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ABSTRACT: Brushless Direct Current (BLDC) motors are widely employed in electric railway traction systems due to their
high efficiency and smooth operation. However, complex speed control and the occurrence of torque ripple-arising from speed
instability under excessive load-prevent BLDC motors from operating at optimal performance. This study proposes an
optimization approach based on Field-Oriented Control (FOC) using Proportional Integral (PI) controllers tuned through Hand
Tuning (HT), Artificial Bee Colony (ABC), and Particle Swarm Optimization (PSO). The optimization process utilizes the
Integral Time Multiplied by Absolute Error (ITAE) criterion. Simulation results indicate that PSO delivers the most optimal
overall performance. PSO achieves the highest electromagnetic torque output (26.3937 Nm during start-up and 4.92347 Nm under
load), provides the fastest speed recovery, and demonstrates superior resilience to load disturbances such as cornering effects.
Therefore, PSO emerges as the most effective tuning strategy for BLDC motor control.
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I. INTRODUCTION

Technological advancement has entered a new phase, known
as Society 5.0, characterized by the deep integration of digital
technologies [1]. The advent of Industry 5.0 necessitates
comprehensive adaptation across all sectors to ensure the
production of sophisticated, high-quality products aligned
with the needs of society [2]. In the railway sector, digital
technologies facilitate sustainable innovation that supports
the future development of railway operations [3]. A train is a
transportation system composed of a locomotive and multiple
carriages, designed to transport large volumes of passengers
or freight simultaneously [4]. One of the train types still in
operation today is the electric train, which employs electric
motors as its main traction system, receiving power directly
from the Overhead Line Equipment (OLE) via a pantograph
[51.

The Direct Current (DC) motor is a type of traction motor
used in electric trains, functioning by converting electrical
energy into mechanical rotational motion, and is known for
its high initial torque [6]. However, the use of DC motors in
electric trains leads to increased noise, as the brushes and
commutator create mechanical friction and produce non-
smooth rotational motion [7]. Therefore, an improvement is
needed, namely the adoption of BLDC motors, which are
highly suitable for electric vehicles. A Brushless Direct
Current (BLDC) motor operates without brushes and instead
relies on electronic commutation, resulting in smoother motor

rotation and significantly lower noise levels compared to
conventional DC motors [8]. The operating principle of a
BLDC motor is based on receiving a DC power supply that is
subsequently converted into AC voltage using a DC-AC
inverter to drive the motor [9]. However, this technique
presents several challenges, including more complex speed
regulation and the presence of torque ripple caused by speed
instability under excessive load conditions, which prevents
the BLDC motor from operating at optimal performance [10].

Therefore, speed regulation can be implemented using
the Field-Oriented Control (FOC) method. FOC is a control
technique in which a coupled system is transformed into a
decoupled system through the orientation of the motor’s
magnetic field [11]. The FOC method functions by precisely
controlling the stator current components of the BLDC motor
to achieve accurate torque and speed regulation [12], [13].
The use of the FOC method enables independent control of
flux and torque, allowing speed regulation to be managed
effectively while reducing the amount of battery power
converted into flux [14].

The implementation of a Proportional-Integral (PI)
controller for speed regulation in a Field-Oriented Control
(FOC) system relies heavily on the optimal tuning of the
proportional (K,) and integral (K;) gains. Conventional
tuning methods, such as manual trial-and-error approaches,
often fail to achieve the dynamic response and stability
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required for electric vehicle applications, particularly when
subjected to varying load conditions [15]. To address these
challenges, advanced metaheuristic optimization techniques
are employed. Specifically, Particle Swarm Optimization
(PSO), inspired by the collective behaviour of fish schools
and bird flocks, is utilized to determine the optimal
parameters that minimize performance indices such as the
Integral Time Multiplied by Absolute Error (ITAE). This
intelligent control approach is adopted to reduce torque
ripple, settling time, and overshoot [16]. The Artificial Bee
Colony (ABC) algorithm is proposed as a metaheuristic
approach that operates in the same way as PSO, aiming to
generate the optimal Kp and Ki parameters and ensure robust
and stable speed control that overcomes the instability issues
typically found in conventionally tuned PI controllers [17].

