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1. INTRODUCTION

The expanding deployment of electric vehicles and sustainable-energy systems has intensified the
need for battery-charging solutions offering efficiency, dependable operation, and adequate safety. Lithium
iron phosphate (LiFePOs) batteries have become prominent choices for such applications due to their thermal
stability, favorable safety performance, and extended cycle life relative to alternative lithium-ion chemistries
[1], [2]. Even so, charging conditions significantly affect battery behavior, recharge duration, energy
utilization, and lifetime.

For practical charging applications, the constant current-constant voltage (CC-CV) technique continues
to be employed because it provides an effective compromise between charging rate and safety [3]-[5].
Conventional CC-CV systems, however, typically rely on predetermined charging values and unchanged
controller configurations. Such fixed settings cannot respond to changes in battery state of charge (SOC), load
behavior, or converter operating conditions. As a result, charging performance may exhibit delayed transient
response, voltage errors, oscillatory behavior, or an unsatisfactory transition from the CC phase to the CV phase.

DC-DC converters, particularly buck converters, are essential in battery chargers because they
regulate the output voltage and current according to battery requirements [6]-[9]. To improve converter control
performance, intelligent control methods such as fuzzy logic controllers (FLCs) have been widely investigated.
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FLCs are suitable for nonlinear systems and uncertain operating conditions because they do not require an
exact mathematical model of the plant [10]-[13]. Several fuzzy-based charging approaches have also been
reported for lithium battery applications [11], [14]. Despite these advantages, FLC performance strongly relies
on properly designing membership functions, the rule base, and scaling factors, which are commonly
established using expert judgment or iterative trial-and-error methods during controller development stages.

To reduce this dependence on manual tuning, metaheuristic optimization algorithms have been
introduced to determine controller parameters automatically. Inspired by humpback whales’ bubble-net feeding
strategy, the whale optimization algorithm (WOA) has gained considerable interest owing to its straightforward
architecture and effective global exploration capability in optimization problems [15]-[18]. Previous studies have
shown that WOA can improve the tuning of control strategies in power-electronic and motor-drive applications
[19]-[21]. However, the use of WOA to optimize fuzzy-control parameters for LiFePOs battery charging with a
buck converter under the CC-CV charging profile is still limited and requires further investigation.

Based on this gap, this research proposes a hybrid WOA-fuzzy control strategy for an optimized
LiFePOs battery-charging system. In the proposed method, WOA is used to optimize the scaling factors of the
fuzzy logic controller so that the buck converter can regulate charging voltage and current more accurately
during CC-CV operation. The proposed control scheme is evaluated using PSIM simulations and compared
with fuzzy, PI, and WOA-PI control methods under several SOC conditions ranging from 30% to 97%.

This study provides three principal contributions: first, it formulates a fuzzy controller optimized by
WOA for charging LiFePOs batteries; second, it incorporates the developed controller into a buck-converter-
based CC-CV charging architecture; and third, it assesses the proposed approach regarding output-voltage
precision, transient behavior, and operational stability under varying SOC conditions. These findings are
anticipated to facilitate the design of increasingly adaptive and dependable battery-charging systems for electric-
vehicle and energy-storage applications in both academic research and practical industrial deployment contexts.

2. PROPOSED METHOD

This section describes the research design, materials and data sources, implementation procedure,
control algorithms, and validation strategy used to develop the proposed LiFePO4 battery charging system.
The method is arranged to support reproducibility and to directly address the need for an adaptive CC-CV
charging controller identified in the Introduction section.

2.1. Research design/approach

This research employed a simulation-based experimental design. A buck converter-based charger was
modeled and controlled using four control approaches, namely fuzzy, PI, WOA-PI, and WOA-fuzzy. This
design was selected because it allows the proposed controller to be tested under repeatable operating conditions,
different state-of-charge (SOC) levels, and identical converter parameters before practical hardware
implementation.

