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1. Introduction

Brushless Direct Current (BLDC) motors have become increasingly vital in modern
electromechanical systems due to their high efficiency, compact design, and superior controllability
compared to conventional brushed motors [1]. The absence of brushes and mechanical commutators
reduces maintenance requirements, enhances reliability, and extends operational lifespan [2]. These
advantages, combined with low acoustic noise and excellent dynamic response, have positioned
BLDC motors as a preferred solution in electric vehicles, industrial automation, and renewable energy
systems [3]. Their ability to deliver high torque across variable speeds while maintaining energy
efficiency underscores their importance in the global push toward sustainable technologies [4], [5].

Recent research emphasizes advancements in BLDC motor design, control strategies, and
integration with renewable energy sources. Developments in sensorless control, fault-tolerant
operation, and intelligent power electronics have expanded their applicability in demanding
environments [6]. Moreover, optimization techniques for speed regulation and thermal management
continue to be explored to improve performance and reliability. As industries prioritize energy-
efficient and sustainable solutions, BLDC motors are expected to play a pivotal role in shaping next-
generation electrical drives and mobility systems [7].

One of the key factors influencing the performance of Brushless DC (BLDC) motors is the
controller. Various control strategies have been developed to regulate BLDC motor speed and torque,
with Field-Oriented Control (FOC) and Vector Control being among the most widely adopted due to
their ability to achieve high dynamic response and efficiency. In both methods, the controller plays a
critical role in stabilizing motor operation and ensuring precise performance under varying load
conditions. Among the controllers commonly employed in both industrial applications and academic
research, the Proportional-Integral (PI) controller remains the most prevalent due to its simplicity,
ease of implementation, and reliable performance in speed regulation and current control [8]. Recent
studies continue to refine PI-based approaches, often integrating them with advanced modulation
techniques or optimization algorithms to enhance robustness and adaptability in modern BLDC drive
systems [9].

The application of the Proportional-Integral (PI) controller for induction motor drives has been
widely reported in the literature. As demonstrated in [ 10], the PI controller significantly enhances the
dynamic performance and stability of induction motors under varying operating conditions. A
comparative study of different PI controller structures for induction motor control is presented in [11],
where indirect field-oriented control (IFOC) is employed to regulate motor speed. The study further
highlights the hybrid integration of PI controllers with Adaptive Neuro-Fuzzy Inference Systems
(ANFIS), which improves robustness and adaptability. Extending this approach to Brushless DC
(BLDC) motors, Subbarao et al. [12] reported a performance comparison between conventional PI
controllers and ANFIS-based controllers in electric vehicle applications, demonstrating that intelligent
hybrid control strategies can outperform classical methods in terms of efficiency and dynamic
response.

Hybrid controller strategies have been extensively investigated to improve the performance of
electric machines. In [13], a hybrid approach combining fuzzy logic and PI controllers was proposed
for single-phase induction motors, where a multilevel inverter acted as the actuator and renewable
energy served as the power source. Simulation results demonstrated that this hybrid strategy
significantly enhanced the dynamic response and efficiency of the induction motor. Similarly, a hybrid
artificial intelligence technique integrating fuzzy logic and Particle Swarm Optimization (PSO) for
BLDC motor control was reported in [14]. In this study, fuzzy logic and PSO were employed to
achieve self-tuning of the PI controller, resulting in notable improvements in speed regulation and
overall performance. Furthermore, Naqvi et al. [15] introduced a swarm-based optimization method
for tuning PI controller parameters in BLDC motor drives. Their findings confirmed that swarm-based
tuning effectively identified optimal PI gains, thereby enhancing the stability, efficiency, and
robustness of BLDC motor operation.
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From the research discussed above, it is evident that the tuning of PI controller parameters plays
a crucial role in determining the overall performance of BLDC motor drives. However, since the
operating conditions of such systems are inherently dynamic and subject to continuous variation, a
static PI controller often fails to deliver optimal control performance. This limitation highlights the
necessity of employing adaptive PI controllers that can adjust their parameters in real time to maintain
stability and efficiency. Among the advanced approaches proposed in recent studies, the Kernel
Extreme Learning Machine (KELM) has emerged as a promising method for adaptive tuning. By
leveraging kernel-based learning and fast training capabilities, KELM enables the PI controller to self-
adjust under varying load and speed conditions, thereby enhancing robustness, accuracy, and dynamic
response in BLDC motor applications.

