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Abstract: This paper proposed a novel adaptive controller of a non-isolated bidirectional coupled inductor DC
converter based on an extreme learning machine (ELM) for electric vehicles. MATLAB and SIMULINK are used as
the software platform to simulate the proposed method. Different operating conditions are considered to show the
efficacy of the extreme learning machine. From the simulation results, it is found that by designing the controller based
on an extreme learning machine the controller can automatically adjust the value depending on the operating conditions
(motor moving forward, backward, and regenerative braking). In addition, the performance of the motor with DC
converter based on ELM is compared with DC converter based on grey wolf optimization and based on conventional
PI controller. This is indicated by the overshoot and the settling time is much better when using controller based on an

extreme learning machine (overshoot 221.6 and settling time 3.8 second).
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1. Introduction

Global warming and energy security are the main
issues in the modern era [1]. This issue came out due
to the application of fossil fuels not only in the power
system sector but also in the transportation sector [2].
Hence it is important to reduce the application of
fossil fuels on the transportation sector, as this sector
is one of the highest contributors to global warming
and the greenhouse gas effect. One of the ways to
reduce the application of fossil fuels in the
transportation sector is by using electric vehicles [3].

The research effort in [4], shows the effect of
electric vehicles on greenhouse gas emissions. It was
found that by using electric vehicles the emissions on
the transportation side can be reduced. The effect of
electric vehicles on gas emissions in Europe is
reported in [5]. From the study, it was found that by
adding more electric vehicles in the transportation
sector, the emissions in 29 European countries are
reduced. Vilaca et all [6], show that the application of
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electric vehicles can reduce the greenhouse gas effect
significantly. From above study, it is found that
electric vehicles bring positive impact of the society.
One of the main issues of electric vehicles is what is
the best electric motor that must be used. Recently
direct current (DC) motor shows promising result
when use as the electric vehicles motor [7].

The application of motor DC as electric vehicle
motor is reported in [8]. From the simulation results,
it is noticeable that DC motor could be used as the
electric vehicle motor. In addition, by using DC
motor the total cost can be reduced. Research effort
in [9], shows that DC motor could provide satisfied
power performance when used as the electric vehicle
motor. Bahrami et all shows the efficacy of DC motor
for electric vehicle when operated in regenerative
breaking operation as reported in [10]. However, the
problem is motor DC is how to the control the speed
of DC motor. Generally, motor DC speed can be
controlled by changing the voltage input of the motor.
To change the magnitude of DC voltage, DC to DC
converter is essential [11].
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The application of DC converter as electric
vehicle drivetrains is reported in [12]. From the
simulation results it is noticeable that DC converter is
essential tools in the electric vehicle. Research effort
in [13] shows the application of bidirectional DC
converter for electric vehicle driver. It is noticeable
that by using bidirectional DC converter the speed of
electric vehicle can be controlled optimally. In
addition, by using bidirectional DC converter, the
regenerative breaking mechanism can be carried out.
The application of buck-boost converter as the driver
of permanent magnet brushless DC motor is reported
in [14]. It is reported from the results that
bidirectional converter is one of the best drivers for
electric vehicle. To control the voltage magnitude of
DC converter, switching mechanism is playing
important role. The design the switching mechanism
optimally, the controller of the switching is essential.
Pl controller is common controller that usually used
as the converter controller [15]. However, PI
controller is out of date as now a lot of disturbance
and non-linearity is affected in electric vehicle.
Hence, designing the controller based on artificial
intelligence is inevitable.

The application of artificial intelligence in power
engineering is developed significantly over the past
few years. Application of bat algorithm for designing
power system stabilizer (PSS) is reported in [16].
From the simulation results it is found that by
designing PSS based on the bat algorithm, the small
signal stability of power system can be enhanced
even though renewable energy power plant are added
to the system. Research effort in [17], shows the
application of grey wolf optimization (GWO) for
designing PID controller. The PID controller is used
as the controller of the DC-DC buck converter. From
the simulation results it is noticeable that by using
PID based on GWO, the PID controller can giving a
better signal controller to the PWM to activate the
converter switch. The comparison of different
algorithm for designing PID controller of DC-DC
boost converter is reported in [18]. GWO, particle
swarm optimization (PSO) and genetic algorithm is
considered in [18]. It is reported that three different
algorithms proposed in [18] can be used to tune the
PID controller parameter. However, the best
performance is showed by the PID based on GWO.
Although optimization-based algorithm can be used
to design the PID controller of DC-DC converter.
They have disadvantages in term of adaptiveness.
When there is different operating condition,
optimization-based algorithm cannot automatically
update the PID controller parameter. They will
always start the optimization again every time the
operating conditions is changing. Hence, it will take
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a lot of time for the converter to adjust the switching
as the optimization process need several minutes to
find the optimal parameter. Hence, it is important to
make the PID controller adaptive to any wide range
operating condition.

