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Abstract

This paper presents an energy-efficient operating strategy for a three-phase induction motor 
drive powered by a proton exchange membrane fuel cell (PEMFC). The proposed approach 
minimizes hydrogen consumption and improves motor efficiency over a wide operating 
range by continuously regulating the motor terminal voltage according to the load demand. 
The optimal reference voltage corresponding to each load torque is determined using the 
dholes-inspired optimization algorithm (DIOA), a recent swarm-based optimization tech-
nique. The DIOA is also employed to determine the optimal parameters of a proportional–
integral (PI) controller, enabling accurate and rapid tracking of the reference voltage. To 
evaluate the effectiveness of the proposed optimizer, its performance is compared with the 
well-known particle swarm optimization (PSO) algorithm. The reference voltages obtained 
using the DIOA and PSO differ by less than 1.1%, their hydrogen consumptions differ by less 
than 0.02%, and a direct voltage sweep confirms the optimum. The dynamic performance 
is investigated using both an optimally tuned PI controller and a neural network controller 
(NNC). Simulation results show that the NNC provides faster settling, lower transient devi-
ations, and improved dynamic performance compared with the PI controller. Steady-state 
results indicate that hydrogen savings are strongly dependent on motor loading. At a load 
torque of 0.5 N·m (5% of full load), hydrogen consumption is reduced from 1.999121 slpm 
to 0.706726 slpm, representing a saving of 64.65%. At a load torque of 2 N·m (20% of full 
load), the hydrogen saving reaches 24.17%. As the load approaches its rated value, the 
motor operates near its maximum efficiency and rated voltage.

Keywords: PEMFC; induction motor; dholes-inspired optimization algorithm; particle 
swarm optimization; Neural Network Controller

1. Introduction
Currently, climate change and the continuous increase in greenhouse gas emissions 

have made energy system decarbonization a global priority [1]. Hence, renewable 
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energy sources (RESs), such as photovoltaic and wind power, play a central role in 
such transition. However, their variability and intermittency limit reliable large-scale 
integration into power systems [2]. Consequently, hydrogen has emerged as a promising 
clean energy carrier. In addition, it can be produced using RES-powered electrolysis, 
stored for later use, and utilized across multiple sectors to support decarbonization [3]. 
Hydrogen can also be converted back into electricity using fuel cells, where hydrogen 
reacts electrochemically with oxygen to generate electrical power while producing only 
water as a by-product [4].

In this context, proton exchange membrane fuel cells (PEMFCs) are among the most 
promising fuel cell technologies [5]. Particularly, they offer high energy conversion efficiency 
along with low operating temperatures around 60–80 ∘C [6]. Additionally, PEMFCs provide 
high power density, short startup time, and fast dynamic response to load variations [7]. 
Accordingly, they offer a suitable energy alternative for transportation and distributed 
power applications. Furthermore, PEMFC technology has been widely adopted in electric 
drive systems due to its efficiency, compactness, and zero-emission operation [8]. Therefore, 
PEMFCs are selected in this work as a promising technology for advanced energy conversion 
systems.

In this regard, PEMFCs are increasingly integrated with electric motor drive systems in 
practical energy applications. In such systems, the fuel cell converts hydrogen into electrical 
energy that supplies the electric propulsion system to produce mechanical motion [9]. The 
overall powertrain typically integrates the fuel cell stack, auxiliary energy storage devices, 
electric motors, and power electronic converters into a coordinated drive system [10]. More-
over, power electronic converters such as DC-DC converters and motor drive inverters play 
a crucial role in regulating voltage and controlling the motor speed and torque. These tech-
nologies have enabled the widespread use of AC motors in fuel-cell-powered transportation 
systems [11].

On the other hand, efficient system operation requires advanced control and en-
ergy management strategies to coordinate the interaction between the PEMFCs, power 
converters, and electric motor under varying operating conditions [12]. Thus, several 
control approaches have been proposed to regulate this interaction. For example, con-
ventional techniques, such as proportional–integral (PI) controllers [13], are widely 
used to regulate the PEMFC current and maintain the DC-bus voltage stability through 
duty cycle control. In addition, advanced motor control methods such as field-oriented 
control (FOC) [14] and direct torque control (DTC) [15] have been extensively applied 
to improve torque tracking and the dynamic response of electric drives. However, these 
classical methods have several limitations. FOC requires accurate motor parameter esti-
mation and coordinate transformations, making it sensitive to parameter variations and 
model uncertainties [16]. Similarly, DTC can produce high torque and current ripples 
and may suffer from variable switching frequency, which affects system efficiency and 
stability [17].