From the above background, this study proposes a speed
control optimization method for Brushless Direct Current
(BLDC) motors using Field-Oriented Control (FOC). The
system evaluates three tuning approaches are Hand Tuning,
Artificial Bee Colony (ABC), and Particle Swarm
Optimization (PSO). A Proportional-Integral (PI) controller
is employed as the primary control strategy.

II. METHOD
A. Brushless Direct Current Motor

BLDC motor control typically relies on techniques that
regulate rotor speed and position by adjusting current signals
through signal processing and the Space Vector Pulse Width
Modulation (SVPWM) method. The current supplied to the
motor is controlled based on feedback from rotor speed and
position to ensure that the desired torque and speed are
achieved.
The initial stage in BLDC motor control is speed regulation,
which is performed using a Proportional-Integral (PI)
controller. This controller functions to minimize the error ()
between the reference speed (w.s) and actual speed as
expressed in Equation (1).

e(t) = Wref — Wgctual (D
The PI controller computes the quadrature reference

current signal (igef ) which is required to generate the desired
torque and speed. This signal is then fed into the inner current
loop. The controller output is governed by the standard PI
equation in the time domain:

Table 1. Parameters of Inspection Train

Table 2. Parameters of BLDC Motor BM1424ZXF
Parameter Value Unit
Read Output Power 1500 Y
Rated Voltage 48 VDC
Rated Speed 2850 Rpm
No Load Speed 3700 Rpm
Full Load Current 31,5 A
No Load Current 5,5 A
Rated Torque 5,026 N.m
Efficiency 82 %
Pole Pairs 5
Kt (rms) 0,1596 N.m/A
Ke 0,1596 V.s/rad
R phase 0,1106 Q
L phase 0,001 H
J (inertia) 0,010 Kg.m?
B (viscous damping) 0,001 N.m.s/rad
u(t) = Kye(t) + K; [ e(t)dt )

The BLDC motor employed in this study is the
BM1424ZXF model, which is capable of delivering up to
1500 W of output power. A comprehensive overview of the
motor specifications used in the system is provided in Table
2. The BLDC motor type is commonly used in mini train
applications. The parameters associated with the mini train
system are summarized and presented in Table 1.

B. Field Oriented Control

The FOC computation process begins with the control
switching into the inner current loop and requires the
transformation of the measured three-phase current (i, iy, i)
into the synchronous dq reference frame. This is achieved
through the Clarke Transformation, which convertsi,,,. into
two stationary components (L'a,iﬁ), followed by the Park
Transformation, which uses the rotor angle (6) to change the
iqp to be iy (flux) and i, (torque). The Park Transformation is
defined as follows.

(5)=(8 =) ®)

Parameter Value Unit

Train Mass 200 kg

Maximum Speed 12 km/h

Wheel Diameter 0.26 m

Total Passenger Weight 365 kg

Figure 1. FOC System Block Diagram for BLDC
Motor
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The value of i and i, measured values are then compared with

their respective references (i;" and if’). The resulting
current error is minimized by the inner-loop PI controllers
dedicated to the d- and g-axes, which generate the reference
voltages (V; " dan V,*/)that are needed by inverter. The g-
axis voltage output is formulated as follows

Vqr:f = Kpl(igEf )

+ Kl [(i5 —i,)dt 4)
Finally, these reference voltages are transformed back to the
stationary three-phase frame through the Inverse Park and
Inverse Clarke Transformations, providing the required signals
for the SVPWM modulator to efficiently control the three-
phase inverter. The Inverse Park Transformation for the
voltages is given by,

ref
Vo) _ (cos®) —sin(®)) [ Vas
(Vl;) - (sin(@) cos(B)) (V(;Sef> (&)
The block modeling of the FOC system based on reference
[18] is as follows.