2.2. System architecture and materials

Figure 1 illustrates the complete configuration of the developed battery-charging system. The
220 VAC input is converted into DC voltage using an SMPS and supplied to the buck converter, which is the
main power stage. The output voltage and current are measured using voltage and current sensors, then fed
back to the STM32F4 microcontroller. A PWM duty ratio is produced by the controller to adjust converter
output according to the LiFePOs battery’s CC-CV charging specifications during operation.
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Figure 1. Block diagram controller charge
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2.3. Buck converter modelling

The buck converter reduces the supplied DC voltage to the level needed for battery charging. PWM
switching governs converter operation, while its duty ratio establishes the relationship among input voltage,
output voltage, inductor current, and the resulting ripple across the capacitor. By applying Kirchhoff's voltage
law (KVL), the converter design equations were derived, and the circuit topology used in this research is shown
in Figure 2.
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Figure 2. Buck converter circuit topology

The (1)-(5) were used to calculate the main converter parameters, including duty cycle, inductor value,
capacitor value, and output characteristics. The design parameters were selected based on the required charging
voltage and current, as summarized in Table 1.

D= % 1
Aip =20% X if (4yg) 2
L= () » () < @
Fow = (4)
Cot = # 5)

Where: Vs is the voltage source (V); Vo is the output voltage (V); D is the duty cycle (%); f is the frequency
(Hz); R is the resistor (Ohm); ISW is the switch current (A); AVo is the output voltage ripple (V); L is inductor
(Henry); and C is capacitor (microfarad).

Table 1. Buck converter parameters

Parameters Symbol Value Unit
Voltage source Vin 90 Volt
Output voltage Vout 73 Volt
Output current lout 10 Ampere
Switching frequency Fs 40 kHz
Inductor L 172.338 uH
Capacitor Cout 856 uF
Resistor R 7.3 Ohm

2.4. LiFePOq4 battery model and data sources

The battery model represents a LiFePOa cell, commonly applied in electric vehicles and energy-
storage systems because of its safety, thermal robustness, and extended cycle life. The simulation employed a
battery model configured according to the parameters reported in Table 2: a 3.2 V nominal cell voltage,
a 3.65 V maximum charging voltage, and a 9 A standard charging current, under which conventional SOC
estimation relying solely on voltage measurements may provide reduced overall accuracy [22]. Simulation data
are generated from the PSIM output response, including output voltage, current, SOC, steady-state value, and
settling time.
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Table 2. Specification of LiFePO4 battery

Characteristics Rechargeable lithium ferro phosphate (LiFePQ,) prismatic battery
Model IFP2265146-23 Ah
Dimension 146%65%22.5 mm
Nominal voltage (V) 32V
Nominal capacity 23 Ah
Charging voltage (Max) 365V

Standard charging current 9A(05C)
Charging termination control ~ Taper current: 0.05 C (=0.9 A) at 3.65 V
Discharge cut-off voltage 20V
Operating temperature (°C) Charge: 0 °C to 60 °C
Discharge: =30 °C to 70 °C
Storage: —20 °C to 45 °C

Internal resistance (mQ) <2mQ
Cycle life > 1000 cycles
Weight 430+5¢g

2.5. WOA-FLC

The control method combines a fuzzy logic controller with the whale optimization algorithm.
The FLC used can handle the nonlinearity of the converter and battery without requiring a mathematical model.
However, FLC performance depends on the selection of membership functions, rule base, and scaling factors.
Therefore, WOA is applied to optimize the FLC parameters and reduce the dependence on manual tuning.

2.5.1. WOA algorithm

Developed by Tomaszewska et al. [23], the whale optimization algorithm is a population-driven
metaheuristic technique derived from the bubble-net foraging strategy of humpback whales, as depicted in
Figure 3. Within this study, each whale denotes one possible combination of controller parameters. Each
solution candidate is assessed according to the charger’s voltage-tracking capability, aiming to reduce the
deviation between the simulated converter output voltage and the specified reference level of 73 V.

