in the Arduino memory during the segment. The motor controller was a HW-039
board composed of two BTS7980 units, which allowed us to create a high current. The
Arduino board read the battery voltage and the power resistor voltage, and generated the
PWM signal. The electronic circuit is shown in Figure 5.

The simulation process was run in MATLAB programming, using a temperature
interval from −20 ◦C to 50 ◦C. The minimum temperature attained in the laboratory tests
was 8 ◦C since the cooling system could not operate below 5 ◦C; however, the maximum
temperature attained was higher than 50 ◦C. Therefore, the model was validated for this
temperature range although it is applicable in an extended range.



Future Transp. 2023, 3 634

Figure 5. Layout of the experimental simulator.

2.5. Experimental Tests

Three different tests were run at temperatures of 8 ◦C, 32 ◦C, and 50 ◦C to evaluate the
performance of the system under variable weather conditions. The tests were intended to
reproduce the evolution in the battery performance when changes in ambient temperature
occur, and how these changes modified the expected driving range of the vehicle.

Changes in environmental conditions were simulated by means of a thermostatic
chamber where the experimental prototype was inserted; for the hot climate simulation,
the chamber was connected to a heating system made up of a commercial convection heater
that blew hot air into the chamber at temperatures of up to 130 ◦C. If a cold climate was
being reproduced, the commercial heater was replaced by an air conditioning system that
was able to cool down temperature in the chamber to 5 ◦C.

During the tests, it was assumed that there was a thermal equilibrium between the
battery and the environment, and that the thermal inertia of the battery was negligible, so it
operated in a quasi-steady state for the entire test. To verify this statement, the temperature
was measured in the air chamber and the battery. If the temperature differed by less than
1 ◦C, it was considered that thermal equilibrium was reached; otherwise, the temperature
of the chamber was maintained by controlling the heater or the air conditioning unit until
the condition was fulfilled.

Taking this into consideration, we were able to operate at almost any temperature,
provided that the temperature fell in the operating range given by the hot and cold air in
the chamber.

This study evaluated the changes in the performance of the battery, thus on the
driving range of the electric vehicle, as a function of thermal gradients, which is a more
representative parameter of climatic condition variations than the temperature itself. Since
the experimental system attempted to be a faithful reproduction of real conditions, changes
in the temperature were controlled to match real conditions, which were obtained from
the local ambient temperature at the different control spots of the trip and the speed of the
electric vehicle.

The simulated trip was in an urban area with an estimated standard driving range of
200 km. The global distance corresponded to a set of daily trips of equal travelled distance
of 40 km, which means that the simulation corresponded to a labor week of five working
days. The study was applied to different weather conditions, corresponding to periods
of the year where the ambient temperature is different. In our case, we supposed the
maximum and minimum ambient temperatures to be 8 ◦C and 48 ◦C, which correspond
to a cold climate in winter and a very hot climate in summer. An intermediate value of
temperature, 32 ◦C, was taken as representative for the periods of fall and spring.
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The first group of tests was run for a reference temperature of 32 ◦C. The simulated
trip was divided into 231 segments of 865 m each. The selected number of segments was
the result of dividing the maximum current gap allowed by our control system, 11.5 mA,
by the minimum current interval the system can detect within the accuracy of the Arduino
unit, which was 50 µA.

The slope of the road was taken from the route profile provided by the geographic
information system (GIS) of the zone [43]. An example of the output information generated
by the GIS service is shown in Figure 6.

It can be noticed that the route profile is quite flat, with a maximum difference in
altitude of around 100 m, which corresponds to a city with a moderate elevation profile.

To run the simulation, the system was submitted to different current values controlled
by the Arduino program. The experimental value of the current for the i-segment is given
by the expression:

ID,i =
Fi < v >i

Vbat,i
(26)

where force F is obtained from Equation (18), <v> is the average value of the vehicle speed
at the i-segment, and Vbat is the battery voltage obtained from direction measurement at
the simulation electric circuit.

Figure 6. Elevation profile with travelled distance.

The results from the simulation for the case of an ambient temperature of 32 ◦C are
presented in Figure 7.

We observed that there is a very good correlation between the theoretical values and
experimental data, except for the upper values of the range when the travelled distance
was higher. The deviation, however, was corrected at the end of the trip, showing a perfect
match between the theoretical and experimental data.