C. Hand-Tuning

Manual Tuning, also known as the Trial-and-Error
method, is the most traditional and commonly used approach
for determining the gain parameters of a PID (Proportional-
Integral-Derivative) controller, including the K, and
K; parameters. This method relies heavily on the intuition
and direct observations of the operator or engineer regarding
the system’s dynamic response. Although it can be used to
determine the PI controller constants, it requires extensive
understanding of control systems, and its implementation is
carried out manually [19].

D. Artificial Bee Colony
The Artificial Bee Colony (ABC) algorithm is a swarm-
intelligence—based optimization method that has proven to
be effective in finding optimal solutions for complex
problems. The algorithm is modeled after the natural
foraging behavior of honey bees in locating optimal food
sources. ABC 1is characterized by its minimal control
parameters, fast convergence rate, clear logic, and strong
exploration—exploitation capabilities. The foraging process
is divided into three types of bees: Employed Bees,
Onlooker Bees, and Scout Bees [17]. The use of this
algorithm begins with the initialization phase. Food
sources(xij ) are generated randomly within the specified
boundaries (x,{lin and x,];wx). The second phase, the
Employed Bee phase, involves each employed bee searching
for a new food source (vi j) in the neighbourhood of its
current food source(xi j). The position update equation is
formulated as follows.
vy = xyj + 0y (%3 — X))

(6)

@;; is a random number, and x,; is the solution
selected for exploration. In the next phase, the Onlooker
Bees choose food sources to exploit based on a probability
(pi) that is proportional to the fitness value (fit;) of each
food source, which is defined as follows:

L (7)

SN ¢
Zi:l flti

The Scout Bee phase serves as the final stage, in which

these bees search for new solutions randomly when a food
source has been abandoned (i.e., when the limit is exceeded).
Any food source that shows no improvement over a
specified number of iterations is considered unproductive
and is discarded. This tuning method is applied to the BLDC
motor under the FOC scheme to ensure optimal operation.

E. Particle Swarm Optimization

PSO is an advanced optimization algorithm inspired by
swarm [20]. The PSO algorithm simulates the social
behaviour of animals such as birds and fish. These flocks
exhibit cooperative behaviour by using their individual
intelligence while also being influenced by the collective
behaviour of the group in searching for food. When one bird
discovers the correct path or the shortest route to a food
source, the other members of the group can immediately
follow that path, even if they are located far apart within the
flock [21]. A swarm is considered as a group of particles with
a defined size, and the initial position of each particle is
randomly distributed within a multidimensional search space.
Each particle in the swarm adjusts its movement based on two
main factors: its own best experience (personal best) and the
global best experience of the swarm (global best). If the
global best position provides a better result than the particle’s
current position, the particle will move toward that position
through velocity and position updates, as expressed in the
following equations.

Vi(t“) =wX Vi(t) +cny (pbestl- —

Xi(t)) + ey (gbesti — Xi(t)) (8)

Xi(t+1) — Xi(t) + Vi(t+1) )

Here, xi(t) represents the position of the i-th particle at
iteration ke-t, while vi(t) denotes its velocity. The Parameter
w known as the inertia weight, functions to control the
balance between exploration and exploitation. The coefficient
¢, is the cognitive coefficient that governs the contribution of
the individual experience, whereas c, is the social coefficient
that governs the contribution of the global experience. The
random factors r; and r, are uniformly distributed numbers
within [0,1] providing diversity in the swarm’s movement.
Through this mechanism, the particles collectively search for
the optimal solution within the search space.