The principal WOA settings considered here for this implementation comprise the population count,
iteration limit, and stopping criterion. A population of 100 whales is adopted, as formulated in (7), whereas the
maximum iteration count is fixed at 10 during the optimization process, as defined in (8). The convergence
criterion is determined based on the minimum fitness value and the maximum iteration limit, as expressed in
(9). These parameters are selected to balance convergence speed, optimization accuracy, computational effort,
and controller performance.

The WOA optimization procedure comprises three mechanisms: exploration, encirclement, and
spiral-based position updating. Exploration is performed when |A| > 1 by selecting a random whale position,
while exploitation is performed when |A| < 1 by moving the search agent toward the best candidate solution.
The coefficient vectors A and C control the balance between global search and local convergence, as expressed
in (6) and (7).

{Xm = eria — A.|C. )*(rand — Xl _if |4l > 1 (6)
Xepr = X* — A |C.X*— X, if 1Al <1

[X = {X1, Xz, X3, ..., X, }] )
at) = 2-2 tmtax 8)
Xpest = arg rr}(iinl (Xi), t = Tinax ©)

The (6) and (7) define t as the present iteration, T, as the permitted iteration limit, and r as a
randomly generated value within [0, 1]. The spiral bubble-net position-update procedure is formulated in (10),
with | representing a random variable selected from the interval [-1, 1]. These mechanisms allow the algorithm
to search for suitable controller parameters and gradually converge toward the best solution.

Xeyr = X + X" — X,|.eP cos (2ml) (10)

Where 1 is a random number in [—1,1].
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Figure 3. Spiral bubble-net behavior of humpback whales [23]

2.5.2. Meta-heuristic tuning via whale optimization algorithm (WOA)

Figure 4 shows the position update mechanism of the WOA, which toggles between two primary
behaviors based on a probability factor p:

i) Shrinking encircling mechanism (p < 0.5)

This phase models the prey entrapment. The position is updated based on the distance vector D =
|C.X*(t) — X (t)|, where X* is the current best solution. The new position is givenby X (t + 1) = X*(t) —
A .D . The coefficient vectors A and C facilitate the balance between exploration and exploitation, which is
|A| = 1 forces the search agent to move away from the reference whale (exploration), also |A| < 1 encourages
convergence toward the best solution (exploitation).

ii) Spiral updating position (p = 0.5)

This phase mimics the helix-shaped movement of whales. It is mathematically modelled using a

logarithmic spiral equation:

X(t+1)=D"-eb - cos (2nl) + X*(t) (11)

In (11), the distance parameter quantifies the separation between each current candidate and the optimal

solution, while b determines the spiral geometry, and | denotes a random value drawn within [-1, 1].

iii) Procedures steps

- Define the charging battery LiFePO, target, including the 73 V output voltage reference and 9 A charging
current, and SOC test points: 30%, 60%, 90%, and 97%.

- Calculate the buck converter parameters using (1)-(5), then build the converter circuit in PSIM using the
parameters in Table 1.

- Develop the LiFePO4 battery model using the specifications in Table 2.

- Method implement variations of the fuzzy, PI, WOA-PI, and WOA-Fuzzy controllers the same converter
and battery conditions.

- Run closed-loop simulations for each SOC condition, then record output voltage, current response, tracking
error, settling time, and the CC-CV transition.

iv) Validation

The method was validated using PSIM simulations using close loop tests. The research data includes

output-voltage accuracy, percentage error, average error, settling time, overshoot, and stability during the CC-

CV transition. The voltage error was calculated as error (%) = [Vout theory - Vout simulation| / Vout theory x

100%. The WOA-Fuzzy method was considered effective; it reduced voltage error and improved dynamic

response compared with the other implement method (fuzzy, PI, and WOA-PI) [24]-[30].

2.5.3. Fuzzy design

For this research, the fuzzy logic controller receives two inputs, error (E) and change in error (AE),
while producing the duty cycle as its single output. Within the converter, the duty-cycle command is crucial
since it establishes the switching proportion and consequently influences output voltage. The membership-
function definitions assigned to E, AE, and the duty-cycle output are presented in Figure 5.