The central challenge lies in identifying the most effective PI controller that can be trained using
Kemel Extreme Learning Machine (KELM). Training an unoptimized PI controller would yield
limited benefits, as the resulting performance would not be impactful. Therefore, optimization
techniques particularly those inspired by nature offer promising solutions to this problem. For
instance, [16] reports the use of Red Fox Optimization to tune PID controller parameters in a smart
LED driver circuit. The results demonstrate that applying this method reduces overshoot and achieves
faster settling times, thereby enhancing system stability. Similarly, [17] discusses the application of
Whale Optimization Algorithms for tuning PID parameters in a DC motor system. Simulation
outcomes reveal that the optimized PID controller improves the transient response, as evidenced by
reduced overshoot and shorter settling times. In another study, Soni et al. [ 18] propose an automatic
generation control scheme based on the Grey Wolf Optimizer. In this approach, the PI controller
serves as the automatic generation controller, while the Grey Wolf Optimizer fine-tunes its
parameters. Simulation results confirm that this method significantly enhances the frequency dynamic
response of the power system. Furthermore, [19] highlights the use of gradient-based optimization for
PID parameter tuning in hybrid power systems, demonstrating its effectiveness in improving system
performance. Collectively, these studies underscore the potential of nature-inspired algorithms to
achieve optimal parameter tuning. Among the various approaches, Puma Optimization has recently
gained popularity due to its superior performance [19].

The research contribution is to proposes a novel hybrid approach that integrates Puma
Optimization (PO) with Kernel Extreme Learning Machine (KELM) for the design of an adaptive PI
controller to regulate the speed of Brushless DC (BLDC) motors. Unlike conventional static PI
controllers, the proposed method enables adaptive tuning of controller parameters under varying
operating conditions, thereby enhancing robustness, efficiency, and dynamic performance. By
combining the global search capability of PO with the fast learning and nonlinear mapping strength
of KELM, the hybrid controller achieves superior adaptability and precision in speed regulation.

The remainder of this paper is organized as follows: Chapter 2 presents the fundamental theory
and background of BLDC motor control and adaptive PI strategies. Chapter 3 outlines the research
methodology, including the design of the hybrid PO-KELM controller. Chapter 4 discusses the
simulation results and performance evaluation of the proposed method. Finally, Chapter 5 provides
conclusions and future recommendations, highlighting potential extensions of this work for advanced
electric drive applications

2. Method
2.1. Kernel Extreme Learning Machine (KELM)

The Extreme Learning Machine (ELM) is based on a feed-forward neural network with a single
hidden layer (SLFN) [20]. It is well known for its exceptionally fast ability to map input—output
relationships, overcoming the limitations of conventional neural networks by minimizing empirical
risk and reducing training errors [21]. Unlike traditional networks that require iterative training over
many epochs, ELM eliminates iterative parameter updates, making the training process significantly
faster [22].
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However, ELM has drawbacks, particularly in determining the number of hidden neurons, which
is often done through trial and error [23]. In addition, random initialization of input weights and biases
typically requires a larger number of hidden neurons to achieve optimal performance [24]. To address
these issues, kernel-based ELM variants project input data into higher-dimensional feature spaces
using kernel functions [25]. This transformation linearizes nonlinear patterns and improves stability,
eliminating reliance on randomly assigned parameters [26].

The mathematical model for the ELM output with Mtraining samples is defined as follows [27]:

M
yu(®) = ) fili(x) (1)
i=1

where 8 = [B1, B2, -, Bul; the output weights between the hidden layer of M neuron, and output
neuron h(x) = [hy(x), hy(x), ..., hy (x)]; the output of hidden layer with respect to input x [28].