Moreover, these limitations become more critical since PEMFCs exhibit highly non-
linear electrochemical behavior and operate under varying conditions such as temper-
ature, pressure, hydrogen flow rate, and load demand [18]. As a result, model-based 
techniques such as FOC and DTC may experience degraded performance when system 
parameters change or when operating conditions fluctuate. Consequently, researchers 
have increasingly explored intelligent control techniques, including fuzzy logic, artificial 
neural networks (ANNs), and hybrid AI-based controllers. Principally, such approaches 
can learn system behavior and adapt to nonlinear dynamics without requiring precise 
mathematical models [19]. In addition, energy management strategies (EMS) are often 
integrated not only to coordinate the interaction between different components in hybrid 
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PEMFC systems but also to improve overall efficiency and hydrogen utilization [20]. 
Therefore, advanced intelligent control approaches have emerged as promising solutions 
for improving the robustness and efficiency of PEMFC-based electric drive systems.

Accordingly, numerous studies have investigated different architectures, motor types, 
and control strategies for integrating fuel cells with electric motors. In this context, a 
comparative overview of representative studies reported in the literature is presented in 
Table 1. Specifically, it summarizes the main applications, system configurations, modeling 
approaches, and control techniques used in previous works.

As captured from Table 1, PEMFCs are the most widely used fuel cell technology in 
these systems due to their fast dynamic response and suitability for transportation and 
distributed generation applications. Moreover, most reported studies employ three-phase 
induction motors because of their robustness, reliability, and low cost. However, other 
machines such as permanent magnet synchronous motors (PMSMs), switched reluctance 
motors (SRMs), and synchronous motors have also been investigated.

Furthermore, the reviewed works typically use DC-DC converters combined with 
three-phase inverters to interface the fuel cell with the motor drive. In addition, the majority 
of studies rely on MATLAB/Simulink dynamic models to analyze system behavior and 
performance. In addition, various control techniques have been applied in the literature. 
These include vector control, MPPT methods, fuzzy logic controllers, ANN, ANFIS-based 
controllers, and metaheuristic-optimized PI controllers. Thus, some studies also investigate 
hybrid architectures, where the fuel cell is combined with supercapacitors or batteries to 
improve transient performance.
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Table 1. Summary of representative studies on PEMFC-powered motor drive systems.

Ref. Application Fuel Cell Type Motor Type Converter Type Main Model Type Control Strategy
Hydrogen-Related 

Optimization
(Approach)

Key Contribution

[21] (2018)

FC-powered 
induction motor 
drive for remote 

applications

PEMFC 3-phase induction 
motor

Boost DC-DC + 
3-phase inverter

MAT-
LAB/Simulink 
dynamic model

ANFIS-based 
MPPT + ANFIS 
inverter control

No

ANFIS-MPPT improves 
transient response and 

stability compared with 
conventional methods.

[22] (2021)
PEMFC powered 
induction motor 

drive
PEMFC 3-phase induction 

motor

Interleaved high 
step-up DC-DC 
converter + VSI

MAT-
LAB/Simulink + 

experimental 
prototype

ANN-based MPPT 
+ SVPWM No

ANN-MPPT improves power 
extraction and converter 

efficiency.

[23] (2006) Railway traction 
drive system PEMFC Induction traction 

motors
Voltage source 

inverter

Experimental 
traction system 

validation

Slip-frequency 
vector control No

Demonstrates experimentally 
that PEMFC can supply 

inverter-driven induction 
traction motors and follow 

rapid load changes.

[24] (2014) Renewable water 
pumping system

PEMFC (hybrid 
PV-FC)

3-phase induction 
motor (pump 

load)

DC-DC boost + 
PWM inverter

MAT-
LAB/Simulink 

hybrid renewable 
system model

Fuzzy logic MPPT No

Hybrid PV-PEMFC system 
supplying induction motor 
pump with fuzzy-MPPT for 
improved renewable power 

utilization.

[25] (2024)
FC–supercapacitor-
powered induction 

motor drive

PEMFC + 
Supercapacitor

Open-end winding 
induction motor

Dual inverter 
configuration

MAT-
LAB/Simulink 
dynamic drive 

model

FOC + energy 
management

Yes
energy management

Hybrid FC–supercapacitor 
architecture improves drive 

efficiency and transient 
power support.

[26] (2025) PEMFC-based 
electric vehicle PEMFC AC induction 

motor

DC-DC boost 
converter + battery 

interface

Experimental EV 
system analysis

Hydrogen flow 
regulation study

Yes
fuel flow regulation, 

experimental

Experimental investigation of 
hydrogen flow influence on 

PEMFC efficiency and power 
output in EV applications.