As shown in Figure 5, the error and delta error variables are represented by seven linguistic terms:
NB, NM, NS, Z, PS, PM, and PB. The duty cycle output is defined within the range of 0.72 to 0.90 and uses
the same seven linguistic terms. Triangular membership functions are applied to provide smooth transitions
between adjacent regions, enabling the fuzzy controller to determine the appropriate duty cycle based on the
inference process.
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Figure 5. Membership function plots for the fuzzy logic controller inputs:
(@) error (E), (b) delta error (AE), and (c) duty

3. RESULTS AND DISCUSSION

Simulation results obtained from PSIM are used to test the performance of the WOA—fuzzy-based
charging system under various operating conditions. This analyze emphasize the setpoint and accurate
regulation of charging in constant current (CC) mode, constant voltage (CV) mode, and SOC test points of
30%, 60%, 90%, and 97%. The observed smooth transition between the CC and CV stages demonstrates stable
system behavior with minimal overshoot. This uses PSIM with example data illustrating four methods: i) fuzzy,
ii) P, iii) WOA — PI, and WOA - fuzzy.

Figure 6 illustrates a closed-loop LiFePOa battery charging circuit employing four control strategies:
fuzzy, Pl, WOA-PI, and WOA-fuzzy. The converter regulates the output voltage and current delivered to the
battery. It continuously monitors key parameters, including output current and voltage, and feeds these
measurements back to the controllers to reliably maintain optimal LiFePO. battery charging conditions.
Table 3 presents the open-loop buck converter without the four control methods, using a LiFePO. battery,
which generates output voltages near the theoretical 73 V across SOC levels of 30%, 60%, 90%, and 97%,
with an average error of 1.29%.

Figure 7 shows the experimental data of closed-loop battery charging with four control methods (P,
fuzzy, WOA-PI, and WOA-fuzzy). The results show that all controllers maintain the charging current setpoint
of 10 A and the voltage setpoint of 73 V. The WOA-fuzzy-based method provides smaller error deviations due
to its better iteration capability in terms of stability and overall control performance. Table 4 compares the
closed-loop output voltage and current for all four controllers at each SOC level. WOA-Fuzzy gives the lowest
average voltage error at 0.6601%. Table 5 summarizes the hardware test results obtained from the WOA-Fuzzy
and WOA-PI controllers. The table lists the output voltage, output current, duty cycle, and error for each test
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point. Figure 8 compares the hardware output voltage and output current of the WOA-Fuzzy and WOA-PI
controllers during the CC-CV charging process. Both methods follow the expected charging trend, but WOA-

fuzzy gives the lower average error shown in Table 5.
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Figure 6. Closed-loop battery charging circuit with four control methods

Table 3. Buck converter open-loop simulation result

SOC (%) Load Vout (V) Vout Theory (V) Error (%)
30 71.49 73.00 2.07
60 Battery 71.88 73.00 1.53
90 LifePoy 72.35 73.00 0.89
97 735 73.00 0.68
Average error (%) 1.29

Table 4. Performance comparison of control methods

SOoC Vsp Vo lo Vo lo Vo lo Vo lo
Pl Pl fuzzy fuzzy WOA Pl WOA_PI WOA fuzzy WOA_fuzzy
30 73 72.31 10.01 72.30 9.99 72.32 10.00 72.31 10.00
60 73 72.32 10.00 72.31 10.00 7241 10.00 72.32 9.99
90 73 72.40 10.00 7241 10.00 72.42 10.00 72.41 10.00
97 73 73.01 9.99 73.00 10.00 73.01 10.00 73.00 10.00
Average 72.51 - 7251 - 72,54 - 72,51 -
Error Vspvs Vo 0.6635% - 0.6684% - 0.6618% - 0.6601% -
Simulasi close loop
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Figure 7. Battery charging in four methods

—4&— 1_WOA-Fuzzy (A)
- - V_WOA-Fuzzy (V)