The ELM learning algorithm aims to simultaneously minimize the training errors and the
magnitude of the output weights, as defined in [29]:
Min: [|[HB =TI, IBl- 2)

To address the problem of simultaneously minimizing the training errors and the output weights,
the Karush—Kuhn—Tucker (KKT) optimality conditions can be applied as follows [30]:

-1

B =HT (% + HHT) T (3)

where H is the hidden layer output; C is the regularization coefficient; and T is the predicted output.

By substituting (3) into (1), the ELM output can be expressed as shown in the following equation
[31]:

-1

y(x) = h(x)HT (% + HHT) T (4)

If the feature mapping h(x) is unknown, it can be addressed using a kernel method that satisfies
Mercer’s condition, as proposed by G.-B. Huang [32]. The kernel function is defined as follows [33]:

0= HHT:ml-j = h(xl)h(x]) = Q(xl-,xj) (5)

The output function y(x)of the Kernel Extreme Learning Machine (KELM) is defined as follows
[34]:

-1

1
Y(@) = [20x,%1), ) 2% X3r)] (E + 0) T (6)

where 0 = HHT and 2(x, y) is the kernel function of hidden neurons of SLFN.

The support vector machine (SVM) model resembles (2) by providing closed-form expressions
for the kernel coefficients [35]. To evaluate the performance of the ELM learning algorithm, the radial
basis function (RBF) is employed as the kernel, as expressed in the following equation:

D(x,y) =exp <M> (7

202

where ¢ = kernel parameter.
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The selection of the regularization coefficient Cand the kernel parameter omust be performed
carefully, as these parameters have a significant impact on the performance of KELM. The use of
RBF kernel because it has ability to handle complex and nonlinear function. On the other hand, the
RBF kernel function has the better numerical stability which makes RBF robust during optimization
phase of training. Compared to standard ELM, the KELM learning algorithm demonstrates better
stability, and it also trains faster than SVM [36]. Fig. 1 shows the network structure of the KELM
algorithm.

Fig. 1. Network structure of KELM algorithm

2.2. Puma Optimization

Puma Optimization (PO) was first established in 2024 by Abdollahzadeh and his collage [37].
Puma optimization is based on the intelligence and behavior of pumas, a predatory species commonly
found in the America continent [38]. In the wild, pumas often roam their large territories to patrol and
hunt. They conduct random searches within their territory or randomly visit the territories of other
pumas [39]. Inspired by this behavior, a mechanism for generating new solutions in the exploration
phase of the PO algorithm is built, as shown in the (8) [40].

If Tandl > 05, Zi,G = RDim- (Ub - Lb) + Lb (8)

If (8) could not find the prey. Hence the Pumas goes to exploration step. The exploration step can
be mathematically modelled as described in (9) [41].

Zi = Xag + G.(Xag = Xp6) + G.((Xas — Xb6) = (Xes — Xag))
+6.((Xes = Xa6) = (Xe — X76) )

where Z; ; is the produced solution; Ub and Lb is upper and lower limit. Furthermore, Rp;,, dan
rand, are random value from 0 to 1. In addition, X ¢, X 6, X¢.6, Xa,6, Xe,6» X, are all the population
that chosen randomly. Moreover, G are the value that can be calculated using (10) [41].

)

G=2-rand, — 1 (10)

where rand,, is random value from 0 to 1.
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From (10) and (11), one of the equations will be used to produced new solutions. The
mathematical representation of this step can be described using (11) [41].

{If] = Jjrana OT rand3 < U, Xparu = Zi,G (11)

if nOt' Xbaru = a,G
where Xj -, 1S the new solution; j is the recent variable and j ;.4 is the random number. Furthermore,
rands is the random number from 0 to 1. Moreover, U is the static parameter from O to 1 that can be
updated using (12). This parameter ensures a high diversity of the selected solutions. In (5), CostX;
and CostXp 4y, are the current fitness function and the new fitness function. Furthermore, X;, X; paru»
and Ng,¢q; are current solution, new solutions and number of pumas respectively [41].

