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1. INTRODUCTION

The advancement of power electronic devices has accelerated in line with the progression of the
industry 4.0 era. Such devices play a crucial role in converting renewable energy—derived from sources like
wind and photovoltaic (PV) systems—into both DC and AC electrical power [1], [2]. They are also widely
implemented in energy storage technologies, including battery energy storage systems and superconducting
magnetic energy storage units [3], [4]. Moreover, power electronic systems form an integral part of electric
vehicle technologies [5]. Among the various types of power electronic converters, the DC-DC boost
converter has gained prominence for its capability to modify and regulate DC voltage levels efficiently [6].

The use of DC-DC boost converters for maximum power point tracking (MPPT) in solar PV
systems has been demonstrated in [7], where the converter effectively tracks the maximum power output of
solar cells. Furthermore, incorporating a fuzzy logic—based control strategy for the boost converter
significantly enhances PV power extraction efficiency. In the context of electric vehicles [8] reports that
integrating a boost converter can substantially improve the performance of systems employing permanent
magnet DC brushed motors. Similarly, the study in [9] highlights that a boost converter enables optimal
energy harvesting from piezoelectric sources. The application of boost converters in fuel cell stacks is
discussed in [10], while Turksoy et al. [11] presents their use in electric car battery charging systems. As
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reflected in these works, the controller plays a pivotal role in determining the performance of a boost
converter. Such controllers may be implemented using conventional design methods or enhanced through
artificial intelligence (Al)-based approaches.

In recent years, the integration of Al into power systems has grown substantially. For instance,
Wang et al. [12] reports the use of the differential evolution algorithm to determine the optimal placement of
battery energy storage systems, enabling their deployment as charging stations with maximum efficiency.
Ali et al. [13], a fuzzy logic controller is applied for MPPT, while Jagatheesan et al. [14] employs a flower
pollination algorithm to design a proportional-integral-derivative (PID) controller for the secondary control
of interconnected power systems. The firefly algorithm has been utilized in [15] for the design of a static
synchronous series compensator. Additionally, Madhavi and Das [16] demonstrates the application of
machine learning techniques for real-time monitoring of power system performance, allowing automatic
acquisition of all critical parameters. Collectively, these studies indicate that Al-based approaches show
strong potential for the design and optimization of various power system controllers.

This work presents a method for developing a boost converter voltage controller capable of adapting
to varying operating conditions. The adaptability is achieved through the implementation of an extreme
learning machine (ELM). The structure of the paper is as follows: section 2 outlines the theoretical
background of the study, while section 3 describes the ELM and its application in designing the voltage
controller. Section 4 presents the experimental results and corresponding analysis, and section 5 concludes
the paper and discusses potential directions for future research.

2. METHOD
2.1. DC-DC step-up converter

The boost converter consists of a metal-oxide-semiconductor field-effect transistor (MOSFET),
along with diodes, inductors, and capacitors. In a DC-DC boost converter, the output voltage is influenced by
the operating time, and the output voltage is higher than the input voltage. The design focuses on the
switching operation of the MOSFET within the boost converter. An illustration of the DC-DC boost
converter is shown in Figure 1 [17]. For the optimal boost converter, a case study is provided to demonstrate
the application of the transfer model under continuous conduction mode (CCM) operating conditions [18].
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Figure 1. DC-DC boost converter electrical circuit

2.2. Continuous conduction mode operation of a DC-DC boost converter

As previously discussed, the bilinear form of any power converter can be derived in one of two
ways: by listing all possible configurations and identifying common bilinear-based structures. Because this is
a dc-dc converter example, the switching feature u may be changed in two ways to u=h;=1-h,. Status

Bulletin of Electr Eng & Inf, Vol. 14, No. 5, October 2025: 3419-3428



Bulletin of Electr Eng & Inf ISSN: 2302-9285 O 3421

variables include inductor current i. and condenser voltage Vc. State space equation of DC-DC boost
converter in (1) [17], [18].