Int J Pow Elec & Dri Syst, Vol. 17, No. 3, September 2026: 1994-2003



Int J Pow Elec & Dri Syst ISSN: 2088-8694 d 2001

74

CC-CV Charging Characteristics
cc : cv

&

72 1

70

Voltage (V)
-
Current (A)

68

—8— Voltage WOA-Fuzzy :

66 —8—  Voltage WOA-PI H *
Current WOA-Fuzzy :

—4&— Current WOA-PIL

CC-1 cC2 cv-1 cv-2
Charging Stage
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Table 5. Hardware experiment data of WOA-fuzzy and WOA-PI controllers

Vo lo Duty Vo lo Duty Error Error
WOA-fuzzy WOA-fuzzy WOA-fuzzy WOA-PI  WOA-PI  WOA-PI  WOA-fuzzy WOA-PI
65.8 9.8 79.6 70 10 80.7 0.04 0.04
70.5 10 79.8 70.9 10 80.9 0,3 0.77
725 9.3 83 725 8.8 83.2 0.18 0.27
725 1.7 81.6 725 2.7 82.6 0.04 0.14
Average error % 0.14 0.31

4. CONCLUSION

This research develops a buck converter-based LiFePO. battery charging system using the whale
optimization algorithm (WOA) and fuzzy logic controller (FLC) for adaptive CC-CV charging. Training of
the WOA-fuzzy and WOA-PI controller models utilized 226 samples containing initial battery-current and
battery-voltage measurement values. The open-loop simulation produced an average voltage error of 1.29%,
indicating that closed-loop control is required to improve charging accuracy. The closed-loop simulation results
show that all controllers can maintain the charging voltage near the 73 V setpoint and the charging current
around 10 A. The average voltage errors are 0.6635% for PI, 0.6684% for fuzzy, 0.6618% for WOA-PI, and
0.6601% for WOA-fuzzy. These results indicate that WOA-fuzzy provides the lowest voltage error and better
charging stability than the other methods. The hardware experimental results also support the simulation
results, where WOA-fuzzy obtains an average error of 0.14%, while WOA-PI obtains 0.31%. Overall, the
proposed WOA-fuzzy controller provides a stable voltage and current response during LiFePO. battery
charging. Therefore, the WOA-fuzzy method is effective for improving the performance of the buck converter-
based LiFePOs battery charging system. Future work can compare other control or optimization methods using
the same circuit and charging configuration.

ACKNOWLEDGMENTS

The authors sincerely thank Politeknik Elektronika Negeri Surabaya for supplying vital assistance and
research facilities during this study. Financial support for this work was independently provided by the authors
through an internal collaborative initiative. The authors sincerely expect that the findings presented herein will
support further developments in power electronics technology across both academic research and relevant
industrial applications globally in the future.

FUNDING INFORMATION
Authors state no funding involved.

AUTHOR CONTRIBUTIONS STATEMENT
This journal adopts the Contributor Roles Taxonomy (CRediT) to acknowledge each author’s
contributions, minimize authorship conflicts, and promote collaboration.

Combination whale optimization algorithm and fuzzy logic for optimal ... (Indhana Sudiharto)



2002 O ISSN: 2088-8694
Name of Author C M So Va Fo I R D O E Vi Su P Fu
Indhana Sudiharto v v v v v v v v
Mochammad Machmud Rifadil v v v v v v v v v v v v v
Ajeng Amelia Veganesa v v v v v v v v v
C : Conceptualization I : Investigation Vi : Visualization
M : Methodology R : Resources Su : Supervision
So : Software D : Data Curation P : Project administration
Va: Validation O : Writing - Original Draft Fu : Funding acquisition
Fo : Formal analysis E : Writing - Review & Editing

CONFLICT OF INTEREST STATEMENT

Authors state no conflict of interest.

INFORMED CONSENT

We have obtained informed consent from all individuals included in this research.

DATA AVAILABILITY

The data supporting this study are presented in the article, including the PSIM simulation results and

hardware test results.