If CostXpew < CostX;, X; = Xpew
1-U (12)

pop

If notU=U+

mean(Sol;prqr) XT — (=1)F.X,
. X;

if rand, = 0.5, Xpew = p0;7+ (a.rands)

) if not,if randg = L, Xpew = Pumapyge + (2.rand,).exp(randn,).X; — X; (13)
Fi.R.X; + F,.(1 — R). Pumagie
2.randg — 1 + randn,

if not, Xpew = (2.randg).

if CostXpeyw < CostX;, Xi = Xnew (14)

In the exploitation phase of the PO algorithm, two operators are used to improve the quality of
the solution, inspired by two puma hunting behaviors: ambush and sprint, described in (6). The
operator simulating the puma's sprinting characteristics is used if rand, = 0.5. Otherwise, the
operator simulating the ambush is used. The first operation simulates short jumps towards other puma
hunters, and the second operation simulates long jumps towards the best puma hunter [42].

In (13) and (14), rand,, rands, randg, rand,, randg, dan randg are random numbers with
values between 0 and 1. randn; and randn, are random numbers from a normal distribution.
S0lio¢q: Tepresents the sum of all solutions. Furthermore, a and L are static parameters that must be
tuned before the optimization procedure is performed. § is a randomly obtained number of 0 or 1.
Puma,, 4. is the best solution. In addition, "mean" represents the mean function, and "exp" represents
the exponential function. X] is a randomly selected solution from the entire population. Finally, the
parameters X5, R, F;, and F, are calculated by the equations found in [40].

The phase change mechanism is proposed based on other characteristics of pumas, namely:
excellent memory and high intelligence. Based on these characteristics, the phase change mechanism
is divided into two stages: the early stage and the experienced stage [43]. In the early stage of life,
pumas do not have much experience, as a result they explore their territory and hunt at the same time.
In this stage, the exploration and exploitation phases are carried out simultaneously in the first three
iterations. After the early stage of life, pumas have enough experience to optimize the decision to
choose to explore new areas in their territory or hunt in places where prey is often found [31]. For the
fourth iteration, the decision to enter the exploration phase and the exploitation phase is made by
calculating the Scoregxpioration and Scoregxpioitation Using (15), (16). If the Scoregxpioration 18
greater than the Scoregypioitation, the exploration phase is selected and vice versa if the

Scoregxpioitation 1S greater [44].

ScoreExploration = (PF1-f1Exploration) + (PFZ-fZExploration) (15)
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ScoreExploitation = (PFl-flExploitation) + (PFZ-fZExploitation) (16)

In (15), (16), PF; and PF, are fixed parameters set before the optimization process with values from
0 to 1. These parameters are used to adjust the functions f; dan f,. After each iteration of this stage,
the Scoregxplomtion and Scoregxploimtion are calculated to select the exploration or exploitation

phase in the next iteration, which are calculated using (17), (18). If the S Coregxp loration 1S higher than
the S coregxp loitation» then the exploration phase is selected, and vice versa [45].

t — t t t t
SkorExploration - (aExploration'flExploration) + (aExploration'fZ Exploration)

(17)
t t
+ <8Exploration' (lc'f?’Exploration))

t — t t t t
SkorExploitation - (aExploitation'flExploitation) + (aExploitation'fZ Exploitation)

t t
+ (659511101'1'(1”071' (lC. f3Exploitation)>

In (17), (18), t represents the current iteration value. The parameters a, fi, f2, f3,1lc, and J are
calculated using the equations found in [46]. Like the parameters PF; and PF; used to adjust the
functions f, f5,, the function f3 also uses the parameter PF3. This parameter is a fixed value chosen
before the optimization process and ranges from 0 to 1 [41]. Table 1 shows the parameter of Puma
Optimization used in this paper.

(18)

Table 1. Puma optimizer parameters

Index Value

K, min 0.1
K, max 1

K; min 0.5

K; max 100
Maximum iterations 40
Population size 20
Dimension 2

o 0.01

0 0.91

2.3. Dynamic Modelling of BLDC Motor

The modelling of BLDC is based on the d-q transformation model. BLDC is highly influenced
by current controlled pulsed width modulation (PWM) [47]. The current component of the motor is
divided into two (I4, I;) which is the component of flux and torque in the rotor based on d-q axis [48].

The mathematical representation of BLDC is described in (19)—(23) [49].

