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Abstract Battery Electric Vehicle (BEV) is a promising candidate in reducing air pollution and fos-

sil fuel dependencies. It is a growing market for the automobile manufacturers. Although there are

many advantages of driving a BEV, it is still not widely accepted in the market due to the limited

driving range. Other than just improving the technologies that drive the vehicle, an additional range

estimation system can calm the ‘range anxiety’ caused by the limited range of BEVs. Merely predict-

ing the range based on the state of charge of the battery, the average driving speed, and the average

power consumption is inadequate. This paper proposes a new range estimator, the dynamic range

estimator, which also takes into account the driving behavior, in addition to the slopes of the trip

for its energy estimation. The driving behavior is obtained based on the response to speed error and

the time delay between throttle pedal and brake pedal switching. In this way, the driving behavior is

a fixed response for any driving speeds on the same route thus, allowing the energy consumption to

be compared for different speeds.
ª 2015 Production and hosting by Elsevier B.V. on behalf of Faculty of Engineering, Alexandria

University. This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/

licenses/by-nc-nd/4.0/).
1. Introduction

Battery Electric Vehicles (BEVs) are gaining more popularity

due to the advantages such as high level efficiency, low level
of environmental pollution, low rate of noise, multiple energy
resources available, and regenerative [1]. BEVs are more
energy efficient compared to conventional fossil fuel vehicles
[2]. They have the potential to reduce air pollution when

charged from a renewable energy source [3]. BEVs have less
moving parts and require less maintenance. The vehicles can
be charged from any energy source that produces electricity.
Furthermore, BEVs have a regenerative braking system that

enables the vehicle to ‘‘harvest’’ energy that would otherwise
be lost as heat during braking. However, the number of
BEVs on the road is not up to expectations compared to that

of the conventional vehicles. Why is that so? Besides the long
charging time and lack of charging infrastructures [4], the main
reasons from a consumer’s point of view are the cost and the

range of BEVs [5]. The range and also the cost of BEVs are
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directly related to the batteries. By reducing the cost of battery
production, the cost of owning a BEV can be reduced.
Moreover, the range of BEVs can also be drastically increased

by improving the battery technology. The range limitation
causes a ‘‘range anxiety’’ which is a barrier to the sales of elec-
tric vehicles [6]. Other than just solving the immediate ‘‘range

anxiety’’ related problems of BEVs, improving the range esti-
mation system can provide an additional help in reducing
the range anxiety [4].

Estimating the driving range is not straight forward as
many factors such as driving style, road conditions, and net
weight of the vehicle have to be taken into account. The range
estimators found in BEVs on the market today basically calcu-

late the driving range based on the amount of available battery
charge and the actual power consumption [7–11]. It is a rough
estimation that is not informative enough for the drivers to

decide accordingly.
There are different approaches in estimating the driving

range of BEVs [12,13]. In order to reduce the computational

effort, the range estimation can be divided into two methods,
rough estimation and precise estimation. The method used
depends on the battery level [12]. The rough estimation uses

information such as remaining battery energy, full battery
energy and full battery driving range to calculate the remaining
driving distance with air-conditioner status considered. For
precise estimation, the system calculates a minimum energy

route between the current location and the end location via
road links to advise the driver. The accuracy of the two meth-
ods can be further improved by incorporating the driving

behaviors.
Besides that, the history of the vehicle’s power consump-

tion, speed, acceleration and pre-downloaded road informa-

tion is used to predict the power requirements of the electric
vehicle [13]. The acceleration is predicted according to the
traffic flow, driver’s driving behavior and traffic regulations.
Figure 1 Driving decision flowchart (to s
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Contour Positioning System (CPS) is a novel range predic-
tion technique for electric vehicles [14]. The CPS takes into
account the extra energy needed for an EV to travel on slope.

However, it does not take acceleration and driving behavior
into account. The CPS assumes a constant driving speed
throughout the journey.

The method proposed in this paper is an improvement to
the CPS which includes an aggressive but fixed driving behav-
ior to simulate the worst case scenario. The proposed method

is known as ‘‘dynamic range estimator (DRE)’’. DRE basically
uses the driver’s response to stimulus to form a fixed driving
behavior. The driving behavior will virtually ‘drive’ and main-
tain the BEV to a user defined target speed while responding to

road loads of the journey and thus estimating the energy con-
sumed by the vehicle. The stimulus mentioned above is the
speed error (difference between the target speed and the vehicle

speed) while the response is the decision to press either the
throttle or brakes and also how much pressing is required.
The rest of this paper is organized as follows. Section 2

describes in detail how the BEV model and driving behavior
are formed. Section 3 presents the simulation results and dis-
cussion. Finally the paper is concluded in Section 4.