Amount numerous types of artificial intelligence
for making controller become adaptive, machine
learning is attracting more engineers to apply the
concept to solve engineering problems. As reported
in [19], extreme learning machine can be used to
monitor the performance of power system. From the
results it is noticeable that extreme learning machine
can detect any condition of power system over the
wide range operation condition. Hence, this paper
proposed the application of extreme learning
machine to make the Pl controller adaptive to any
changing of the operating condition. This adaptive Pl
controller is used as the controller of DC-DC
bidirectional converter. The converter is used as the
driver of electric vehicle. The rest of the paper is
organized as follows: section 2 shows the
fundamental theory of the paper. The method of
designing proposed controller is presented in section
3. Result and discussion are presented in section 4.
Section 5 highlighted the contribution and the future
study.

2. Modelling
2.1 Modelling of DC-DC boost converter

The DC/DC boost converter increases the output
voltage from a certain input voltage level by
controlling the “ON” and “OFF” duration of the
power switch. The averaged state space equation of
DC/DC boost converter over one period is obtained
by combining the dynamic equations during “ON”
and “OFF” states. The complete state equation of
DC/DC boost converter as given in Egs. (1) and (2)
[20].
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Where Rs and L are the inductance and resistance
of the boost converter. While C and R. are the
capacities and resistance in the load side. In addition,
X1 and X, are representation of current and voltage of
the converter [20]. Fig. 1 shows the electrical circuits
of DC-DC boost converter.
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Figure. 3 Electrical circuits of DC-DC buck-boost
converter

2.2 Modelling of DC-DC buck converter

The DC-DC buck converter is producing an
output that lower than the voltage source. To
analysing the buck converter, it also essential to
investigate the steady state conditions. The
mathematical representation of DC/DC buck
converter is described in Egs. (3) and (4) [20].
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Where Rs and L are the inductance and resistance
of the buck converter. While C and R_ are the
capacities and resistance in the load side. In addition,
X1 and x. are representation of current and voltage of
the converter [20]. Fig. 2 shows the electrical circuits
of DC-DC buck converter.

2.3 Modelling of DC-DC buck-boost converter

A converter that operated in both directions is
needed for more specialized applications such as in
electric vehicles. The application of a bidirectional
converter will make the EV operated optimally. The
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basic scheme of a bidirectional non isolated converter
circuit is the same as a boost converter and a buck
converter. The difference is on how to control the
switch so that the converter can operated either in
boost or buck converter. The switch used in this
converter is IGBT type. The IGBT switch is in
parallel with the diode. Parallel diodes aim to make
the converter work bidirectional when the boost
mode and buck mode are the same. Fig. 3 shows the
electrical circuits of DC-DC buck-boost converter.

In EV, the low-voltage side component is a
battery in parallel with a capacitor. This capacitor
aims to regulate the voltage ripple when the
bidirectional converter works in buck mode. The
high-voltage side component is a motor which is also
paralleled with a capacitor. The capacitor on this side
is used to regulate the voltage ripple when the
bidirectional converter is working in boost mode. The
choice of inductor greatly affects the ability of the
converter to  operate. The  mathematical
representation of buck-boost converter is described in
Egs. (5) and (6) [20].
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3. Method
3.1 System configuration