3P
T, = EE[Amiq + (La — Lq)iaiq] (19)
d(ld) _ Vg — T'Sid + O)TLqiq (20)
dt Lg
d(ig) vq—7nig+ op(Lgig + A)
= 21)
dt L,
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d(wn) To—T,—Bwy
dt ]

(22)

O = = o (23)

2
Several parameters corresponding to electric torque (T,), load torque (7;), number of pole (P) and
magnetic flux (4,,) are considered [50]. Here, iy and i, represent stator current in d and q axis,
respectively [51]. Other parameters are inductance in d axis (Lg), inductance in q axis (Lg), stator
voltage in d axis (vq), stator voltage in q axis (v,), momen inertia (J), and friction (B). While ; and

w, are stator resistance per phase and electric rotor speed, respectively [52].

In this paper, the BLDC speed is controlled using PI controller. The BLDC speed response is
used as the feedback of controller [53]. Then the difference between reference speed and actual speed
will be used as the signal input of the PI controller. The output of PI controller is ig* that will be used
as the input reference of the PWM inverter. The mathematical representation of iq* are described
below [54]:

1
1 _ 1
cos (a)r X ;) —sin (a)r X ;)
la] | 1\ 2m _ 1\ 2m\|p,
ip § =|cos <(l)-r X ;) — ? —Sln (a)r X ;) — ? [lq] (25)
lc

1 2n ) 1 2n
_cos (a)r X ;) + 3 —sin (a)r X ;) + 3 |
[ 1 1 2 1 4 2m\ T
cos (a)r X ;) cos (a)r X S) 3 cos (a)r X s) 3

Val |, 1 1\ 2n 1y 2m\|[Ve
v, 3 =|-sin (a)r X —) —sin ((ur X —) —— ] =sin (cur X —) +— |||V (26)
VO S S 3 S 3 VC
1 1 1
2 2 2

As the inverter is based on the abc modelled hence the iq* should be transformed into abc refence
frame. The mathematical representation of current in the abc reference frame can be described using
(25). PWM of the inverter will be produced by comparing the actual three phase current and reference
three phase current [55]. The PWM signal will be used to control the switching mechanism of the
three-phase inverter [56]. Furthermore, the three-phase inverter will be producing voltage in abc
reference frame [57]. As the BLDC is modelled on dq reference frame the output of Inverter will be
transformed again into the dq reference frame using equation (26) [58]. Fig. 2 shows the block diagram
of BLDC with the speed controller mechanism.

2.4. Procedure of Optimizing PI Parameters Using PO

In this paper the PI controller [59] parameters are optimized using PO under different operating
condition, specifically different speed reference and load torques. To get the optimal value of PI
controller, Puma Optimization is used as the optimization method. The procedures are described as
follows:

1. Start the Puma Algorithm by initializing the puma population, number of prey, attack parameters,
defence parameters, visibility and maximum speed.
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2.
3.

Initialize the population. In this step the value of K, and K; are represented as the Puma.

Create a positional randomization of each puma in the search space.

*

W 4 S g s
peed N -
I Q_ ? Controller dq iy
PWM

ig =0
d Inverter

W, > abc

vy

0
r
[}
—J

Fig. 2. Block diagram of BLDC with the speed controller

Evaluate fitness of each puma using (27) [60].

tsimulation
Objective =J tle(t)| dt (27)
0
The movement of the puma uses the equation on exploration phase, stalking phase and attack
phase.

If the distance to the prey is further than visual ability and the iteration is smaller than the
maximum iteration divided by three, then use the exploration phase. If the person's visual ability
is two times smaller than the prey's distance, then use the stalking phase. If the distance to the
prey is smaller than the ability to see divided by two then use the attack phase. In this phase, save
the best solution value and update the prey position to the best solution.

Evaluation of the objective function for new populations

If the new objective value is better than the previous value, accept the new position, update the
global best puma position, and update the prey position. Otherwise, maintain the old position and
perform a prey shift with a probability of defence ratio.

Update the control parameters of the algorithm

10. The next step is checking the stopping criteria. In this paper, max iteration is used as the stopping

11.

iteration.
Print the result (K,, and K;).