2. Concept

2.1. Force and power requirement for electric vehicle

Understanding the forces that are required to move an electric

vehicle is necessary before estimating the energy consumption
of BEVs. Certainly, there are a number of dynamic factors that
need to be overcome before the vehicle can move, this is
described in (1) [15,16].

F ¼ aMðdv=dtÞ þMgCrr cos hþMg sin h

þ 0:5ðqACdðv� vwÞ2Þ ð1Þ
witch between the throttle and brakes).
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Figure 2 Block diagram for the vehicle speed control.

Figure 3 Block diagram for brake control – PD controller.
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where F is the traction force, a is a constant to include the iner-
tia of rotating components as it is not always easy to obtain the
values directly [15]. M is the net mass of the vehicle, v is the

vehicle speed, g is the acceleration due to gravity, Crr is the
rolling resistance coefficient, h is the slope on the road, q is
the air density, A is frontal area of the car, Cd is the drag coef-

ficient, and vw is the wind velocity. The first term on the right
of (1), represents the linear acceleration of the vehicle. The
constant a is taken to be 1.05. The second term represents

the rolling resistance and the third term represents the incline
resistance while the last term is the aerodynamic drag where,
v – vw is the relative velocity between the wind speed and the
vehicle speed [16].

The tractive force, F is provided by an electric motor. A
lynch motor – a unique type of permanent magnet dc motor
(PMDC motor) [17] is used for the simulation. The reason to

use a permanent magnet brushed dc motor for this study is
that the commonly used permanent magnet brushless dc motor
(PM BLDC) in electric vehicles, has a torque to current equa-

tion similar to that of the PMDC motor under dq-axes [18].
The specification of the motor is shown in Table 7 in
Figure 4 Simulink m
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Appendix A. However, the PMDC motor has a simple control

and it is much easier to understand and model it. The traction
force produced by the gear train is given by (2), where, g is the
efficiency of gear train, G is the gear ratio and r is the radius of

the wheels. The electromagnetic torque, Tm produced by the
electric motor is proportional to current I as in (3), where kt,
is the torque constant of the motor. The transfer function of
the electric motor is given by (4), where V, is the input voltage

(controlled by the driver), Eb is the back emf, L is the induc-
tance of the motor and R is the electrical resistance of the
motor. The back emf of the motor can be obtained from (5),

where kb is the back emf constant and x is the rotational speed
of the motor shaft in rad/s.

F ¼ ðgGTmÞ=r ð2Þ

Tm ¼ kt I ð3Þ

I ¼ ðV� EbÞ=ðsLþ RÞ ð4Þ

Eb ¼ kbx ð5Þ
odel for the BEV.
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Figure 5 Driving profiles at different rate limiter values.

Figure 6 Vehicle speed at different rate limiter values.

Figure 7 Vehicle acceleration at different rate limiter values.
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After rearranging (1)–(5), the dynamic equation of the vehi-
cle is formed as shown in (6). Eq. (6) relates the acceleration of

the vehicle with the vehicle dynamics and propulsion system.

dv=dt¼
�
gGkt ðV�EbÞ=ðsLþRÞ½ �=r

� Mg Crr coshþ sinhð Þ þ 0:5 qACdðv� vwÞ2
� �h i�.

1:05M

ð6Þ

2.2. Driving behavior

Driving behavior is a complex model as the drivers have their
own driving patterns which might change according to their
Please cite this article in press as: C.K. Wai et al., Simulation of a distance estimator f
j.aej.2015.04.008
mood or physical conditions [13]. Only a fixed aggressive driv-
ing is modeled since driving aggressively consumes the most

energy. Aggressive driving refers to rapid acceleration and
braking, and speeding [19]. In this proposed paper, in terms
of control system parameters, an aggressive driving refers to

driving with fast transient response and achieving steady state
quickly with minimal overshoot and tiny steady state errors.
Fig. 1 shows the decision flowchart or the thought process of

the driver. In Fig. 1, error represents the speed difference
between the desired speed and the vehicle’s actual speed.
‘Foot on Throttle’ and ‘Foot on Brake’ are the outcomes of
the decision, whether to control the throttle or the brake.