The maximum deviation in the range from 0 to near 100 km of the travelled distance
was 5% in the DOD value. The deviation increased to a maximum of 15% at 175 km, with
an average value of 10% in the range from 100 km to 175 km. From this latter point on, the
simulation predicted a merge of the theoretical and experimental values, which altered the
previous trend.

The analysis of the simulation results show that the theoretical approach underesti-
mated the battery depth of discharge for short travelled distances and overestimated the
depth of discharge for long distances.

Until now, we have not found a reasonable explanation for this apparently anomalous
behavior in the experimental evolution of the DOD, which can be attributed to the lack of
linearity in the battery performance with the current produced.
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Figure 7. Simulation results of battery performance for Tamb = 32 ◦C.

Correlating both curves to a linear fitting, we obtained the following algorithms:

DODth = 0.0004d− 0.6466 (R2 = 0.9981)
DODexp = 0.0003d + 5.636 (R2 = 0.9667)

(27)

The correlation algorithms indicate that there was an average deviation of 3.14%
in the theoretical prediction related to experimental values. The theoretical prediction
underestimated the DOD value for low travelled distances, within the range 0–100 km,
which represents half the distance of the driving distance, and overestimated the DOD for
the second half of the driving distance.

The slope of the linear correlation for both the theoretical and experimental curves
differed by 30%, which indicates the performance of the battery cannot be fairly reproduced
with the theoretical simulation process. Therefore, we applied a correction factor to match
theoretical and experimental values that evolves with the travelled distance according to
the expression:

f = −7× 10−31d6 + 5× 10−25d5 − 1× 10−19d4 + 2× 10−14d3 − 1× 10−9d2 + 5× 10−5d− 0.0478 (28)

The application of this factor to the theoretical predictions makes them match with the
experimental values to within 99.88%.

Tests were also run for ambient temperatures of 8 ◦C and 50 ◦C. The results from the
three simulations are shown in Figure 8, where the correction factor given in Equation (28)
was applied.

The theoretical approach is represented by a solid line, while the experimental simula-
tion values are drawn in dotted lines.

It can be noticed that in any of the three simulated situations, the battery was com-
pletely discharged, with final DOD values of 88.8%, 68.9%, and 55.7% for the temperatures
of 8 ◦C, 32 ◦C, and 50 ◦C, respectively.

We observed that there is a very good correlation between the theoretical approach and
experimental results for the three cases, with accuracies of 95.8%, 98.9%, and 99.5% for the
temperature curves of 8 ◦C, 32 ◦C, and 50 ◦C, respectively. The higher deviation in the case
of the lowest temperature was attributed to the thermal gains of the thermostatic chamber
where battery was placed for the tests, since the chamber was operated in environmental
conditions near 30 ◦C.
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Figure 8. Evolution of DOD of the electric vehicle battery with driving distance.

The analysis of results from the simulation, represented in Figure 8, shows that the
DOD of the battery increased as the temperature lowered for the same driving distance. In
the case of 32 ◦C and 50 ◦C, up to 50 km, there was no difference in the DOD value related
to the driving distance, which means that, for short driving distances, the battery behavior
was the same for temperatures of 30 ◦C and higher. Since we associated the temperature of
32 ◦C to late spring or early and late summer, and 50 ◦C for the bulk of the summer, the
battery behavior remained almost constant from these periods of the year. On the contrary,
from late fall, winter, and early spring, the DOD evolved much quicker.

Translating the values from Figure 8 to the global driving distance in the fully dis-
charged state of the battery, we obtained the following results (Table 1):

Table 1. Global driving distance as a function of ambient temperature.

Temperature (◦C) 8 32 50

Driving distance (km) 225.1 290.2 359.4

Correlating the driving distance and ambient temperature, we obtained a linear
correlation of the type:

DR = 3.1693T + 196.49 (29)

where T is the ambient temperature, in Celsius.
The above correlation shows a regression coefficient of R2 = 0.9901.
Equation (29) gives us the chance to estimate the global driving range at any ambient

temperature, which represents a very powerful tool, not only for the verification and control
centers, but also for car manufacturers and drivers. Figure 9 shows the simulation of the
estimated driving range with the ambient temperature.