Next, the optimized PI parameters are used to train the KELM model. This enables the PI

controller to adapt to fluctuations in both load torque and reference speed.

2.5. Procedure of PI Controller Training Using-KELM

In this paper, the input features for the KELM model consist of the speed reference w,.r and the

load torque T;. The output of the KELM model is the predicted PI controller parameters, namely
Kpand K;. The development of the adaptive PI controller is divided into two stages: the training phase
and the testing phase. The workflow of the KELM-based adaptive PI controller during the training
phase can be summarized as follows:
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1. Collect the data of BLDC, inverter, and PI controller.

2. The training dataset for the KELM model is constructed using the BLDC system data. The input
dataset consists of the speed reference w,,r and the load torque T. The corresponding output
dataset includes the PI controller parameters K, and K;, which serve as the predicted targets for
the KELM model.

3. Configure the KELM network structure by defining the topology, including the number of
neurons in the input and output layers as illustrated in Fig. 1. Select the kernel function according
to (7).

4. Map the KELM input dataset into a high-dimensional feature space using the RBF kernel defined

in (7), as described below:
llx — ylI?
o) = —_—
(x,y) = exp < o2

5. Set the regularization coefficient Cand the kernel parameter ofor the KELM model

6. Conduct the training process using (1)—(6) as described below:

M
yu@®) = ) fihi(x)
i=1

Min: |HB — T, IBI.
-1
B =HT<%+HHT> T
-1
y(x) = hGOHT (% +HHT) T
0 = HH":my; = h(x)h(x;) = 2(x;, x;)

-1

1
Y(x) = [20x, %1), ) 2% X)) (E + 0) T

The forecasted parameters of PI are produced by using (6) as described below:

1 -1
y(@) = [206x1), - 2@ xy)] (5+0) T

7. Compute the accuracy of the PI parameters predicted by the KELM model. The mean square
error (MSE) is used as the statistical performance indicator to evaluate the forecasting capability
of KELM, as defined in (28).

N
5 . 2
MSE = 2% (28)
i=1

where N is number of datasets; ¥; is the predicted PI parameters (i.e. K, and K;); y; is the real
data record of PI parameters (i.e. K, and K;).

8. If the MSE reaches its minimum value, store the corresponding regularization coefficient Cand
kernel parameter o obtained during the training phase for use in the testing phase, and record the
predicted PI parameters K;, and K;. Otherwise, return to Step 6 and repeat the process until the
minimum MSE is achieved
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After completing the training process, the next stage is the testing phase, where the KELM model

is used to determine the appropriate PI controller parameters. The workflow of the KELM—-based PI
controller (KELM-PI) during the testing phase is outlined as follows:

1.
2.

3.

Collect the data of BLDC, inverter and PI controller.

Prepare the input dataset of KELM for testing phase including the speed reference Wreff and load
torque 7L of the BLDC model.

Utilize the regularization coefficient C and kernel parameter ¢ of KELM for testing stage that
has been obtained from training process.

Transform the input dataset of KELM to high-dimensional feature using kernel function in (7).
llx = ylI?
N(x,y) = —_—
(x,y) = exp < o2
Compute the predicted parameters of PI including K, and K;using (6).
-1

1
Y(x) = [20x,%1), -, 2%, x3))] (E + 0) T
Print out the PI controller parameters (i.e K, and K;) and ITAE value.

Results and Discussion

3.1. Data Processing (Optimized PI Controller using PO)

The BLDC model data were collected and used to construct the training dataset, as summarized

in Table 2. The input variables for the KELM model consist of the motor speed reference and the load
torque. These variables represent the operating conditions under which the controller must perform,
forming the basis for developing an adaptive control strategy.