In this research, lead acid battery is used as the
source of the system. In each pack, the minimal
voltage and capacity of lead acid batteries are 12 volt
and 33 Ah. Six batteries are installed series, while the
other five are installed parallel. Hence the total
nominal voltage and the capacity is 72 volt and 165
Ah. The electric vehicle is represented by DC motor
with an output power of 50 HP or 37.3 kW and
voltage rating is 240 volt [21]. Non isolated
bidirectional DC converter is used to adjust the
battery output before sending it to the electric motor.
When the electric vehicle is operated to move
forward and backward the voltage input of motor is
set it to 240 V. Regenerative breaking is also
considered in this research. To operate in
regenerative breaking condition the voltage is set to
have 72 V

Adjustment of the output voltage value on the
converter is carried out by changing the duty cycle
value of the switch contained in the converter. The
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Tabel 1. Parameter motor DC

Parameter Value
Output Power 50 HP
Speed Rating 1750 RPM or 183.26
rad/s
Voltage Rating 240V
Armature Resistance 0.1113 Q
Armature Inductance 0.001558 H
Field Resistance 84.91 Q
Field Inductance 13.39 H
Field-Armature Mutual | 0.3406 H
Inductance
Total Inertia 0.2053 kg.m?
Viscous Friction Coefficient | 0.007032 N.m.s
Coulomb Friction Torque 5.282 N.m
a8 7~
+ +
Battery Inductor L?Z—, DC Motor
S1
VLcw VHigh

Figure. 4 Schematic diagram of the converter

duty cycle value is obtained from the calculation of
the converter gain required by the system. The
inductance selection of the inductor (in this case the
coupled inductor) in the converter design must be
appropriate. The inductance value of the inductor will
affect the system by operate in continue conduction
mode (CCM) or discontinue conduction mode
(DCM). The inductor value also affects the current
ripple in the system. The addition of an L filter on the
battery side is carried out to smooth the battery
current output before entering the coupled inductor
circuit. Another important component selection is the
capacitor. Capacitors is used to refine the voltage
value on the high-voltage and low-voltage bus
systems. Capacitors are installed in parallel on the
two bus systems.

The load on the motor is a torque whose value
can be changed. The value and shape of the torque
characteristics in MATLAB are generated by the
signal block builder. The motor must be able to
maintain speed even if the load torque value is
changed, except in regenerative braking mode. The
speed in regenerative braking mode will decrease
because it is part of the deceleration process. In
addition, the load torque will also be negative. The
system modeling is adjusted to the characteristics of
the electric vehicle when operating acceleration and
deceleration constant speed. The actual speed of the
motor is used as feedback of the PI controller.
However, the actual speed signal of the motor is first
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converted into voltage units. Assuming the motor
voltage is linear with the motor angular speed, the
following equation is obtained

240

V= 1) @)

" 183.26

Where V is actual voltage and w is actual speed. The
converted reference voltage and actual speed is
compared to produce an error value. The error will
then be used as input to the PI controller. At the rated
speed of the motor, the Pl controller will try to
produce a DC signal output of + 0.53846. This value
will be used to cut the carrier signal in the form of a
saw signal with an amplitude of 1, so that a duty cycle
of 53.846% will be generated. The error correction
process will continue even though the error value is
very small or 0, this condition is called the steady
state condition. The PI output signal will be used as a
trigger for the IGBT switch.

The separate amplified DC motor used in this
study is the default of the DC machine block
contained in the MATLAB software. Table 1 shows
the motor parameters.

3.2 Non-isolated bidirectional DC converter

modelling

Non-isolated bidirectional DC converter, can
operate in two different directions. Boost mode
occurs when the motor requires supply from the
battery, it is assumed when the electric vehicle starts
to move. While the buck mode occurs when the motor
turns into a generator with a short time and supplies
power to the battery. The modeling of a non-isolated
bidirectional DC converter circuit without a coupled
inductor and with a coupled inductor is shown in the
following figure [22].

In Fig. 4 switch S1 is the main switch when the
converter operates in boost mode, while switch S2 is
an additional switch. Switch S2 can be completely
extinguished or operated with the trigger signal being
the opposite of the trigger signal for switch S1. In
buck mode, switch S2 is the main switch, while
switch S1 is an additional switch. Switch S1 can be
completely extinguished or operated with the trigger
signal being the opposite of the trigger signal for
switch S2

In Fig. 5 switches S1 and S2 are the main switches
when the converter operates in boost mode, while
switch S3 is an additional switch. Switch S3 can be
completely extinguished or operated with the trigger
signal being the reverse of the trigger signal for
switches S1 and S2. In buck mode, switch S3 is the
main switch, while switches S1 and S2 are additional
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Figure. 5 Schematic diagram of the converter with
coupled inductor

switches. Switches S1 and S2 can be completely
extinguished or operated with the trigger signal being
the opposite of the trigger signal for switch S3. This
research uses the second operation, which is by using
the reverse signal for the trigger signal on the
additional switch in each mode.