[27] (2017) Electric vehicle 
traction drive PEMFC 3-phase induction 

motor
DC-DC boost 

converter + VSI

MAT-
LAB/Simulink 
dynamic drive 

model

Vector control FOC No

Demonstrates 
PEMFC-assisted 

vector-controlled induction 
motor drive for EV 

propulsion.

[28] (2022)
Hybrid renewable 

water pumping 
system

SOFC (hybrid 
PV-SOFC)

3-phase induction 
motor (pump 

load)

Boost DC-DC + 
inverter + battery 

interface

MAT-
LAB/Simulink 
hybrid energy 
system model

Cuckoo search 
algorithm MPPT + 

PI control
No

CSA-based MPPT and PI 
tuning improve power 

extraction and maintain 
stable DC bus for 

motor-driven pumping 
system.
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Table 1. Cont.

Ref. Application Fuel Cell Type Motor Type Converter Type Main Model Type Control Strategy
Hydrogen-Related 

Optimization
(Approach)

Key Contribution

[29] (2024)
Distributed genera-

tion/induction motor 
drive system

SOFC
3-phase squirrel 
cage induction 

motor

DC-AC 
three-phase 

inverter

MAT-
LAB/Simulink 
dynamic SOFC 

model

PWM inverter 
control No

Dynamic modeling of SOFC 
with inverter supplying a 

three-phase induction motor 
and fault analysis of the drive 

system.

[30] (2024) FC electric vehicle 
powertrain analysis

Alkaline fuel cell 
(AFC) PMSM DC-DC converter + 

traction inverter

MAT-
LAB/Simulink 

vehicle powertrain 
model

Vehicle energy 
management 

strategy

Yes
vehicle energy 
management

Comparative analysis of 
AFC-based electric vehicle 
performance and hydrogen 
consumption using a PMSM 

traction drive.

[31] (2021)

Stand-alone 
renewable energy 
system supplying 

motor load

PEMFC (hybrid 
PV-PEMFC) PMSM DC-DC boost + 

inverter

MAT-
LAB/Simulink 

hybrid renewable 
system model

MPPT control for 
PV + energy 
management

No

Hybrid PV-PEMFC 
standalone system designed 

to supply a synchronous 
motor load with improved 

energy utilization.

[32] (2019)
PEMFC-powered 

switched reluctance 
motor drive

PEMFC SRM H-bridge converter

MAT-
LAB/Simulink 
dynamic drive 

model

PI controller 
optimized by 

multi-objective 
dragonfly 
optimizer 
(MODA)

No

MODA optimizes converter 
switching angles and PI gains 

to improve torque ripple, 
torque/ampere ratio, and 

starting torque.

This Work

FC-powered 
induction motor 

drive with hydrogen 
consumption 
minimization

PEMFC 3-phase induction 
motor

DC-DC chopper + 
3-phase inverter

MAT-
LAB/Simulink 

nonlinear 
PEMFC-motor 

dynamic model

Metaheuristic-
optimized PI vs. 

NARMA-L2 
predictive neural 

controller

Yes
drive voltage versus stack 

hydrogen flow, at each load 
s

Minimizes the stack 
hydrogen consumption by 

optimizing the DC-link 
voltage reference at each load 

torque (DIOA/PSO), with 
optimized PI and 

NARMA-L2 neural voltage 
control.
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Despite the significant progress reported in the literature, several research gaps remain 
in PEMFC-powered motor drive systems. Firstly, most existing studies focus on improving 
power extraction, efficiency, or dynamic performance. Hydrogen-related optimization 
has been reported mainly at the energy-management level of hybrid fuel cell drives and 
vehicles [25,30], or as an experimental study of fuel flow regulation [26]. To the best of the 
authors’ knowledge, none of the reviewed studies minimizes the hydrogen consumption of 
the stack by optimizing the motor terminal voltage of an induction motor drive at each load 
torque.

Reducing the flux of an induction motor at light load is a classical way to improve its 
efficiency. Loss-model controllers calculate the flux (or voltage) that minimizes the motor 
losses from the machine parameters, while search controllers adjust the flux or voltage 
online until the input power is minimal; both families are well established for induction 
motors, including scalar-controlled (V/f) drives [33–37]. These works minimize the losses 
of the motor, and possibly of the inverter, and do not include the fuel cell. In a PEMFC-
fed drive the quantity to be minimized is the hydrogen flow, which also depends on the 
polarization curve of the stack and on the converter. Therefore, the optimal DC-link voltage 
is not necessarily the one that minimizes the motor losses alone.