. ;{ i, =E/L _ {i%zE/L—VC/L

Ve=—V./RC'* = W, =i, — V./RC

1)

By introducing the switching function u, (1) can be expressed in a unified form, which is directly
employed in simulations to represent the validation functions h; and h,. This formulation enables the
derivation of the specified bilinear form [17], [18].
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From which one can derive:
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in (3) allows one to obtain the bilinear form:
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with b = [0 0]7, (4) can describe in state variable form:
XxX=Ax+Bxu+d (5)

The second approach begins by defining the state variables, where i and V. serve as the state
variables, like the previous method. In this case, the switching variables are the transistor voltage Vy and the
diode current ip, which can be expressed as functions of the state variables.

v _{Oiinson {Oiinson 6
H =W, ifHis off ™ |1}, if H isoff ©)

By applying the Kirchhoff voltage law to express di /dt and the current law for dvc/dt Kirchhoff, as
shown in Figure 2, we obtain the equations that describe the circuit compartment [17], [18]. It is:

Li,=E—V, i
C'.VC:I'D_% ()

Figure 2. Equivalent circuit of a DC-DC boost converter operating in CCM
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The transferred variable must also be represented as a function of an appropriately defined switching
function. The following switching function is introduced:

_(1lifHison
B {O if H is off ®
{iD =i(1-w ©)
By substituting (9) into (7), one obtains:
. (1—u)VC
ip=—"—"—+E/L
' L (10)

VC = (1 u)lL/C RC

The bilinear representation associated with the equation can be obtained using the same procedure
applied to (2) and (3). As illustrated in Figure 2, the boost converter from (2) is modeled in CCM,
independent of the specific approach employed to derive its bilinear form. In this model, the interaction
between the input and output stages is expressed through two dependent sources, which emulate an ideal DC
transformer whose turns ratio can be adjusted externally. To analyze the behavior of the system formulated in
(1), a specialized simulation tool was created. The performance at the optimal boost point, implemented in
Simulink®, is evaluated by observing the impact of varying the phase shift of the duty cycle [17], [18].

2.3. Pulse width modulation

To obtain different output voltages at the load, the duty cycle of the switching device is adjusted.
The duty cycle is determined by comparing a DC reference signal with a sawtooth waveform of a specified
frequency using a comparator, a method known as pulse width modulation (PWM). The maximum amplitude
of the DC reference signal must be lower than the peak amplitude of the sawtooth waveform to ensure proper
operation [19].

When the DC reference signal exceeds the sawtooth signal, the comparator output is Vinresnold (ON).
Conversely, when the DC reference signal is lower than the sawtooth signal, the comparator output is 0
(OFF). The duty cycle is generated based on the switching operation governed by the comparator. Its value
depends on the duration for which the switch remains in the ON state. The duty cycle D can be calculated
using the following expression, where D is the duty cycle (in %), ton is the switch ON time, and T is the
period of the sawtooth waveform [20].

D = % x100% (11)

2.4. Proportional-integral controller

In control systems, various methods can be employed to regulate system behavior, one of which is
the proportional-integral (P1) controller. Each control strategy offers distinct advantages and limitations [21].
The primary advantage of a proportional controller is its ability to increase the system’s rise time, enabling
faster response. In contrast, integral control is effective in minimizing steady-state error. When proportional
and integral control are combined, the resulting system exhibits both a faster rise time and reduced error
compared to systems that do not employ such control strategies. This combined approach is known as a PI
controller [22], [23]. The mathematical representation of the PI controller is described using (12).

u(t) = Kpe(t) + 72 [ e(t)dt (12)

The output of a proportional controller is the result of multiplying an error value by the proportional
gain. Because of its value limits, the proportional gain cannot be entered at random. If the proportional gain
is set too high, the system may fail to reach a steady-state condition. Conversely, if the proportional gain is
too low, the system’s steady-state value will deviate from the desired set point. Therefore, proper tuning of
the proportional gain is essential. The integral controller complements this by minimizing steady-state error
through the integration of the error signal over time. Additionally, the integral action helps reduce the time
required to eliminate offsets. The block diagram of the PI controller is presented in Figure 3 [22].
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Figure 3. Block diagram of a PI controller