Th, is the threshold for overshoot from the desired speed. If
or battery electric vehicle, Alexandria Eng. J. (2015), http://dx.doi.org/10.1016/
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Figure 8 Power consumption at different rate limiter values.

Figure 9 Cumulative energy consumed at different rate limiter values.

Table 1 Energy consumed at different rate limiter values.

Rate limiter value Energy consumed, kJ

3000 1261

600 1258

300 1255

150 1248

Simulation for battery electric vehicle 5
the vehicle speed is more than the desired speed by Th and the
throttle value is zero, the driver will apply the brake. ‘t1’ and

‘t2’ represent the time taken for the driver to switch between
the throttle and the brake. These delay times are included so
as to make the driving model as realistic as possible.
Figure 10 Driving profiles at
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2.3. Throttle and motor controller

In the simulation, motor is controlled using the torque control
method. The throttle pedal sets the reference current of the

controller and outputs the relevant voltages to achieve the ref-
erence current level. The throttle pedal is controlled based on
the speed error between the desired speed and the actual vehi-

cle speed. Both the throttle and the motor controller are con-
trolled using a PI controller. A PI controller is used as it is
sufficient to satisfy the requirements for the aggressive driving

mentioned in Section 2.2. Fig. 2 shows the block diagram for
the vehicle speed control. The block diagram shows the control
flow of the vehicle speed control. Both the Throttle and the

Motor controller are essentially a PI controller with the value
different switching delays.

or battery electric vehicle, Alexandria Eng. J. (2015), http://dx.doi.org/10.1016/
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Figure 11 Driving profiles at different switching delays (close-up).

Figure 12 Vehicle speed for different switching delays.

Figure 13 Cumulative energy consumption for different switching delays.
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of the proportional constant, KP and the integral constant, KI

tuned using Matlab PID tuner [20].

2.4. Brakes

For a simple model, the driver’s brake is modeled as a PD con-
troller [21]. The value for KP and the derivative constant, KD is

calculated based on (6). The maximum magnitude of the brake
force is calculated based on (7) [21] where, Fbrake represents the
vehicle braking force and y is the stopping distance. The typi-

cal stopping distance (not counting reaction time) for
112 km/h or 31.11 m/s is 75 m [22].

Kd ¼ 2=ðKP=MÞ1=2 ð6Þ
Please cite this article in press as: C.K. Wai et al., Simulation of a distance estimator f
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Fbrake ¼Mv2=2y ð7Þ

Fig. 3 shows the block diagram of the PD controller. As

seen in Fig. 3, an additional ‘‘Rate Limiter Block’’ is added
into the PD controller to ensure a more human like behavior
in terms of response. Without the rate limiter, the output brak-

ing force of the controller will be a step function which is
physically impossible for any human to achieve. Therefore,
the rate limiter is used to set the speed of the output. The value

of the rate limiter is set based on the duration needed to reach
the maximum force, for example, for a maximum force of
10,000 N in 1 s, the rate would be 10,000 N/s while for a max-

imum force of 10,000 N in 0.5 s, the rate would be 20,000 N/s.
or battery electric vehicle, Alexandria Eng. J. (2015), http://dx.doi.org/10.1016/
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Figure 14 Stopping distance for different switching delays.

Table 2 Energy consumed and distance traveled at different

switching delays.

Switching delay value,

s

Energy consumed,

kJ

Distance traveled,

m

0 461.2390327 285.82

0.4 461.2390328 277.14

0.8 461.2390332 268.50

1.2 461.2390335 259.96

Simulation for battery electric vehicle 7
The rate limiter block has an increasing rate and a decreasing
rate that can be modified. An additional ‘‘rate limiter’’ is also

added in the vehicle speed control (not shown in Fig. 2).

2.5. Energy consumption

The estimated energy consumption can be calculated based on
the slope profile of the path and the set velocity that the vehicle
is trying to achieve. Then, the estimated energy consumption

can be converted into kW h and then compared with the avail-
able energy in the battery.

3. Simulation results and discussion

The simulation is done using Simulink. Fig. 4 shows the
Simulink model developed from the vehicle dynamic (6), the
Figure 15 Elevation pro

Please cite this article in press as: C.K. Wai et al., Simulation of a distance estimator f
j.aej.2015.04.008
driving behavior in Fig. 1 and the controllers in
Figs. 2 and 3.