In addition, the majority of reported works rely on classical control methods, such 
as PI control or vector control. Only limited studies investigate the comparison between 
conventional controllers and advanced intelligent controllers. Therefore, further research 
is required to develop advanced control strategies that explicitly minimize hydrogen con-
sumption while maintaining the required motor performance.

Consequently, this paper investigates the optimal operation of a PEMFC-powered 
induction motor drive system with the objective of reducing hydrogen consumption while 
maintaining the required motor performance. Thus, the main contributions of this work are: 
(i) a stack-to-shaft formulation in which the hydrogen consumption of the PEMFC is mini-
mized by optimizing, at each load torque, the DC-link voltage reference of a scalar-controlled 
induction-motor drive, and unlike classical loss-minimization controllers [33–37], the ob-
jective includes the operating point of the stack and the converter; (ii) a load-dependent 
reference-voltage map obtained offline with DIOA and compared with PSO, together with 
the DIOA-based tuning of the PI controller of the boost converter; (iii) a NARMA-L2 neural 
voltage controller compared with the optimized PI controller under a load step; and (iv) 
quantified hydrogen savings of 64.65% at 0.5 N·m and 24.17% at 2 N·m with respect to 
operation at the rated DC-link voltage (537 V). The drive uses scalar control: the inverter op-
erates at a fixed frequency and modulation index (Figure 1), and the motor terminal voltage 
is adjusted through the DC-link voltage. Only the voltage is optimized; the simultaneous 
optimization of voltage and frequency is left for future work.

Figure 1. Configuration of the PEMFC-based induction motor drive system.
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The remainder of this paper is organized as follows: Section 2 details the system 
mathematical modeling; Section 3 describes the neural network controller (NNC); Section 4 
introduces the DIOA structure; Section 5 presents the simulation and comparative results; 
and Section 6 provides conclusions and future directions.

2. Mathematical Modelling
This section presents the mathematical modeling of the system components, including 

the PEMFC, DC–DC converter, and three-phase induction motor.

2.1. PEMFC Stack Model
Mathematically, the PEMFC stack is represented by a detailed semi-empirical model 

in which the stack voltage is governed by the open-circuit voltage, the activation loss, 
and the ohmic loss, as shown in Figure 2. Thus, the cell terminal voltage is described by 
Equation (1) [38].

𝑉𝑓 𝑐 = 𝐸𝑜𝑐 − 𝑁.𝐴.ln(
𝑖𝑓 𝑐

𝑖0
).𝐺𝑎(𝑠) − 𝑖𝑓 𝑐.𝑅𝑜ℎ𝑚 (1)

where 𝑉𝑓 𝑐 is the stack voltage [V], 𝑖𝑓 𝑐 is the stack current [A], 𝑁 is the number of cells, 𝐸𝑜𝑐
is the open-circuit voltage [V], 𝑖0 is the exchange current [A], 𝐴 is the Tafel slope [V], and 
𝑅𝑜ℎ𝑚 is the internal ohmic resistance [Ω]. 𝐺𝑎(𝑠) refers to the charge double-layer effect, 
which is represented by a first-order lag acting on the activation-voltage term, as given 
by Equation (2). So, a sudden current change does not instantaneously produce its full 
activation-voltage drop.

𝐺𝑎(𝑠) =
1

( 𝑠𝜏𝑑
3 + 1)

(2)

where 𝜏𝑑 is the response time constant [s].

Figure 2. Equivalent electrical model for PEMFC.

The model includes the charge double-layer effect only; gas-supply dynamics (air 
compressor and manifold filling), pressure oscillations and membrane water transport 
are not modeled. These slower phenomena would lengthen the transient of the hydrogen 
flow after a load step, but they do not change the steady-state consumption, which follows 
Faraday’s law through the stack current (Equation (8)) [39].

In fact, 𝐸𝑜𝑐, 𝑖0, and 𝐴 are not fixed. They vary with temperature, pressure, and reactant 
conditions, as formulated in Equations (3)–(5), respectively [40].

𝐸𝑜𝑐 = 𝐾𝑐.𝐸𝑛 (3)

𝑖0 ∝ (𝑃𝐻2
+ 𝑃𝑂2

).𝑒−Δ𝐺/𝑅𝑇 (4)
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𝐴 =
𝑅.𝑇
z.𝛼.𝐹 (5)

where 𝐾𝑐 is a voltage constant and 𝐸𝑛 is the Nernst voltage [V]. 𝑃𝐻2
 and 𝑃𝑂2

 represent the 
partial pressures of hydrogen and oxygen, respectively [bar], Δ𝐺 and 𝑇 are the activation 
energy [J/mol] and stack temperature [K], respectively, z is the number of moving electrons, 
𝛼 is the charge transfer coefficient, 𝑅 is the universal gas constant [J/mol.K], and 𝐹 is 
Faraday’s constant [C/mol].