REFERENCES

[1]

[2]

[3]

[4]

[5]
[6]

[71

(8]

[9]

[10]
[11]
[12]

[13]

[14]

[15]

K. Sebasthirani, G. Rajesh, M. D. Bhavani, N. Varshney, T. Sathish, and K. Karthigaivel, “IoT-based second-life storage system
prototype for lifepo4 batteries,” in 2023 International Conference on Advances in Computing, Communication and Applied
Informatics (ACCAI), IEEE, May 2023, pp. 1-7. doi: 10.1109/ACCAI58221.2023.10199869.

A. S. Sarath Chandra, A. Naramu, A. Chabukswar, P. Vankadari, and R. Wandhare, “Active balancing of LiFePO, battery modules
using phase-shift type dc-dc converter for high voltage applications,” in 2024 IEEE International Conference on Power Electronics,
Drives and Energy Systems (PEDES), IEEE, Dec. 2024, pp. 1-5. doi: 10.1109/PEDES61459.2024.10961106.

A. B. Malla and H. Myneni, “Analysis of different charging methods of batteries for EV applications with charge equalization,”
2023 IEEE IAS Global Conference on Renewable Energy and Hydrogen Technologies, GlobConHT 2023, 2023, doi:
10.1109/GlobConHT56829.2023.10087758.

T. Sutikno, T. Wahono, and M. H. Jopri, “Fast charging of lithium-ion batteries for electric vehicles: concepts, challenges, and
future directions,” in 2025 12th International Conference on Electrical Engineering, Computer Science and Informatics (EECSI),
IEEE, Sep. 2025, pp. 457-462. doi: 10.1109/EECSI67060.2025.11290294.

K. L. Lim, S. Chung, and B. B. Park, “Assessment of electric vehicle battery fast charging characteristics,” in 2025 |IEEE PES 35th
Australasian Universities Power Engineering Conference (AUPEC), 2025, pp. 1-5. doi: 10.1109/AUPEC66173.2025.11219495.

A. T. Waghe and S. K. Patil, “A bidirectional dc-dc converter fed separately excited dc motor electric vehicle application,” in 2020
International Conference on Emerging Trends in Information Technology and Engineering (ic-ETITE), IEEE, Feb. 2020, pp. 1-5.
doi: 10.1109/ic-ETITE47903.2020.421.

S. Chakraborty, H.-N. Vu, M. M. Hasan, D.-D. Tran, M. El Baghdadi, and O. Hegazy, “DC-DC converter topologies for electric
vehicles, plug-in hybrid electric vehicles and fast charging stations: state of the art and future trends,” Energies, vol. 12, no. 8, p.
1569, Apr. 2019, doi: 10.3390/en12081569.

M. M. Rifadil, P. A. M. Putra, and A. Muklis, “Design of an EBNN-PID based adaptive charge controller for variable dc charging
applications,” International Journal of Power Electronics and Drive Systems, vol. 16, no. 4, pp. 2634-2644, 2025, doi:
10.11591/ijpeds.v16.i4.pp2634-2644.

M. F. Akhtar, S. R. S. Raihan, and N. A. Rahim, “Battery charger based on high step-down DC-DC converter for light electric
vehicle charging applications,” Arabian Journal for Science and Engineering, vol. 51, no. 6, pp. 7325-7341, 2026, doi:
10.1007/513369-025-10312-9.

A. K. Shaout and Z. Brauchler, “Fuzzy battery manager: charging and balancing rechargeable battery cells with fuzzy logic,”
Electronics (Switzerland), vol. 14, no. 7, 2025, doi: 10.3390/electronics14071470.

T. Wu and Y. Zhang, “Lithium-ion battery pack based on fuzzy logic control research on multi-layer equilibrium circuits,” Energy
Engineering: Journal of the Association of Energy Engineering, vol. 121, no. 8, pp. 2231-2255, 2024, doi: 10.32604/ee.2024.049883.
M. A. A. Viegas and C. T. da Costa, “Fuzzy logic controllers for charging/discharging management of battery electric vehicles in a smart
grid,” Journal of Control, Automation and Electrical Systems, vol. 32, no. 5, pp. 1214-1227, 2021, doi: 10.1007/s40313-021-00741-w.