3.1. Effect of acceleration on energy consumption

The acceleration of the vehicle is affected by the throttle con-
trol rate limiter. The decreasing rate of the rate limiter is fixed

while the increasing rate is used to control the acceleration of
the vehicle. The increasing rate of the rate limiter is tested
using 150, 300, 600 and 3000 A/s. Fig. 5 shows the driving pro-

file of the vehicle. Fig. 6 shows the vehicle speed profile at dif-
ferent rate limiter values and Fig. 7 shows the vehicle
acceleration profile at different rate militer values. The ordi-
nate of Fig. 5 shows the per unit value of the pedal pressed.

(Throttle pedal 0 to 1, Brake Pedal 0 to �1). The driving pro-
file shows only positive values as there is no brake applied
under this scenario. As seen in Fig 5, the rate limiter with

the highest value reaches the peak the fastest, which is also
the same for the speed and acceleration profiles as can be seen
in Figs. 6 and 7 respectively. Fig. 8 shows the power con-

sumption of the vehicle at different rate limiter values. As
can be seen in Fig. 8, the power is consumed the most during
acceleration and the least during constant speed. Fig. 9 shows

the cumulative energy consumed at different rate limiter val-
ues. The total energy consumed during the 40 s interval is sum-
marized in Table 1. The rate limiter with the highest value
consumes the most energy and it decreases as the rate limiter

value reduces.
file for 5 km downhill.
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Figure 16 Speed profile for driving 5 km downhill.

Figure 17 Power consumption for driving 5 km downhill.

Figure 18 Cumulative energy consumption for driving 5 km downhill.

Table 3 Energy consumption comparison for 5 km downhill.

Method Energy

used,

kW h

Energy used

(15.9 kW h= 100%)

Percentage of

difference, %

Conventional 0.6225 4.17 0

CPS 0.455965 2.87 31.18

DRE 0.439186 2.76 29.45

8 C.K. Wai et al.
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3.2. Effect of pedal switching delay on energy consumption

The switching delays t1 and t2 which are the time taken to
switch from throttle to brake pedals and vice versa, respec-
tively, are assumed to be the same. The average time delay

between stimulus and braking is about 0.4 s to 0.8 s [23]. The
values used in the proposed paper are 0 s, 0.4 s, 0.8 s and
1.2 s to compare the effect of switching delays on energy con-

sumption. Fig. 10 shows the driving profiles for different
switching delays. In Fig. 10, all the driving profiles are the
same for the first 15 s but are different when the brake is
applied (0 to �1). Fig. 11 shows the driving profiles for
or battery electric vehicle, Alexandria Eng. J. (2015), http://dx.doi.org/10.1016/
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Figure 19 Elevation profile for 5 km three-hill route.

Figure 20 Speed profile for driving 5 km three-hill route.

Figure 21 Power consumption for driving 5 km three-hill route.

Simulation for battery electric vehicle 9
different switching delays (close-up). It can be seen that the
driving profiles are similar but are shifted or delayed depend-

ing on the switching delay values. The longer the switching
delay, the farther away it is from the original point (t= 0).
Fig. 12 shows the vehicle speed profile. It can be seen that

the vehicle speed profile is the same for all values of the switch-
ing delay until 15 s but different after 15 s. It can also be seen
that the profile for t= 1.2 s takes a longer time to stop than

that for t= 0.0 s. Fig. 13 shows the cumulative energy con-
sumption for different switching delays and Fig. 14 shows
the stopping distance for different switching delays. Table 2
summarizes the results from Figs. 13 and 14. There are no
Please cite this article in press as: C.K. Wai et al., Simulation of a distance estimator f
j.aej.2015.04.008
major differences in the energy consumption whereas, there
is a significant difference in the total distance traveled.

3.3. Case study

The parameters used for the simulation are based on the vehi-

cle parameters used in the work done by Yu Han [14] and are
given in Appendix A (Table 8). The rest of the parameters
required are also given in Appendix A (Table 9). The energy

consumption for two different routes is compared with the
results obtained by using CPS and the conventional method
[14]. The parameters used in the DRE are given in Appendix
or battery electric vehicle, Alexandria Eng. J. (2015), http://dx.doi.org/10.1016/
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Figure 22 Cumulative energy consumption graph for driving 5 km three-hill route.

Table 4 Energy consumption comparison for 5 km three-hill

route.