F. Integral Time Absolute Error

ITAE emphasizes the error that occurs over time. By
multiplying the absolute error(|e(t)|) by time (t), ITAE
assigns increasingly greater weight to errors that occur toward
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the end of the system response (i.e., after the setpoint has been
reached). Its goal is to ensure that the system response not
only reaches the setpoint quickly, but also stabilizes rapidly
with minimal steady-state error, while heavily penalizing
overshoot or prolonged oscillations [22]. The general ITAE
expression is defined as follows:

ITAE = [ tle(t)|dt (10)

Table 3. Parameters Input

Parameter Value Unit
Gear Ratio 7:30 (7 on
motor : 30
on train
wheel)
Curve Radius 30 m
Curve Angle 97 °
1.692 rad
Number of Curves 4

G. Train Track and Simulation Model

The track and simulation model is used to simulate the
movement of the train based on the actual track. The
simulated train track is illustrated as shown in Figure 2. In
real conditions, the track has four curves, each with a different
turning duration. Therefore, this needs to be modeled using
several mathematical models. To determine the travel
distance while turning, Equation (11) can be used as follows.
s=rx6 (11)

Where s is the travel distance, r is the curve radius, and 0
is the turning angle. Next, the angular speed of the wheel is
calculated using Equation (12).

w_wheel =

(12)
Where w_wheel is the angular speed of the wheel, v is

the train speed when passing through the curve, and »_wheel

is the wheel radius. Then, to calculate the gear ratio, Equation

r_wheel

(13) is used as follows:
i=> (13)
Where i is the gear ratio, 30 is the gear ratio on the
wheel, and 7 is the gear ratio for the motor. Then, to calculate
the motor’s angular speed, Equation (14) is used as follows:
w_motor =i X w_wheel (14)
Where w_motor is the motor’s angular speed, i is the gear
ratio, and w_wheel is the wheel’s angular speed. In
calculating the force and load torque, the centripetal

acceleration is required using Equation (15) as follows:

a. =2 (15)

r
Where a, is the centripetal acceleration, v is the train speed

when passing through the curve, and 7 is the curve radius.
Next, to calculate the centripetal force, Equation (16) is used
as follows:

F.=mxa, (16)

Where F_ is the centripetal force, m is the total mass of the
train and passengers, and a. is the centripetal acceleration.
Then, to calculate the load torque on the wheel, Equation (17)
is formulated as follows:

T_wheelload = F, X r_wheel (17)
Where T wheelload is the load torque on the wheel, F, is the
centripetal force, and » wheel is the wheel radius. Then, to
calculate the torque on the motor, Equation (18) is expressed

as follows:
T_wheelload

T_motor = ;

(18)
Where T _motor is the motor torque, T_wheelload is the load
torque on the wheel, and i is the gear ratio. Then, to calculate
the input gain, Equation (19) is used as follows:

Tioaa = T_motor — At (19)
Where Tj,qq is the input gain, 7 _motor is the motor torque,
and At is the torque reduction of the motor. Several input
parameters included in Equations (11) to (19) are described
in Table 3 parameter input.

ITII. RESULT AND DISCUSSION

The overall system used in this study is shown in Figure
1, which presents the FOC Block Diagram for the BLDC
Motor. As previously discussed, the simulation was
conducted using four curvature segments, as illustrated in
Figure 2, with Figure 3 serving as a supporting reference.
Based on the calculations in Equations (11) through (19),
using the input parameters listed in Table 3, the resulting
torque—reduction gain values were obtained and are
summarized in Table 4. Hence, according to Table 4, curves
1,2, 3, and 4 have the gain in torque resulting from navigating
a curved track of 4.4, 3.8, 4.4, and 4.4, respectively.

The results of this research consist of two main parts. The
first part shows the performance of the BLDC motor for the
train under no-load conditions. The second part presents the
motor behavior when passing through curves with a radius of
30 meters at four different curve points. The second set of
results provides a comparison of the current response,
electromagnetic torque, and speed using PI controllers tuned
with HT (Hand Tuning), ABC tuning, and PSO tuning. The
curvature profile for the second condition is shown in Figure
2.