Q. Tian, B. Zhan, D. Wang, T. Li, Y. You, and S. Wu, “Research on variable voltage-constant voltage phased pulse charging method
for lithium batteries based on fuzzy algorithm,” in 2023 International Conference on Power, Electrical Engineering, Electronics
and Control (PEEEC), IEEE, Sep. 2023, pp. 334-338. doi: 10.1109/PEEEC60561.2023.00071.

G. Zhao, Y. Wang, and Z. Chen, “Health-aware multi-stage charging strategy for lithium-ion batteries based on whale optimization
algorithm,” Journal of Energy Storage, vol. 55, 2022, doi: 10.1016/j.est.2022.105620.

S. Wan, H. Yang, J. Lin, J. Li, Y. Wang, and X. Chen, “Improved whale optimization algorithm towards precise state-of-charge
estimation of lithium-ion batteries via optimizing Istm,” Energy, vol. 310, 2024, doi: 10.1016/j.energy.2024.133185.

Int J Pow Elec & Dri Syst, Vol. 17, No. 3, September 2026: 1994-2003



Int J Pow Elec & Dri Syst ISSN: 2088-8694 a 2003

[16]

[17]

[18]

[19]

[20]

[21]
[22]

[23]
[24]

[25]
[26]

[27]

[28]

[29]

K. Adetunji, I. Hofsajer, and L. Cheng, “A coordinated charging model for electric vehicles in a smart grid using whale optimization
algorithm,” in 2020 IEEE 23rd International Conference on Information Fusion (FUSION), IEEE, Jul. 2020, pp. 1-7. doi:
10.23919/FUSION45008.2020.9190284.

Y. Li, W. Pei, and Q. Zhang, “Improved whale optimization algorithm based on hybrid strategy and its application in location
selection for electric vehicle charging stations,” Energies, vol. 15, no. 19, 2022, doi: 10.3390/en15197035.

M. A. Labbaf Khaniki, S. Esfandiari, and M. Manthouri, “Speed control of brushless DC motor using fractional order fuzzy pi
controller optimized via woa,” in 2020 10th International Conference on Computer and Knowledge Engineering (ICCKE), IEEE,
Oct. 2020, pp. 431-436. doi: 10.1109/ICCKE50421.2020.9303634.

S. Banerjee, S. S. Kumar, and A. Alam, “Whale optimization algorithm (WOA)- based speed control of BLDC motor,” in 2022
IEEE 2nd International Conference on Sustainable Energy and Future Electric Transportation (SeFeT), IEEE, Aug. 2022, pp. 1-
6. doi: 10.1109/SeFeT55524.2022.9909419.

Z. Chu, Q. Guo, and C. Wang, “The PID control algorithm based on whale optimization algorithm optimized BP neural network,”
ITOEC 2023 - IEEE 7th Information Technology and Mechatronics Engineering Conference, pp. 2450-2453, 2023, doi:
10.1109/ITOEC57671.2023.10291531.

C. Hu, L. Ma, S. Guo, G. Guo, and Z. Han, “Deep learning enabled state-of-charge estimation of LiFePO4 batteries: a systematic
validation on state-of-the-art charging protocols,” Energy, vol. 246, 2022, doi: 10.1016/j.energy.2022.123404.

S. Mirjalili and A. Lewis, “The whale optimization algorithm,” Advances in Engineering Software, vol. 95, pp. 51-67, May 2016,
doi: 10.1016/j.advengsoft.2016.01.008.

A. Tomaszewska et al., “Lithium-ion battery fast charging: a review,” eTransportation, vol. 1, no. 100011, 2019.

C. Y. Wang et al., “Fast charging of energy-dense lithium-ion batteries,” Nature, vol. 611, no. 7936, pp. 485-490, 2022, doi:
10.1038/541586-022-05281-0.