Method Energy

used,

kW h

Energy used

(15.9 kW h= 100%)

Percentage of

difference, %

Conventional 0.6625 4.17 0

CPS 1.229858 7.73 85.37

DRE 1.491649 9.38 125.15

10 C.K. Wai et al.
A (Table 7) while the rest of the parameters used for the model
are tabulated in Table 8 in Appendix A. Fig. 15 shows the ele-

vation profile for 5 km downhill. The elevation profile shows a
route that is heading downward in general. Fig. 16 shows the
speed profile for driving 5 km downhill which is mostly main-

tained at 90 km/h. Fig. 17 shows the power consumption for
driving 5 km downhill. It can be seen that the vehicle consumes
the most power during the start of the trip. This is because the

vehicle has to accelerate to reach the target speed of 90 km/h
from zero speed. Besides that, driving up the slope consumes
more power than driving down a slope as can be seen in
Fig. 17. Fig. 18 shows the cumulative energy consumed for

driving 5 km downhill. It can be seen that the energy consump-
tion increases every time the vehicle drives up slope. The cumu-
lative energy consumption as seen in Fig. 18 is summarized in

Table 3 along with results from the work done by Yu Han [14].
Based on Table 3, the estimated energy consumption for both
Figure 23 Elevation profile between UT

Please cite this article in press as: C.K. Wai et al., Simulation of a distance estimator f
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CPS and DRE is lower compared to that of the conventional
method. However, DRE has estimated a slightly lower energy

consumption than that of the CPS. This is due to the effect of
inertia which is not included in the CPS. Driving down the
slopes decreases the potential energy which is converted into

kinetic energy of the vehicle whereas, driving up the slopes
increases the potential energy which is converted from the
kinetic energy of the vehicle.

Fig. 19 shows the elevation profile for the 5 km three-hill
route. Fig. 20 shows the speed profile for driving 5 km three-
hill route. The vehicle did not maintain the speed of 90 km/h
during the distance interval between 3000 m and 3500 m, as

can be seen in Fig. 20. This is due to the high steepness of
the slope between these two points, as can be seen in Fig. 19,
where the motor is unable to run at the target speed. Fig. 21

shows the power consumption for driving 5 km uphill. It can
be seen that the power consumption is high during the start
when the vehicle is picking up speed to reach the reference

speed of 90 km/h and also when going up the slopes as seen
in Fig. 21. The total energy consumed is shown in Fig. 22
and comparison of the results is shown in Table 4. The esti-

mated energy for CPS and DRE are both huge compared to
that of the conventional method, with DRE being the largest.

Based on the results tabulated in Tables 3 and 4, the
energy estimated using the conventional method is the same

for both cases. This is because the conventional method does
not take the road slope into account. In CPS, the dynamic fac-
tor such as road slope is taken into account. With the dynamic

factor, a higher energy consumption is estimated when driving
AR and Technology Park Malaysia.

or battery electric vehicle, Alexandria Eng. J. (2015), http://dx.doi.org/10.1016/
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Figure 24 Cumulative energy consumption for different reference speeds (UTAR to Technology Park Malaysia).

Table 5 Data comparison for different driving speeds.

Speed, km/h Time taken Energy used, kW h

10 1 h 31 min 17 s 1.279929

20 45 min 45 s 1.216814

40 22 min 55 s 1.262026

60 15 min 19 s 1.394126

80 11 min 31 s 1.594234

90 10 min 16 s 1.722944

100 9 min 15 s 1.870170

120 7 min 45 s 2.216322

Simulation for battery electric vehicle 11
up the slopes but a lower consumption when driving down the
slope as compared to that of the conventional method. In

DRE, both the dynamic factor and the driving behavior are
taken into account. Using DRE, a higher energy consumption
is estimated for driving up the slopes but a lower consumption

for driving down the slopes as compared to that with the CPS.

3.4. Variety target speeds

Fig. 23 shows the elevation profile between UTAR (Setapak
Campus) and Technology Park Malaysia while Fig. 24 shows
the cumulative energy consumption for different driving
speeds on the same route. As can be seen from Fig. 24, the

highest speed consumes the most energy and requires the least
Figure 25 Cumulative energy consumption for different reference

Malaysia).

Please cite this article in press as: C.K. Wai et al., Simulation of a distance estimator f
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amount of time to reach the destination. Less energy is needed
at lower driving speeds. However, the energy consumption

slightly increases when the speed goes too low. The time
required to reach the destination is seen to increase as the driv-
ing speed decreases. The data are summarized in Table 5. It

can also be seen that the energy profiles for all the data look
like scaled/stretched version of each other.