Table 4. Torque Drop Gain Output

Turn Speed Speed Motor Gain
(km/h) (m/s) Torque Input
(Nm) (Nm)
1 9,97 2,77 4,4 4,4
2 10,78 2,99 5,13 3,8
3 9,98 2,77 4.4 4,4
4 9,97 2,77 4.4 4,4
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Figure 3. Track Design

The first simulation was performed under no-load
conditions. For the speed controller, the HT method yielded
Kp =2 and Ki = 0.1, while the ABC and PSO optimizations
produced Kp = 2.1164, and Kp = 2.5138,Ki = 0.0014,
respectively. The resulting speed responses for the HT, ABC,
and PSO-based FOC schemes are shown in Figures 5-7.

Figure 4 illustrates the inverter current supplying the
BLDC motor. Despite the absence of load, a significant
inrush current appears during startup, reaching 78.9878 A.
After the motor stabilizes, the simulated vehicle is assumed
to encounter four track curves with a 30 m radius. Each
curvature event produces a distinct rise in current due to
increased torque demand.

The first curvature causes the current to increase from
0.2633 A to 30.6975 A between 5.83 s and 10.94 s, followed
by a drop to 0.8536 A at 17.87 s. The second curvature
produces a peak of 26.6341 A at 21.99 s before decreasing to
0.8546 A at 31.89 s. The third curvature results in a peak of
30.8657 A at 37.04 s and a subsequent decline to 0.8667 A at
43.94 s. The final curvature similarly raises the current to
30.8776 A at 49.04 s, which then returns to 0.8702 A at 54.15
S.

Overall, the current profile demonstrates the motor’s
dynamic response to curvature-induced load variations
despite an initially unloaded condition.
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Figure 4. Phase a Stator Current without Load
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Figure 5. Phase a Stator Current with Load
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Figure 6. Reference Speed vs Actual Speed of Motor with
HT Non-Load
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Figure 6 shows that the HT-based controller achieves a
rise time of 0.327954 s, while the ABC-tuned controller in
Figure 7 yields a faster rise time of 0.27311 s. In contrast, the
PSO-tuned controller shown in Figure 8 produces a rise time
of 0.364686 s. These variations in rise time influence how
effectively each method responds to torque disturbances.

Farionte Eoed ¥8 Kk St f Moy

.'!‘

EN——

Figure 8. Reference Speed vs Actual Speed of Motor with
PSO Non-Load

In this study, torque disturbances are introduced through
simulated increases in mechanical load caused by track
curvature. The train mass is kept constant, and the additional
load arises solely from the torque required to negotiate the
curves. The corresponding speed responses for the HT, ABC,
and PSO methods are presented in Figures 9, 10 and 11. Each
tuning method exhibits distinct dynamic characteristics and
advantages under varying load conditions.
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Figure 10. Reference Speed vs Actual Speed of Motor
with ABC and Load
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Figure 11. Reference Speed vs Actual Speed of Motor
with PSO and Load

Figure 9 shows the FOC configuration implemented using
the HT method. In this approach, the proportional and integral
gains (K, and K;) are yielding Kp = 2 and Ki = 0.1. During
this stage, the train experiences a speed reduction as it enters
a curved segment, resulting in a rise time of 0.318734 s. The
first speed drop occurs at 6.01078 s, where the speed
decreases from 1047.01 rpm to 922.304 rpm, followed by
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recovery at 16.0147 s. Another speed reduction is observed at
18.0711 s, decreasing from 1074.36 rpm to 959.488 rpm, with
recovery occurring at 1085.57 s. A subsequent drop takes
place at 31.9745 s from 1077.63 rpm to 945.816 rpm,
followed by an increase at 42.029 s. The final reduction
occurs at 43.991 s, where the speed decreases from 1092.6
rpm to 957.868 rpm, returning to its nominal value at 53.9735