The gain value in the converter can be increased
by increasing the duty cycle value of the switch.
However, the allowed duty cycle of each switch has
certain limitations. This limit is used so that each
switch does not experience excessive voltage stress.
Voltage stress is a natural thing for a component if it
operates to saturation conditions. The stress of each
switch must be maintained so that it does not reach
the saturation condition. If the stress reaches the
saturation value, it will result in a decrease in the
switch's ability to operate. Voltage stress is closely
related to the switching frequency used. The greater
the frequency value, the smoother the output voltage
and current, but these conditions are contrary to what
occurs in the switch. The switch will work with extra
capabilities when using high frequencies (above 20
kHz), because the time during transients is getting
shorter [23].

The addition of a coupled inductor in a non-
isolated bidirectional DC converter can reduce the
value of the duty cycle of each switch, so that the risk
of saturation conditions is reduced. The gain ratio and
duty cycle during boost mode and buck mode on a
non-isolated bidirectional DC converter without a
coupled inductor can be written as follows:

¢ Mode boost

Gain = [Hign _ 1 (8)
Viow 1-D

D=1-2% =07 9)
VHigh

International Journal of Intelligent Engineering and Systems, Vol.15, No.5, 2022

454
e Mode buck
Gain = 2w — p (10)
VHigh
D =ltow =03 (11)
VHigh

While the gain ratio during boost mode and buck
mode on a non-isolated bidirectional DC converter
with a coupled inductor can be written as follows:

e Mode boost

Gain = High _ 1+D (13)

Viow 1-D

D = [HignViow _ 053846  (14)

B VHigh+VLow
e Mode buck
Gain = Jtow — 2 (15)
Vhigh  2-D
D =—2Yow _ 046154  (16)
VHigh+VLow

Based on the comparison between Egs. (9) and
(14) in the boost mode and the comparison between
Egs. (11) and (16) in the buck mode, there is a
difference in the value of the duty cycle when a
coupled inductor is added to the circuit. The value of
the IGBT switch voltage when using a bidirectional
converter without a coupled inductor can be
formulated as follows:

Vs1 =Vsp = VHigh (17)

Meanwhile, when using a coupled inductor, it is
formulated as follows.

Vg, = Vg, = g thow (18)
Vss = Vhigh + Viow (19)

By substituting the value of the circuit parameter into
the formula, the inductor value will be obtained. The
values to be substituted are | =5 A, T =1/10000 s and
View = 72 V. Referring to the formula,

_ ViewDT _ Viow.D
L= AL AILf (20)
L= (72)(0.7) (21)

T (5)(10.000)
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Figure. 6 Schematic diagram of PWM

Tabel 2. Parameter DC converter

Parameter Nilai
Low Voltage Side Capacitor 15 x 10°%F
High Voltage Side Capacitor 15 x 10°F
Coupled Inductor 1.1 Mh
Joint Inductance Coupled 1mH
Inductor
L . filter 0.01 mH
Coupled Inductor Resistance 1.1 pQ
Coupled Inductor Joint 1 pQ
Resistance
Coupling Coefficient 0.9
Frequency 10 kHz

Tabel 3. Parameter of lead acid battery
Parameter Nilai
Nominal Voltage 12V
Rated Capacity (20 hour rate) | 33Ah
Internal Resistance 7 mQ
Initial Current for Charge 13.2 A or smaller
Control Voltage for Charge 145V 10149V

Approx. Mass 12 kg
Tabel 4. Parameter of lead acid battery in MATLAB
Parameter Nilai