Firstly, the reactant utilizations are determined from the stack current and the supplied 
fuel/air conditions, as expressed in Equation (6) and Equation (7), respectively [41].

𝑈𝑓 𝐻2
=

6 × 104.𝑅.𝑇.𝑁.𝑖𝑓 𝑐

z.𝐹.𝑃𝑓 𝑢𝑒𝑙.𝑉𝑓 𝑢𝑒𝑙.𝑥% (6)

𝑈𝑓 𝑂2
=

6 × 104.𝑅.𝑇.𝑁.𝑖𝑓 𝑐

2z.𝐹.𝑃𝑎𝑖𝑟.𝑉𝑎𝑖𝑟.𝑦% (7)

where 𝑃𝑓 𝑢𝑒𝑙 and 𝑃𝑎𝑖𝑟 are the absolute supply pressures of fuel and air [bar], respectively. 
𝑉𝑓 𝑢𝑒𝑙 and 𝑉𝑎𝑖𝑟 are the fuel and air flow rates [l/min], and 𝑥% and 𝑦% are the hydrogen and 
oxygen fractions in the supplied gases, respectively.

Accordingly, the hydrogen consumption rate 𝑉𝐻2,𝑐𝑜𝑛𝑠 [slpm/min] is computed from 
Equation (8).

𝑉𝐻2,𝑐𝑜𝑛𝑠 = 𝑈𝑓 𝐻2
𝑉𝑓 𝑢𝑒𝑙 (8)

Principally, such utilization factors are then used to compute the gas partial pressures 
inside the stack as given by Equation (9) and Equation (10), respectively.

𝑃𝐻2
= [1 − 𝑈𝑓 𝐻2

] . 𝑥% .𝑃𝑓 𝑢𝑒𝑙 (9)

𝑃𝑂2
= [1 − 𝑈𝑓 𝑂2

] . 𝑦% .𝑃𝑎𝑖𝑟 (10)

At this moment, the Nernst voltage is updated considering these partial pressures for 
operating temperature ≤ 100 ∘C, as revealed in Equation (11) [42].

𝐸𝑛 = 1.229 −
(𝑇 − 298.15)

z.𝐹 +
𝑅.𝑇
z.𝐹 × [𝑙𝑛(𝑃𝐻2

√𝑃𝑂2
)] (11)

Finally, the stack power delivered to the DC link 𝑃𝑓 𝑐 [W] is calculated by Equation (12).

𝑃𝑓 𝑐 = 𝑉𝑓 𝑐 × 𝑖𝑓 𝑐 (12)

2.2. Boost DC-DC Converter Model
A boost DC-DC converter increases the input voltage by storing energy in an inductor 

when the switch is ON and transferring this energy to the output when the switch is OFF. 
The main components of the converter include an inductor, power switch (MOSFET), diode, 
output capacitor, and load resistor. For an ideal boost converter operating in continuous 
conduction mode (CCM), the voltage conversion ratio is given by Equation (13).

𝑉𝑜 =
𝑉𝑖𝑛

1 − 𝐷 (13)

where 𝑉𝑜 is the output voltage [V], 𝑉𝑖𝑛 is the input voltage [V], and 𝐷 is the duty cycle.
In this work, the 537 V DC link equals the peak of the 380 V line voltage of the mo-

tor. With the stack voltage of 37–45 V, the required conversion ratio is about 11.9–14.5 
(D ≈ 0.9162–0.9311), which is obtained in practice with high step-up topologies such as the 
interleaved converter in [22]. In the Simulink model, the converter is the boost converter 
block of the Specialized Power Systems library, set to the average model (D-controlled). This 
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model is a switching-function model driven directly by the duty-cycle signal D (0 < D < 1) 
delivered by the controller, so that no PWM generator is used and the switching ripple is 
not represented, the switching losses, the conduction losses of the power switch and the 
snubber losses are not included. The same converter model is used for the conventional 
operation (537 V) and for the proposed operation, where the required conversion ratio and 
duty cycle are lower, so the neglected losses are expected to be smaller in the proposed 
operation.

The dynamic equations of the Boost converter can be expressed using state-space 
averaging in Equations (14) and (15). These expressions clearly indicate the nonlinear 
relationship between the duty cycle and the output voltage, which motivates the use of 
intelligent control techniques.