S.
Tedorayek Tags

ANA AN

Tre

Figure 12. Electromagnetic Torque with HT

Figure 10 illustrates the speed response under load using
the ABC method. In this method, the proportional and
integral gains (K, and K;) are set to 2.1164 and 0.0033,
respectively. The resulting rise time is 0.244482 s. The first
speed reduction occurs at 6.09473 s, where the speed
decreases from 1042.79 rpm to 910.89 rpm, followed by
recovery at 16.0505 s. A subsequent drop is observed at
18.012 s, with the speed decreasing from 1045.94 rpm to
929.533 rpm and recovering at 25.9877 s. Another reduction
occurs at 32.0462 s, from 1046.11 rpm to 912.812 rpm, with
recovery at 41.9179 s. The final speed drop takes place at
44.1339 s, decreasing from 1044.82 rpm to 913.131 rpm,
followed by an increase at 53.8757 s.

Figure 11 shows the FOC using the PSO method. In this
method, the K, and K; values are also calculated based on the
ITAE value. According to the PSO, the K,, and K; values are
2.5138 and 0.0014. When a load is applied, the speed
response changes with a rise time of 0.312998 s. A decrease
occurs at the first curve at 6.02848 s, where the speed drops

from 1045.15 rpm to 931.986 rpm and returns at 15.8638 s.
Then, it decreases again at 18.1142 s from 1043.5 rpm to
948.255 rpm and rises again at 26.0238 s. The motor speed
decreases again at 31.9915 s from 1045.97 rpm to 932.485
rpm and rises again at 41.9002 s. Then, it decreases once more
at43.8902 s from 1046.32 rpm to 933.345 rpm and rises again
at 53.944 s.

In Figures 12, 13, and 14, the electromagnetic torque
representation of all methods is shown. At startup, the HT
method produces a torque of 25.8086 Nm, while the ABC and
PSO methods produce torques of 26.1154 Nm and 26.3937
Nm, respectively. It can be seen that the smallest
electromagnetic torque value occurs in the HT method. The
highest torque increase when the train passes through a curve
occurs in the PSO method, with a value of 4.92347 Nm at
11.0223 s.

Figure 13. Electromagnetic Torque with PSO

Em vren Tyus

ANCA A7\

Figure 14. Electromagnetic Torque with ABC

Table 5. The Result of PI-Tuning in All Methods for Speed

Rise . Maximum Speed | Speed Rise Back
Start Fall Point
Type | Kp | Ki | Point art Tall Toin Fall Point Point Condition
Time Time Speed Time Speed Time Speed
0.3257954 ) i i i i ) No Load

6.01078 | 1047.01 | 10.9429 | 922.304 | 16.0147 | 1077.97

HT 2 01 0.318734 s Rpm s Rpm s Rpm Load 1
s 18.0711 | 1074.36 | 22.0602 | 959.488 | 25.9607 | 1085.57