2.5. Extreme learning machine

The ELM has gained significant attention for solving a wide range of engineering and
interdisciplinary problems. The ELM is based on a single hidden layer feedforward network (SLFN)
architecture, developed to address the limitations of traditional SLFNs, particularly in learning efficiency. In
ELM, the hidden layer parameters are randomly assigned and remain fixed, eliminating the need for iterative
adjustment. This approach not only enables accurate generalization but also establishes the relationship
between input and output data at a much faster rate compared to conventional learning algorithms such as the
standard SLFN. Furthermore, the processing elements can be determined before the training data is collected.
The slow learning rate of traditional SLFNs can be attributed to two primary factors [24]:
— The training procedure is carried out using a gradient based learning algorithm
— This learning approach determines parameters on the net by iteration

In the learning process, traditional gradient-based algorithms such as backpropagation, Levenberg—
Marquardt, and similar methods, enquire manual computation of the parameters in an SLFN. Specifically, the
input weights and hidden biases, which connect one layer to the next, must be iteratively adjusted. This
results in slow learning speeds and a high likelihood of becoming trapped in local minimum. In contrast, the
ELM overcomes these limitations. The output function of an ELM for a generalized SLFN can be expressed
as in (13) [24].

yi(X) =X, 0 (x) = ()@ (13)

Where @ = [@4, ..., ¢, ]7 between the buried layer of L nodes and the output node, T is a vector of output
weight. The output vector of the hidden layer with regard to x is (x)=[i(X),..., L(x)]. The d-dimensional input
data of ELM is translated to the L-dimensional hidden-layer feature space H by y(x). The ELM method
varies from traditional learning algorithms in that it aims to get not only the shortest error value but also the
least norm of output weights at the same time, as indicated in (14):

Minimize: ||[He — TI|2, |lell (14)
Where H is the hidden-layer output matrix.
1!’ (Xl)] [wl(xﬂ ¢L(X1)l
: : : (15)
1!’ (xn) Y1(xy) - Yr(xy)

In (14) addresses the least-squares problem defined in (11) by applying the Karush—Kuhn-Tucker (KKT)
optimality conditions [25].

o =HT (1 + HHT)_1 T (16)

Where |, T, and A, are the identity matrix, target matrix, and regularization factor, respectively.
T=[t1, ..., tv]". The output of ELM may be derived by putting (16) into (13) as specified in (17) [25].
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y() = WeOHT (5 + HHT)_l T 17)

2.6. Design adaptive proportional-integral based on extreme learning machine

This section discusses the implementation of the ELM in a Pl controller, enabling the controller to
adapt to variations in voltage reference and load conditions. The training input data consist of the voltage
reference and the load of the DC-DC boost converter, while the output corresponds to the predicted PI
controller parameters Kp and Ki. The adaptive PI control process can be summarized in the following steps [26]:
a. Step 1: use (17) to conduct the training procedure.
b. Step 2: the accuracy of the predicted parameter is evaluated using the mean absolute error (MAE)

calculated according to (18):

J:—1:)2
MSE = Y, Zor (18)
Where ¥; is predicted data yielded by the proposed learning algorithm, while y; is actual data. N is the
number of datasets utilized in the training phase.
c. Step 3: display the results when the MSE value reaches its minimum; otherwise, repeat the process from
step 1 until the lowest MSE is obtained [26].

3. RESULTS AND DISCUSSION

Three independent case studies were conducted in this part to investigate the performance of the
suggested strategy (PI-ELM). The first case study is from ELM's training phase. In this case study, the ELM
is evaluated against various inputs and outputs. After the PI has been trained using ELM, it is tested on the
system. In the second case study, this testing is carried out. The proposed approach is evaluated against
varied loads in the third case study. Three alternative possibilities are investigated in each case study. The
first case involves a system with a traditional PI controller. The second case study is a system with an
intelligent PI based on a metaheuristic algorithm.

This section depicts the training phase of an ELM-based PI controller. Table 1 shows the datasets
utilized in this study for the training procedure. The PI controller datasheets shown in Table 1 are based on
the tuning procedure utilizing the firefly algorithm. As input, the voltage references and load of the DC-DC
boost converter are employed. Furthermore, K, and K; (Pl parameters) represent the results of the training.