.
𝑖𝐿 =

1
𝐿 [𝑉𝑖𝑛 − (1 − 𝐷)𝑉𝑜] (14)

.
𝑉𝑜 =

1
𝐶 [(1 − 𝐷)𝑖𝐿 −

𝑉𝑜
𝑅 ] (15)

2.3. Three-Phase Induction Motor Model
The dynamic behavior of the three-phase induction motor is represented using the well-

known synchronously rotating d-q reference frame model. Basically, it allows an accurate 
description of both transient and steady-state operating conditions. In this model, the three-
phase stator and rotor variables are transformed into orthogonal d- and q-axis components. 
Hence, the corresponding d- and q-axis equivalent circuits of the machine are illustrated 
in Figure 3a,b, where the electrical relationships between stator and rotor variables are 
established, respectively [43].

Figure 3. d-q equivalent circuits of the three-phase induction motor.

Specifically, the stator voltages in the synchronous d-q reference frame are expressed 
as in Equation (16) and Equation (17), respectively [44].

𝒱𝑞𝑠 = 𝑅𝑠 𝑖𝑞𝑠 +
𝑑𝜆𝑞𝑠

𝑑𝑡 + 𝜔𝑒𝜆𝑑𝑠 (16)
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𝒱𝑑𝑠 = 𝑅𝑠 𝑖𝑑𝑠 +
𝑑𝜆𝑑𝑠
𝑑𝑡 − 𝜔𝑒𝜆𝑞𝑠 (17)

where 𝒱𝑞𝑠 and 𝒱𝑑𝑠 represent the stator d- and q-axes voltages [V], respectively. 𝑅𝑠 is the 
stator resistance [Ω], 𝑖𝑞𝑠 and 𝑖𝑑𝑠 refer to the stator q- and d-axes currents [A], respectively, 
𝜆𝑞𝑠 and 𝜆𝑑𝑠 are the q- and d-axes flux linkages [Wb], respectively, and 𝜔𝑒 is the synchronous 
electrical angular velocity of the reference frame [rad/s].

Moreover, the electrical dynamics of the rotor windings, expressed in the synchronous 
reference frame, are described by Equation (18) and Equation (19), respectively [18].

𝒱 ′
𝑞𝑟 = 𝑅′

𝑟 𝑖′𝑞𝑟 +
𝑑𝜆′

𝑞𝑟

𝑑𝑡 + (𝜔𝑒 − 𝜔𝑟)𝜆′
𝑑𝑟 (18)

𝒱 ′
𝑑𝑟 = 𝑅′

𝑟 𝑖′𝑑𝑟 +
𝑑𝜆′

𝑑𝑟
𝑑𝑡 − (𝜔𝑒 − 𝜔𝑟)𝜆′

𝑞𝑟 (19)

where 𝒱 ′
𝑞𝑟 and 𝒱 ′

𝑑𝑟 represent the rotor d- and q-axes voltages [V], respectively. 𝑅′
𝑟 is the 

rotor resistance [Ω], 𝑖′𝑞𝑟 and 𝑖′𝑑𝑟 refer to the rotor d- and q-axes currents [A], respectively, 
𝜆′

𝑞𝑟 and 𝜆′
𝑑𝑟 are the d- and q-axes flux linkages [Wb], respectively, and 𝜔𝑟 is the rotor 

electrical angular velocity [rad/s].
On the other side, the relation that connects the electrical dynamics of the machine 

with its mechanical motion is given by Equation (20).

𝜔𝑟 = 𝜔𝑚 × 𝑝 (20)

where 𝑝 is the number of pole pairs and 𝜔𝑚 is the mechanical rotor speed [rad/s].
To complete the electrical model, the flux linkages must be expressed as functions of 

the stator and rotor currents. In fact, the stator flux is composed of leakage flux and mutual 
flux produced by both stator and rotor currents. Thus, the stator flux linkages are defined 
as in Equation (21) and Equation (22), respectively.

𝜆𝑞𝑠 = 𝐿1𝑠 𝑖𝑞𝑠 + 𝐿𝑚(𝑖𝑞𝑠 + 𝑖′𝑞𝑟) (21)

𝜆𝑑𝑠 = 𝐿1𝑠 𝑖𝑑𝑠 + 𝐿𝑚(𝑖𝑑𝑠 + 𝑖′𝑑𝑟) (22)

where 𝐿1𝑠 and 𝐿𝑚 are the stator leakage inductance and the magnetizing inductance [H], re-
spectively. However, the rotor flux results from both rotor leakage flux and the magnetizing 
flux linking the stator and rotor windings, as depicted in Equation (23) and Equation (24).