Load 2

S Rpm S Rpm S Rpm
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31.9745 | 1077.63 | 37.045 | 945.816 | 42.029 | 1096.7 Load 3
S Rpm S Rpm S Rpm
43.991 | 1092.6 | 49.0772 | 957.868 | 53.9735 | 1104.44 Load 4
S Rpm S Rpm S Rpm
0.27311
S - - - - - - No Load
6.09473 | 1042.79 | 10.9235 | 910.89 | 16.0505 | 1045.77 Load 1
S Rpm S Rpm S Rpm
ABC | 2.1164 | 0.0033 18.012 | 1045.94 | 22.0186 | 929.533 | 25.9877 | 10454 Load 2
0.244482 S Rpm S Rpm s Rpm
s 32.0462 | 1046.11 | 36.9297 | 912.812 | 41.9179 | 1044.44 Load 3
S Rpm S Rpm S Rpm
44.1339 | 1044.82 | 49.0709 | 913.131 | 53.8757 | 1044.31 Load 4
S Rpm S Rpm S Rpm oa
0.36:686 i i i i i i No Load
6.02848 | 1045.15 | 11.0893 | 931.986 | 15.8638 | 1041.52 Load 1
s Rpm s Rpm s Rpm
18.1142 | 1043.5 | 21.9682 | 948.255 | 26.0238 | 1045.69
P 2.51 .0014 Load 2
SO 125138 1 00014 1) 110008 | s Rpm s Rpm s Rpm oad
S 31.9915 | 1045.97 | 37.0846 | 932.485 | 41.9002 | 1043.02 Load 3
S Rpm S Rpm S Rpm
43.8902 | 1046.32 | 49.1365 | 933.345 | 53.944 | 1048.04 Load 4
s Rpm S Rpm s Rpm
Table 6. The Result of PI-Tuning in All Methods
Maxi S Wh
Start Rising Point aximum Surge en
Type Kp Ki Loaded Condition
Time Torque Time Torque
11.0856 s 4.92084 Nm Load 1
22.0732 4.2451 Load 2
HT 2 0.1 0.013636s | 25.8086 Nm 0732 519 N oad
37.0742 s 4.9073 Nm Load 3
49.1018 s 4.91657 Nm Load 4
11.0417 s 4.92104 Nm Load 1
22.0362 s 4.25819 Nm Load 2
ABC 2.1164 0.0033 0.013612 26.1154 N
° ™ [7369819s | 49139 Nm Load 3
48.9794 s 4.91252 Nm Load 4
11.0223 s 4.92347 Nm Load 1
22.0298 s 4.25703 Nm Load 2
PSO 2.5138 0.0014 0.01353 26.3937N
) " 173699195 | 49142 Nm Load 3
49.0181 s 4.9211 Nm Load 4

Table 5 represents several tuning methods based on ITAE
that are used for speed control in units of rpm and time in
seconds. Among the three tuning methods (HT, ABC, and
PS0O), the fastest rise time response is obtained by the ABC
method with a time of 0.244482 s. The earliest point when the
train begins to enter a curve also occurs in the ABC method,
with the first curve at 10.9235 s, the second curve at 22.0186
s, the third curve at 36.9297 s, and the fourth curve at 49.0709
s. In addition, the GA method is the method that has the

highest speed drop, reaching 910.89 rpm from the stable point
or speed reference of 1049 rpm.

At the turnaround point where the speed reaches the
reference value, the fastest return time occurs when using the
HT method, with 16.0147 s at the first curve, 25.9607 s at the
second curve, 42.029 s at the third curve, and 53.9735 s at the
fourth curve. However, the speed obtained using HT exceeds
the reference speed at each curve. Then, Table 6 represents
the electromagnetic torque (Nm) using several FOC
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techniques. The PSO method has the fastest starting speed,
reaching 0.01353 s, and it is also the method with the highest
torque, reaching 26.3937 Nm. In addition, the PSO method
has the highest torque peak caused by the train passing
through a curve, reaching 4.92347 Nm at 11.0223 s on the
first curve.

V. CONCLUSIONS

The PSO method has been proven superior in
electromagnetic torque capability, which is crucial for
inspection train applications. PSO produces the highest
starting torque, reaching 26.3937 Nm at 0.01353 s. This
method also shows the highest torque surge when the train
passes through a curve, reaching 4.92347 Nm. The larger
compensation torque indicates a more effective controller
ability in responding to and handling sudden mechanical load
disturbances.

Although ABC provides the fastest rise time under no-
load conditions at 0.244482 s, the performance of PSO shows
superior endurance under load variations. PSO has the
shortest recovery time back to the reference speed after a
speed drop caused by a curve (15.8638 s at the first curve).
This fast recovery time implies better settling time and higher
robustness against load disturbances, which are the main
objectives of optimization. The Hand Tuning (HT) method
suboptimal where the
achieved speed tends to exceed the reference speed at each
curve, which is an indication of poor stability.

The Particle Swarm Optimization (PSO) tuning method

shows overshoot performance,

is the most effective for optimizing BLDC motor speed
control in inspection train applications. The combination of
the highest electromagnetic torque and the fastest speed
recovery capability indicates that PSO produces the most
optimal K, and K; parameters to ensure good dynamic
response and superior resistance to load disturbances that
occur in rail operations.
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