Considering a standard reference of 275 km, which corresponds to an ambient tem-
perature of 25 ◦C, the ratio of the driving distance at any ambient temperature is shown in
Figure 10. The ratio corresponds to the next linear regression:

rDR = 0.0115T + 0.7126 (R2 = 0.9989) (30)
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Figure 9. Estimated global driving range vs. ambient temperature (simulated values).

Figure 10. Ratio of global driving range as a function of ambient temperature.

Applying Equation (30) to the tested temperatures, we obtained a ratio of 0.805, 1.080,
and 1.287 for the ambient temperature case of 8 ◦C, 32 ◦C, and 50 ◦C, respectively.

The analysis of the results shows that the driving distance was improved with the
increasing temperature by up to 28.7% for very hot weather (summer), and it decreased if
the temperature decreased, down to 20% for very cold zones (−30 ◦C).

3. Conclusions

A study to determine the influence of ambient temperature on the performance of
the battery of electric vehicles was developed. The study was modelled using a simula-
tion process that reproduces the real performance of the battery with a variable ambient
temperature.

The simulation was developed based on the analysis of the performance of the battery
when powering an electric vehicle submitted to dynamic operating conditions. The simula-
tion determines the value of the depth of discharge (DOD) of the battery and converts it into
driving range. The simulation process was run for different temperatures to determine the
evolution of the global driving range of the electric vehicle with the ambient temperature.

A theoretical approach was developed to be applied in the simulation process; the
theoretical approach results were compared to the experimental data obtained from tests
run under identical dynamic and thermal conditions. The theoretical approach and experi-
mental values were correlated to determine the accuracy of the theoretical predictions. The
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observed deviation was corrected through a polynomial function that produced a perfect
match between the theoretical approach and experimental tests.

The estimated driving range was obtained as a function of the ambient temperature
for three testing temperatures, 8 ◦C, 32 ◦C, and 50 ◦C, which were associated to cold,
semi-warm, and hot ambient conditions. The three temperatures can be identified as
representative of different seasons of the year in a specific geographical area. The results
from the correlation between the theoretical approach results, modified by the correction
factor, and the experimental tests show a very high accuracy, i.e., higher than 98% on
average.

A linear dependence of the global driving range and ambient temperature was found.
The linear function allows control centers, car manufacturers, and users to estimate the real
driving range as a function of the ambient temperature. The linear dependence shows a
very high accuracy factor, i.e., near 99.9%.

The global driving range of the electric vehicle was improved with the increasing
temperature, but decreased when the temperature decreased. A ratio between the estimated
driving range and the standard distance for the reference temperature was obtained. The
ratio shows that the driving range can be increased by up to 29% for very hot ambient
conditions, i.e., near 50 ◦C, and decrease to 20% for very cold ambient conditions.

The comparative analysis of the driving range for different temperatures shows that
there was a reduction of about 18% for the low range of ambient temperatures, i.e., between
−15 ◦C and 5 ◦C, while for medium temperatures, i.e., between 5 ◦C and 25 ◦C, the
reduction in the driving range was only 4.6%. Finally, the tests demonstrated that for a
reduction in high temperatures from 25 ◦C to 35 ◦C, the driving range was only reduced by
about 0.4%.
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Abbreviations

Symbols
α Road slope angle
Cj Capacity of the battery at the current state
Cn Nominal capacity of the battery
Cr Rolling coefficient
CT Real capacity of the battery at a temperature T
Cx Dynamic drag coefficient
d Distance
ξ Energy
F Force
fC Battery capacity correction factor
I Current
ID Discharge current
Iref Reference discharge current
κ Drag force coefficient
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Symbols
m Mass of the vehicle
Pt Power
po Pressure of tires
Rdr Driving range rate of the electric vehicle for standard conditions
ρa Air density
S Front area of the vehicle
TD Temperature at the discharge
Tref Temperature of reference
t Time
tD Time of discharge
V Voltage
Vbat Battery voltage
VPR voltage of the power resistor
vv Vehicle speed
vw Wind velocity
Abbreviations
BTS Bridge Transmission System
DOD Depth of Discharge
DR Driving Range
EC European Commission
ECMS Equivalent Consumption Minimization Strategy
EV Electric Vehicle
GIS Geographical Information System
HEV Hybrid Electric Vehicle
MPC Model Predictive Control
PHEV Plug-in Hybrid Electric Vehicle
PWM Pulse Wave (Signal) Modulation
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