Nominal Voltage 2V

Rated Capacity 165 Ah

Initial State-Of-Charge 85 %

Full Charge Voltage 109.167 %

Nominal Discharge | 8.25 %

Current

Internal Resistance 0.0084 Q

Capacity @Nominal | 100 %

Voltage

Exponential Zone [102.5 % 0.0833 %]
L=1.008x10"3H (22)

L ~11x1073H (23)

The coupling coefficient on the coupled inductor is
quite high, namely 0.9. The author assumes the
coupled inductor has a strong magnetizing effect
between the two inductors. The resistance and mutual
resistance of the coupled inductor are designed so
small that it is assumed that the coupled inductor is a
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pure inductor. The resistance value used is 1.1 x 10-
9 ohms while the resistance value along with the
coupling coefficient of 0.9 is 1 x 10-9 ohms. The
capacitor capacitance selection is based on the
capacitor calculation formula in the boost converter.
The formula can be written as follows:

_ D
Cmin - RAV/AL.f (24)

Where Cnin, R, AV/At, and f are the minimum
capacity of capacitor (Farad), load resistance (ohm),
voltage ripple (%) and switching frequency (Hz). The
parameter values to be substituted are R = 1.544 ohms,
/At = 1% and f = 10,000 Hz. By substituting
equation (10) with Eqg. (24) and other parameter
values, then,

= = (25)

Co.:
min " (1.544)(0.01)10,000

Cinin = 4.54 x 1073F (26)

In the design of this capacitor the value of C taken
is 330% of Cmin. Hence, the capacitance of the
capacitor used,

Conin = 15 x 1073F 27)

In this paper the switching method is using pulse
width modulation (PWM) as shown in Fig. 6. The
PWM method compares the DC reference signal with
the carrier signal in the form of a saw signal on the
comparator. The frequency used in the carrier signal
is 10kHz. The comparator output will be a discrete
number between 0 and 1, with different on and off
times according to the resulting duty cycle. PWM
modeling is described as follows.

Overall, the parameters used in the non-isolated
bidirectional DC converter with coupled inductor are
based on the calculation of the non-isolated
bidirectional DC converter without the coupled
inductor. Parameters of all components used in non-
isolated bidirectional DC converter with coupled
inductor can be seen in Table 2.

3.3. Lead acid battery modelling

The lead acid battery used was manufactured by
PANASONIC, based in Secaucus, New Jersey, USA.
The lead acid battery used in this study was of the
type LC-R1233P with a capacity of 33Ah and a
nominal voltage of 12 V [21, 24]. The datasheet of
the battery used is shown in Table 3.

The lead acid battery parameters are then
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Figure. 7 Block diagram of speed controller

converted so that they can be input for parameter
values in the MATLAB software. The lead acid
battery parameters in MATLAB are shown in Table
4. Parameters in MATLAB, using battery parameters
in series 6 and in parallel 5.

3.4. Speed controller

In speed regulation, the reference signal used is
obtained from a constant DC signal with a certain
value. The reference signal used is a voltage signal.
The actual speed of the DC motor is censored first by
using the gain block whose contents are Eq. (1). So
when compared the two signals have the same units.
Before being compared in block summary 1, the two
signals enter the gain block again to reduce the signal
amplitude value.

The goal is to make it easier for the Pl controller
to process data because the resulting error value has
a smaller range. The comparison error is then
forwarded to two different paths. The first path passes
through the gain block and enters the summary block
2. While the second path passes through the gain
block and the PI controller block, then enters the
summary block 2. In summary 2 block, the two signal
amplitude values are added up. The output of the
block will be used as a DC reference signal for the
comparator. Speed regulation modeling can be seen
in Fig. 7.

3.5. Extreme learning machine

Extreme learning machine (ELM) has
become popular in recent years to overcome various
engineering and other fields problems since it was
introduced by G. B. Huang in 2006. ELM structure is
constructed by single hidden layer feed-forward
network (SLFN). The ELM method is created to
overcome the weakness in the SLFN, especially in
the terms of the learning process. The parameters of
ELM in its hidden layer are chosen randomly and do
not have to be tuned. Furthermore, it can produce
good generalizations. Thus, the process of making
correlation between output and input data is
extraordinary fast in this algorithm compared to the
traditional learning algorithms such as SLFN. In
addition, the hidden nodes could be set up before the
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training samples are gained. There are two reasons
why SLFN has low speed learning process [25]:

1. The application of gradient-based learning
algorithm to carry out the training process.

2. Parameters on the net are determined via
iteration using this learning method.

Conventional gradient-based learning algorithm
method in the learning process such as back
propagation or Levenberg Marquart and others with
parameter on SLFN is determined manually. These
parameters are the input weight and hidden bias
which are also interconnected from one layer to
another, so that it requires a slow learning speed
process and it is often trapped in the local minima.