H. C. Chung, “Charge and discharge profiles of repurposed LiFePO, batteries based on the UL 1974 standard,” Scientific Data, vol.
8, no. 1, 2021, doi: 10.1038/s41597-021-00954-3.

T. Sayfutdinov and P. Vorobev, “Optimal utilization strategy of the LiFePO4 battery storage,” Applied Energy, vol. 316, 2022, doi:
10.1016/j.apenergy.2022.119080.

V. R. Rikka, S. R. Sahu, A. Chatterjee, R. Prakash, G. Sundararajan, and R. Gopalan, “Enhancing cycle life and usable energy
density of fast charging LiFePO4-graphite cell by regulating electrodes’ lithium level,” iScience, vol. 25, no. 9, 2022, doi:
10.1016/j.isci.2022.104831.

C. R. Birkl, M. R. Roberts, E. McTurk, P. G. Bruce, and D. A. Howey, “Degradation diagnostics for lithium-ion cells,” Journal of
Power Sources, vol. 341, pp. 373-386, 2017, doi: 10.1016/j.jpowsour.2016.12.011.

D. N. T. How, M. A. Hannan, M. S. Hossain Lipu, and P. J. Ker, “State of charge estimation for lithium-ion batteries using model-
based and data-driven methods: a review,” |IEEE Access, vol. 7, pp. 136116136136, 2019, doi: 10.1109/ACCESS.2019.2942213.

BIOGRAPHIES OF AUTHORS

Indhana Sudiharto © E:4 B8 © s a lecturer at Electronic Engineering Polytechnic Institute of
Surabaya (EEPIS). He holds a bachelor's degree in Power Systems and a master's degree in
power systems from Institut Teknologi Sepuluh Nopember (ITS). His research interests include
power systems, renewable energy, and power electronics. He has more than 27 years of teaching
experience and has taught subjects such as electrical measurement and instrumentation,
electrical power system protection, and power quality. He can be contacted at email:
indhana@pens.ac.id or indhanasudiharto@gmail.com.

Mochammad Machmud Rifadil g 2 is a lecturer at the Electronics Polytechnic
Institute of Surabaya (EEPIS). He holds a bachelor's degree in applied engineering in Industrial
Electrical Engineering from EEPIS and a master's degree from Institut Teknologi Sepuluh
Nopember (ITS). His areas of expertise include power electronics, computer vision, artificial
intelligence, control systems, and photovoltaic engineering. He also holds international
Autodesk certifications, including Autodesk Certified User in AutoCAD and Autodesk Certified
User in Fusion 360, ranging from basic to advanced levels. As a lecturer, he has taught subjects
such as electronic circuits, electrical measurement and instrumentation, and technical drawing.
He has more than ten years of teaching experience. He can be contacted at email:
mmrifadil@gmail.com or mmrifadil@pens.ac.id.

Ajeng Amelia Veganesa Bl B s an undergraduate student in the Applied Bachelor's
Degree Program in Industrial Electrical Engineering at the Electronic Engineering Polytechnic
Institute of Surabaya (EEPIS). She is currently completing her final research project in power
electronics, specifically focusing on battery charging systems. Her areas of interest include
power electronics, renewable energy, control systems, and energy management. She can be
contacted at email: ajengaamelia73@gmail.com.

Combination whale optimization algorithm and fuzzy logic for optimal ... (Indhana Sudiharto)


https://orcid.org/0000-0001-8525-4840
https://scholar.google.co.id/citations?user=QqITDMEAAAAJ&hl=id
https://www.scopus.com/authid/detail.uri?authorId=57193653067
https://www.webofscience.com/wos/author/record/ACB-6833-2022
https://orcid.org/0000-0001-9212-9095
https://scholar.google.com.my/citations?user=4X5Qq-QAAAAJ&hl=en
https://www.scopus.com/authid/detail.uri?authorId=57209138482
https://www.webofscience.com/wos/author/record/MVY-8300-2025
https://orcid.org/0009-0003-3126-7197
https://scholar.google.co.id/citations?hl=id&user=399KuRsAAAAJ