Table 2. The datasets for training phase of KELM method and other techniques

Operating Condition PI based on PO
Dy T, Ky K;
5.5 0.56 22.8

1850 35 0.40 24.5
703 0% i
A )
I
L
R R
20, 0% e
L T R
1000 33 0.46 329

1.5 0.69 38.3

The eighteen operating condition combinations in Table 2 were selected to provide coverage

result of the proposed control operational range by varying load conditions and reference setpoints.
This approach is to ensure the proposed method has good performance over the wide speed and load
variation. For each input combination, the Puma Optimization (PO) algorithm is employed to obtain
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the corresponding optimized PI controller parameters. The resulting optimal values of K,and K; are
then used as the output targets for training the KELM model. This ensures that the KELM is trained
to predict PI parameters that provide optimal performance across varying operating conditions.

3.2. Training Phase

In this section, the results of the training phase are presented. The primary objective is to identify
the KELM parameters that yield the minimum MSE value, ensuring the highest prediction accuracy
for the PI controller gains. To evaluate its effectiveness, the KELM method is compared against two
other approaches: the Extreme Learning Machine (ELM) and the Artificial Neural Network (ANN).

The PI controller parameter obtained from the training process of KELM is depicted in Fig. 3.
While Fig. 4 and Fig. 5 show the PI controller parameters obtained from ELM and ANN. In addition,
training performance comparison between KELM, ANN, and ELM are shown in Table 3. From the
MSE results it is noticeable that KELM provides better
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Fig. 3. K}, and K; value based on KELM

0.7 -
—.— Actual Data
06 =3¢ ELM Prediction
(]
205 s
> S
§- 04r g
03F —@— Actual Data
== ELM Prediction
0.2 : : - . : . : -
0 5 10 15 20 0 5 10 15 20
Index Data Index Data
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Fig. 5. K}, and K;value based on ANN
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Table 3. MSE comparison between KELM, ELM and ANN

Index MSE
KELM 0.567
ELM 0.786
ANN 0.678

3.3. Testing Phase

To evaluate the effectiveness of the proposed KELM-based PI controller tuning method, the
BLDC motor drive system was tested under reference speed variations and load torque disturbances.
The optimal PI parameters obtained during the training phase for KELM, ELM, and ANN were
applied during the testing stage. Fig. 6 illustrates the speed responses of the BLDC motor under the
three control strategies, while the detailed performance indices extracted from these responses are

summarized in Table 4.

T T T T T T T T
1500 [ - ]
1 PI-KELM |
000 ——— PLELM
2 PI-ANN
o
13
°
[
[
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@ 500 §
)
|
|
?
|
ol |
1 1 1 1 1 1 1 il |

0 0.01 0.02 0.03 0.04 0.05 0.06 0.07 0.08 0.09 0.1
Time (Sec)

Fig. 6. Dynamic response comparison of BLDC speed

Table 4. Detailed features of Fig. 6
Methods Rise Time (Sec) Overshoot (%) Settling Time (Sec)

ANN-PI 0.004 12 0,020
ELM-PI 0.005 5 0.018
KELM-PI 0.006 2 0.015

The comparative analysis shows that the PI-KELM controller provides the most favourable
dynamic characteristics among the tested methods. As observed in Fig. 6, the PI-KELM configuration
achieves a settling time to the reference speed while maintaining a smooth transient trajectory without
any overshoot. This indicates superior damping behaviour and stability, which can be attributed to the
enhanced nonlinear mapping capability of KELM in accurately determining the PI gains. In contrast,
the PI-ELM controller exhibits a moderate amount of overshoot during the initial transient, while the
PI-ANN controller demonstrates the largest overshoot and pronounced oscillatory behaviour,
suggesting less effective generalization in identifying optimal parameters for rapid dynamic

conditions.

In terms of settling time, the PI-KELM method outperforms the other two approaches, achieving
the fastest transition to steady-state conditions. PI-ELM settles slightly later, whereas PI-ANN
requires the longest time due to its overshoot and oscillations in the early transient phase. Despite all
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controllers eventually reaching the same steady-state speed, the KELM-based controller shows
markedly superior transient response quality, characterized by minimal oscillation, faster stabilization,
and improved robustness against sudden changes in speed reference and load disturbances.