The formulation for the output function of ELM
for generalized SLFN is defined as follows [25]:

y.(X) = Xin oihi(X) = Y@ (28)

where @ = [¢4,...,¢,] T is vector of output

weight between hidden layer of L nodes and the

output node. P (x) = [Y;(X), ..., Y (X)] is the output

vector of the hidden layer with respect to the x. Input

data of ELM in d-dimensional is mapped by ¥(X) to
L-dimensional hidden-layer feature space H [26].

In terms of learning process, ELM algorithm has
difference with traditional learning algorithm where
ELM goal is to reach not only the smallest error value
but also the smallest norm of output weights at the
same time as described in Eq. (29) [26].

minimize: ||[He — T|I% llol| (29)

where H is the hidden-layer output matrix.

(X1)] [1/)1("1) Y (x1)
= : : (30)
Y xy)l pa(xy) Y (xn)
Using karush-kuhn tucker (KKT) optimality

conditions, the least squares problem can be solved
by Eq. (31) [27].

o=H" (Ai + HHT)_l T (31)

where I, T, and A, are identity matrix, target

matrix, and regularization factor, respectively. T = [ti,
o tN]T.

By substituting Eq. (31) into Eq. (28), the output

of ELM can be obtained as defined in the following

equation [27]:
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3.6 Procedure of designing the controller

This section focused on how ELM is implemented
to Pl controller, so the PI controller is adaptive again
different operating condition of the electric vehicle.
The input data for this training is speed reference and
disturbance of the electric vehicle. In addition, the
output is predicted parameter of PI controller (Kp and
Ki). The procedure of adaptive Pl includes the
following steps [28]:

Step 1. Conduct the training process using Eq
(11)
Step 2. Compute the accurateness of the
predicted parameter using mean
absolute error using Eq. (33)
MSE — Z]iv=1 (yi_yi)z (33)

N

where 7; is predicted data yielded by
proposed learning algorithm, while y; is
actual data. N is number of datasets
utilized in training phase.
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Step 3. If the MSE value is minimum, print out
the results. Otherwise go to the step 1
until the minimum MSE are obtained

[28].

4. Results and discussions

This section focused on the showing the results of
the proposed method. In addition, the discussion of
the efficacy of the proposed method is also carried
out in this section. All the simulation are carried out
using MATLAB/SIMULINK environment. To
simulated more realistic condition of the system all
the modelling of bidirectional converter, DC motor
and the associated controller are carried out using
simscape electrical library in SIMULINK MATLAB.
While the ELM is coded using M-FILE in MATLAB.
Three different case studies are carried out to shows
the efficacy of the proposed method.

4.1 Training phase

The first step for investigating the performance of
extreme learning machine by testing the algorithm
with several data. In this paper the Pl controller
parameter of bidirectional converter is trained using
ELM. Eighteen different operating is considered in
the ELM training phase. The input of the ELM is the
speed reference of motor DC and load torque
reference from the motor DC. The output of the ELM
training phase is the trained parameter of P1 controller.
Fig. 8 shows the comparison between actual Kp
controller and the Kp based ELM. While Fig. 9
depicts the comparison of Ki actual, and Ki based
ELM. It is noticeable that for ELM can mimic the
value of conventional PI controller.

The execution time of ELM to find the trained
parameter is only 0.0313 second. In addition, from
Fig. 8 it is found that the maximum error for Kp is
0.0268 and the minimum error is 0.0232.
Furthermore, the MSE value for Kp is 0.0232. It was
also noticeable that from Fig. 9 that the maximum
error for Ki value is 0.0097 while the minimum error
for Ki value is 0.0083. In addition, the MSE value for
Ki is 0.00898. From these results it can be concluded
that, the ELM can predict the Pl parameter based on
the operating condition.