𝜆′
𝑞𝑟 = (𝐿′

1𝑟 + 𝐿𝑚) 𝑖′𝑞𝑟 + 𝐿𝑚𝑖𝑞𝑠 (23)

𝜆′
𝑑𝑟 = (𝐿′

1𝑟 + 𝐿𝑚) 𝑖′𝑑𝑟 + 𝐿𝑚𝑖𝑑𝑠 (24)

where 𝐿′
1𝑟 is the rotor leakage inductance [H]. Basically, the torque production is directly 

determined by the interaction between the stator flux and stator currents, which are con-
trolled by the inverter voltage supplied from the PEMFC-based power system. Hence, the 
electromagnetic torque developed in the air gap 𝑇𝑒 [N.m] can be calculated as in Equation 
(25) [45].

𝑇𝑒 =
3
2𝑝(𝜆𝑑𝑠𝑖𝑞𝑠 − 𝜆𝑞𝑠𝑖𝑑𝑠) (25)

Finally, the mechanical dynamics of the motor shaft are governed by the rotational 
motion expression as in Equation (26).

𝐽
𝑑𝜔𝑚
𝑑𝑡 = 𝑇𝑒 − 𝐵.𝜔𝑚 − 𝑇𝐿 (26)

where 𝐽 is the combined inertia of the rotor and load [kg.m2], 𝑇𝐿 is the load torque [N.m], 
and 𝐵 is the viscous friction coefficient [N.m.s/rad].
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The d–q model of Equations (16)–(26) does not include the iron losses. They are 
represented in the Simulink model by a core-loss resistance connected in parallel with the 
three-phase terminals of the motor so that the iron-loss power depends on the applied 
voltage. The hysteresis and eddy-current losses are lumped in the constant resistance of 
1200 Ω; they vary with the square of the terminal voltage. Consequently, reducing the 
terminal voltage at light load decreases the iron losses together with the stator copper loss, 
which is the mechanism behind the efficiency improvement reported in Section 5.2. The 
model assumes a constant core loss resistance, so magnetic saturation and the frequency 
dependence of the iron losses are not represented, and the branch is connected at the 
terminals, upstream of the stator resistance.

3. Neural Network Controller
The neural controller that regulates the duty cycle of the boost converter is a NARMA-

L2 (feedback-linearization) controller, as shown in Figure 4 and Table 2. It is built in two 
steps. First, the plant is identified offline. With the regression vector

𝜑(𝑘) = [𝑦(𝑘), … , 𝑦(𝑘 − 𝑛𝑦 + 1), 𝐷(𝑘 − 1), … , 𝐷(𝑘 − 𝑛𝐷 + 1)] (27a)

where 𝑦 is the output voltage 𝑉𝑜, 𝐷 is the duty cycle, and 𝑛𝑦 = 𝑛𝐷 = 2 (Table 2), the output 
voltage of the converter is approximated by

ˆ𝑦(𝑘 + 1) = 𝑓 [𝜑(𝑘)] + 𝑔[𝜑(𝑘)]·𝐷(𝑘) (27b)

where 𝑓  and 𝑔 are two feedforward sub-networks, each with one hidden layer of five 
sigmoid neurons and a linear output neuron. Second, the controller is obtained by solving 
the identified model for the control input.

𝐷(𝑘 + 1) =
𝑦𝑟𝑒𝑓 (𝑘 + 𝑑) − 𝑓 [𝜑(𝑘)]

𝑔[𝜑(𝑘)] (27c)

so that the output voltage follows the reference 𝑉ref (𝑑 is the relative degree). The identifi-
cation networks are trained offline with the Levenberg–Marquardt algorithm (trainlm) on 
150,000 input–output samples. The performance function is

𝐽 =
1
2∑

𝑘
[𝑦(𝑘) − ˆ𝑦(𝑘)]2 (27d)

where 𝑉𝑟𝑒𝑓  is the reference voltage and 𝑉𝑜 is the measured output voltage. The backpropa-
gation algorithm is used to update the network weights.

The training data used for the offline identification, i.e., the random plant input (duty 
cycle) and the corresponding plant output voltage, are shown in Figure 5.

The results shown in Figure 6 confirm the successful identification of the nonlinear 
plant using a neural network. Also, the network output closely matches the actual plant 
output while the error signal remains very small, demonstrating accurate system modeling 
under the excitation input.
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Figure 4. Neural DC to DC voltage controller.

Table 2. Parameters of neural controller.