Fig. 7 and Fig. 8 shows the performance of proposed method during parameter variations. Fig. 7
shows the dynamic performance among three methods while motor inertia is set by +50%. As we can
observed from that figure, Pl KELM has faster settling time and less overshoot among three methods.
In addition to that, when the stator resistance and inertia are varied by 30 %, the dynamic performance
is shown in Fig. 8. As one can observe, the PI-KELM has better dynamic response compared to PI-
ANN and PI-ELM. It is proved that even though the parameter has changed, the proposed controller
compensates the variation.
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Fig. 7. Dynamic response when motor inertia is varied 50%
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Fig. 8. Dynamic response when stator resistance and inertia are varied 30%

Overall, the results confirm that the integration of KELM for PI controller tuning significantly
enhances the dynamic performance of the BLDC motor system. The improved rise time, zero
overshoot, and reduced settling time collectively demonstrate the effectiveness of the proposed
method, positioning PI-KELM as a more reliable and stable control strategy compared to PI-ELM and
PI-ANN in handling dynamic operational conditions.
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3.4. Controller Index Comparison

This section evaluates the error of the systems (reference minus feedback signal) using three
widely recognized performance indices: Integral Time Absolute Error (ITAE), Integral Absolute Error
(IAE), and Integral Square Error (ISE). These metrics provide a quantitative basis for assessing the
quality of transient response under different control strategies. Fig. 9 presents a comparative analysis
of the three scenarios: PI-ANN (blue chart), PI-ELM (brown chart), and the Proposed Method (green
chart). Each chart reflects the cumulative error behavior over time, offering insight into the system’s
ability to dampen disturbances and restore frequency stability. For the ITAE indices, PI-KELM has
better value with 0.005 compared to the other two methods, which are 0.012 and 0.022. For the IAE
indices, PO-KELM has smallest value with 0.35 compared to the other two method, which are 0.38
for PI-ELM and 0.43 for PI-ANN. For the ISE index, PI-KELM has 0.30 value whether PI-ELM has
0.32 and PI-ANN has 0.38 value.

0.6
0.5
04

0.3
PI-PO-KELM

A PI-PO-ELM
PI-PO-ANN

0.2

0.1

ITAE IAE ISE

mPI-PO-ANN mPI-PO-ELM m PI-PO-KELM

Fig. 9. Controller index comparison

The results clearly indicate that the Proposed Method yields the lowest values across all three
performance indices, signifying superior transient performance. Lower ITAE, IAE, and ISE values
imply reduced oscillations, faster settling time, and improved damping characteristics. In contrast, the
system with PI-ANN abd PI-ELLM configurations exhibit higher error magnitudes, suggesting less
effective control. These findings confirm that the coordinated control strategy introduced in the
Proposed Method enhances system stability and responsiveness, making it the most effective among
the evaluated approaches.

4. Conclusion

This paper introduces an adaptive PI controller design using Puma Optimization (PO) and Kernel
Extreme Learning Machine (KELM). The study demonstrates that KELM outperforms standard ELM
and ANN in tuning PI parameters for BLDC motors, achieving the highest prediction accuracy with
a low Mean Squared Error (MSE) of 0.567. Testing results indicates that the PI-KELM significantly
improves stability compared to the baseline with 25% improvement in settling time, 83.33% in
overshoot, and 50% slower in rise time. In addition, the proposed method has stable transient response
under varying speed references and load disturbances. Future work includes implementing the
proposed controller in real-time hardware such as in low-cost microcontroller or digital signal
processor, exploring hybridization with other optimization algorithms, and expanding tests to diverse
motor types and extreme load conditions. Investigating trade-offs between computational complexity
and settling time is also recommended to further optimize performance.
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Appendix
Table 5. BLDC and inverter parameters
Index Value
BLDC Parameter
P 6
R (Ohm) 1.42
Lq(H) 0.0067
L, (H) 0.0060
Am (WH) 0.1556
B(Nm/(rad/s)) 0.00039819
J(kgm?®) 0.00177
Inverter Parameter
Frequency switching (KHz) 2
V (volt) 300
IGBT Ron (Ohm) 0.003
Table 6. ANN, ELM and KELM parameters
Index Value
ANN
Hidden Layer 8
MaxEpochs 500
Learning rate 0.01
Momentum 0.5
ELM
Hidden Neurons 15
Activation function  sigmoid
Regularization 1
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