Table 1. Operating conditions and Pl parameters

V (Volt) R (Ohm) Kp Ki
20 96 0.8094 11.2176
21 97 0.9768 11.7743
22 98 0.9787 10.2227
23 99 0.9666 10.6261
24 100 1.0000 10.0000
25 101 1.0000 11.0879
26 102 0.9685 11.1635
27 103 0.9346 10.9627
28 104 0.9918 11.5189
29 105 0.8805 10.0854
30 106 0.9800 11.9800
31 107 1.0000 12.0000
32 108 0.8550 11.3176
33 109 0.9966 11.8843
34 110 0.9896 10.5554
35 111 0.8901 10.7771
36 112 0.9101 11.0666
37 113 1.0000 11.5534

Figures 4 and 5 show a comparison of real Ky and K; parameters with K, and K; based on the ELM.
The pattern of the graph shows that ELM can anticipate the values of K, and K; optimally. Tables 2 and 3
provide the detailed characteristics corresponding to Figures 4 and 5. From Table 2, it can be observed that
the proportional gain (Kp) exhibits a maximum error of 0.0185 and a minimum error of 0.0171, with a mean
squared error (MSE) of 0.01861. For the integral gain (Ki), the maximum and minimum errors are 0.0294
and 0.0280, respectively, with the minimum value calculated as 0.027983. These results indicate that the
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overall error values are relatively low. Consequently, the training results demonstrate that the ELM is capable
of accurately reproducing the actual Pl controller parameters. Furthermore, the use of ELM enables the PI
controller to adapt effectively to variations in both the converter’s reference input and load conditions.
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Figure 4. Kp trained parameter Figure 5. Ki trained parameter
Table 2. Comprehensive details of the Table 3. Comprehensive details of the
system depicted in Figure 4 system depicted in Figure 5
Actual Kp  ELM Kp Error Actual Kp  ELM Kp  Error
0.8094 07912  0.0182 11.2176  11.1894  0.0282
0.9768 0.9587  0.0181 11.7743  11.7463  0.0280
0.9787 0.9605  0.0182 10.2227  10.1945  0.0282
0.9666 0.9485  0.0181 10.6261  10.5981  0.0280
1.0000 0.9818  0.0182 10.0000 9.9718  0.0282
1.0000 0.9818  0.0182 11.0879  11.0587  0.0282
0.9685 0.9503  0.0182 111635  11.1353  0.0282
0.9346 0.9165  0.0181 10.9627  10.9346  0.0281
0.9918 09736  0.0182 115189  11.4908  0.0281
0.8805 0.8624  0.0181 10.0854  10.0573  0.0281
0.9800 0.9618  0.0182 11.9800  11.9517  0.0283
1.0000 0.9819  0.0181 12.0000  11.9720  0.0280
0.8550 0.8368  0.0182 113176 11.2882  0.0294
0.9966 0.9784  0.0182 11.8843  11.8553  0.0290
0.9896 09725  0.0171 105554  10.5334  0.0220
0.8901 0.8716  0.0185 10.7771  10.7486  0.0285
0.9101 0.8916  0.0185 11.0666  11.0380  0.0286
1.0000 0.9815  0.0185 115534  11.5248  0.0286

To demonstrate the effectiveness of using the ELM algorithm, a comparative analysis was
conducted against existing optimization techniques in terms of computational speed. Specifically, Table 4
presents a performance comparison among particle swarm optimization (PSO), the firefly algorithm, and
ELM for determining the optimal parameters of a DC-DC PI controller. From the results shown in the table,
it is evident that the ELM algorithm significantly outperforms both PSO and the firefly algorithm. ELM not
only achieves faster convergence but also exhibits superior computational efficiency, making it a more
suitable and effective approach for identifying the optimal control parameters in DC-DC converter systems.

Table 4. Execution time comparison
Index  Execution time (sec)

PSO 120
Firefly 140
ELM 0.003

4. CONCLUSION

This study introduces an adaptive voltage control strategy for a DC—DC boost converter, employing
an ELM to dynamically adjust the parameters of a Pl controller. Simulation outcomes show that the
ELM-based approach can accurately estimate the Pl gains (Kp and Ki) with minimal prediction error,
ensuring high performance across a range of voltage references and load conditions. The maximum errors
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recorded for Kp and Ki were 0.0185 and 0.0294, respectively, demonstrating the strong approximation
capability of the ELM. Compared to conventional and metaheuristic-based controllers, the proposed system
exhibited superior adaptability and robustness. These findings highlight the promise of ELM for real-time
control in power electronic systems. Future research will focus on extending the method to MPPT in PV
systems and in solar-powered electric vehicles.
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