3.5. Different reference speeds with auxiliary load

The same route (UTAR to Technology Park Malaysia) is used
in this case but with added auxiliary loads. Only auxiliary
loads for heating, ventilation, and air conditioning are consid-

ered. The power consumption for the auxiliary load is about
6 kW [5]. Fig. 25 shows the cumulative energy consumption
for different driving speeds on the same route with the auxil-

iary load switched ON. The energy consumed at different driv-
ing speeds with and without the auxiliary load is compared and
the results are tabulated in Table 6. Based on Table 6, it can be
understood that having auxiliary load switched ON has a huge

impact on the total energy consumption. The lowest driving
speed consumes the most energy. This is because the energy
consumption of the auxiliary load is affected by the duration

of the trip. The longer it takes to reach the destination, the
more the cumulative energy the auxiliary load consumes.
The optimal speed for this vehicle, based on Table 6, is

80 km/h.
speeds and with auxiliary loads (UTAR to Technology Park

or battery electric vehicle, Alexandria Eng. J. (2015), http://dx.doi.org/10.1016/
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Table 6 Data comparison for different driving speeds with and without auxiliary load.

Speed, km/h Energy used, kW h Time taken Percentage of difference, %

Auxiliary load OFF Auxiliary load ON

10 1.279929 10.408473 1 h 31 min 17 s 713.21

20 1.216814 5.7892703 45 min 45 s 375.77

40 1.262026 3.5529437 22 min 55 s 181.53

60 1.394126 2.9245926 15 min 19 s 109.78

80 1.594234 2.7460207 11 min 31 s 72.25

90 1.722944 2.7477754 10 min 16 s 59.48

100 1.870170 2.7944906 9 min 15 s 49.42

120 2.216322 2.9906972 7 min 45 s 34.94

Table 7 Motor LEM-200 D135 RAGS [17].

Name Parameter Value Unit

No load current Iload 7.45 A

Torque constant kt 0.21 Nm/A

Back emf constant kb 0.239 V/rad/s

Electrical resistance R 16.95 mX
Inductance L 16 uH

Table 8 Vehicle parameter and value from Yu Han [14].

Name Parameter Value Unit

Velocity v 90 km/h

Mass m 1210 kg

Acceleration of gravity g 9.80665 m/s2

Rolling coefficient Crr 0.005 –

Air density q 1.1839 kg/m3

Drag coefficient Cd 0.19 –

Frontal area A 1.8 m2

Table 9 Other parameter and values.

Name Parameter Value Unit

Wheel radius R 0.381 m

Gear ratio G 5 –

Gear efficiency g 95 %

Wind speed vw 0 m/s

Road gradient h – –

Threshold Th 0 km/h

Switching delay t1, t2 0.4 s

Throttle rate limiter Value

Rising slew rate 3000 A/s

Falling slew rate �3000 A/s

Brake force rate limiter Value

Rising slew rate 8000 N/s

Falling slew rate �4000 N/s

12 C.K. Wai et al.
4. Conclusion

From the results, it can be seen that driving up the slopes con-

sumes the most energy than driving on flat roads or down the
Please cite this article in press as: C.K. Wai et al., Simulation of a distance estimator f
j.aej.2015.04.008
slope. It can also be seen that there are differences between the
energies calculated using CPS and DRE. The difference is due

to the extra power needed to accelerate the vehicle while trying
to maintain the target speed under changing road loads. The
vehicle does not need to use power while going down a slope

but requires a lot of power going up a slope. The energy con-
sumption is also affected by the demand for vehicle accelera-
tion and it can be seen that the demand for faster

acceleration consumes more energy. Besides that, the vehicle
consumes a lot of power during the start while trying to reach
the target speed. This implies that, ‘stop and go’ driving style
will consume a lot of energy. The energy consumption pro-

file/trend for different speeds is almost similar to each other
for the same route but with different magnitudes. This is
because the response to the environment or the driving behav-

ior is the same for all the driving speeds. The simulation results
prove that when the auxiliary loads are switched OFF, the
highest driving speed consumes the most amount of energy

however, if the auxiliary load is switched ON, the lowest speed
will consume the most amount of energy. This shows that
switching ON the auxiliary load will have a significant impact
on the energy consumption. By using the new DRE approach,

the accuracy of the range estimation system for BEV is
improved and in turn, reduces the range anxiety of EV users.
Appendix A

See Tables 7–9.
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