4.2. Testing phase

The second case study is the testing phase. After
the PI controller is trained with the ELM, the next
step is to test the PI controller under different speed
reference. In this section the throttle of the electric
vehicle is set to have rotation from 0 to 157 rpm. The

DOI: 10.22266/ijies2022.1031.39



Received: June 15, 2022.  Revised: July 5, 2022.

300

Conventional PI
250 | —PI-GWO
—PI-ELM

200

150 1

100 H

Speed Magnitude (rad/sec)
(&)
o

o
=

-50

0 1 2 3 4 5 6
time (second)

Figure. 10 Comparison of electric vehicle speed response

under different scenarios

Tabel 5. Detailed features of Fig. 7

Parameter Pl- Pl Pl
ELM GWO Conventional
Overshoot 221.6 240.3 295.45
(rpm)
Settling time 3.8 4.6 5
(second)
) x10°
Battery Power
1.5 Motor Power
1
‘§ 0.5
g 0 [
@]
o
0.5
-1F
1.5 : : : :
0 2 4 6 8 10

time (second)
Figure. 11 Comparison of battery and motor power
under regenerative breaking conditions

Tabel 6. Execution time comparison
Remark PI-ELM Pl GWO
Execution time (second) | 0.0313 256

load torque is neglected in this testing section.
Two different scenarios are considered to investigate
the efficacy of the proposed method. The first
scenario is system with conventional PI. The second
scenario is system with adaptive Pl based on ELM
(black line) and the third scenario is system with Pl
controller based on GWO (red line). Fig. 10 shows
the electric vehicle speed response under 157 speed
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reference. In addition, Table 5 shows the detailed
features of Fig. 7.

From Fig. 10 and Table 5 it is observed that when
Pl is designed adaptive using ELM, they can give
more better signal controller than using conventional
PIl. This is indicated by the speed response of the
electric vehicle. It is noticeable that the speed
response of system with Pl based ELM have smaller
overshoot and fastest settling time than system using
conventional PI controller. This could be happening
because Pl based ELM give better control signal to
the duty cycle so that the bidirectional converter is
giving better voltage input to the electric vehicle.

For further investigation, the comparison of
execution time between Pl based on ELM and PI
based on GWO is essential. Table 6 shows the
execution time comparison between Pl based on
ELM (proposed method) and PI based on GWO. ltis
found that the execution time of Pl based ELM is
faster that execution time of Pl based GWO. The
execution time is expected to increase as the system’s
size and complexity grow. As a results, it is important
to use a method with shorter execution time.

4.3 Regenerative breaking conditions

In this section, the system is tested against
regenerative breaking conditions. To simulate
regenerative breaking first the load torque is set to
have 180 Nm value. Then the load torque is reduced
to become 90 Nm. In addition, the speed reference is
also reduced from 157 to 127 rpm. It should be noted
that in this case only the proposed method scenario is
used to test the regenerative breaking condition. Fig.
11 shows the comparison between electric vehicle
power and battery power.

When braking conditions occur on the motor, the
load torque will be negative, and the motor will
change its function to a generator. The motor that has
switched the function will supply power to the
battery. This causes the process of charging the
battery. Referring to the curve in Figure. 12, the
battery input power response reaches a steady state
condition at 5 seconds. The value of the battery input
power ranges from = 31.64 kW at steady state
conditions. The time required for the motor output
power response to steady state is 5 seconds. In steady
state condition, the motor output power is £ 2.79 kKW.

5. Conclusions

This paper focused on designing bidirectional
converter controller using ELM. The purpose of
using ELM is to make the converter controller
adaptive to any changing on the operating condition.
The PI controller is used as the bidirectional
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converter controller. From the simulation results it is
found that the ELM can mimic the actual parameter
of conventional PIl. For both parameter the MSE
value is less than 0.03 for Kp and 0.01 for Ki. In
addition, the Pl based on ELM is giving better
controller response than conventional Pl. This is
indicated by the speed response of electric vehicle.
The speed response of the system with PI-ELM has
less overshoot than system with conventional PI
controller. Furthermore, in the regenerative breaking
condition the Pl based ELM is giving better results
than system using conventional controller.
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