Section Parameter Value

Network Architecture

Size of Hidden Layer 5
Sampling Interval (sec) 1 × 10−6 
No. Delayed Plant Inputs 2
No. Delayed Plant Outputs 2

Training Data

Training Samples 150,000
Maximum Plant Input 0.92
Minimum Plant Input 0
Maximum Plant Output 730
Minimum Plant Output −730
Maximum Interval Value (sec) 0.00012
Minimum Interval Value (sec) 0.00011

Training Parameters Training Epochs 100,000
Training Function trainlm

Figure 5. Offline training of neural controller.

The training performance curves in Figure 7 indicate proper convergence of the learn-
ing algorithm, where the gradient decreases and the Levenberg–Marquardt parameter is 
adaptively adjusted.
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Figure 6. Plant input–output modeling and error analysis: (a) plant input, duty cycle (p.u.); (b) 
plant output (V); (c) identification error (V); (d) NN output (V).

Figure 7. Neural network training convergence parameters.

The training stops based on validation checks, preventing overfitting and ensuring 
good generalization. The regression analysis in Figure 8 shows correlation coefficients close 
to unity (R ≈ 0.999), indicating an almost perfect agreement between predicted and actual 
outputs across training, validation, testing, and overall datasets.

Furthermore, the performance plot in Figure 9 illustrates a minimum mean squared 
error of approximately 0.03 at the optimal epoch, confirming the high accuracy of the model. 
Overall, the neural network effectively captures the plant dynamics with excellent precision 
and strong generalization capability, making it suitable for nonlinear system modeling and 
control applications.
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Figure 8. Regression analysis of neural network performance.

Figure 9. Best validation performance (MSE curve). The validation curve (green) almost coincides 
with the test curve (red) and is therefore hidden behind it; the green circle and the green dotted line 
indicate the best validation performance.

4. Dholes-Inspired Optimization Algorithm
The dholes-inspired optimization algorithm (DIOA) is a contemporary swarm-based 

metaheuristic optimization strategy, developed by Romeh A.E. et al. in 2025 [46]. It repli-
cates the collaborative hunting behavior of dholes. The dhole is a very gregarious species of 
the Canidae family, native to the grasslands and forests of Southeast, Central, and East Asia, 
and is popularly referred to as the Asian wild dog. Dholes are famous for their cooperative 
hunting activities, complicated social structures, and advanced vocal systems of communi-
cation. In contrast to current swarm-based techniques like PSO and grey wolf optimization, 
the DIOA uses a multiple-stage leadership paradigm in which a dynamically chosen lead 
vocalizer directs the process of search. Furthermore, the DIOA uses a vocalization-based 
guiding mechanism, in which the effect of the lead vocalizer progressively diminishes over 
iterations, distinguishing it from the completely random exploration observed in other 
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bio-inspired techniques. Based on the sophisticated social behaviors of dholes, the DIOA 
simulates their cooperative hunting techniques, vocal communication, and territorial in-
stincts for implementing a robust metaheuristic approach to solve challenging optimization 
problems. Figure 10 demonstrates the flowchart of the DIOA, describing the operation 
sequence from initialization to convergence [46].

Figure 10. The flowchart of the DIOA.

The first step in implementing the DIOA is to randomly initialize a set of candidate 
solutions, each of which represents a dhole in the area of search. Then, the position of each 
candidate solution is iteratively refined based on the influence of vocalization, cooperative 
hunting modifications, and territorial constraints. In each iteration, the lead vocalizer, 
which directs the process of optimization, is the most optimum candidate solution. Every 
possible solution readjusts its proximity to the optimal solution. The impact of vocalization 
guarantees a balance between exploitation and exploration. The impact of the lead vocalizer 
progressively wanes over iterations, enabling a regulated shift from wide exploration to 
intensive exploitation. The diminution of this impact is mathematically expressed by 
Equation (28):

𝑉𝑜𝑐 = 2 − 𝑖𝑡 (
2

𝑖𝑡𝑚𝑎𝑥
) (28)

where 𝑉𝑜𝑐 represents the impact of vocalization, 𝑖𝑡 indicates the current iteration number, 
and 𝑖𝑡𝑚𝑎𝑥 refers to the maximum number of iterations. This formula guarantees that the 
early iterations promote varied exploration throughout the space of search. In subsequent 
iterations, the search is refined by concentrating on promising solutions. The gradual 
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decrease in 𝑉𝑜𝑐 imitates how dholes switch their dependance from vocal communication to 
direct coordination when they get close to their target [46].

Dholes have very coordinated hunting techniques, where the members of pack dy-
namically modify their movements according to nearby individuals and the lead vocalizer. 
The position update technique of the DIOA incorporates this cooperative behavior, as 
demonstrated in Figure 10. The trade-off between exploration and exploitation determines 
whether a search agent explores new areas of the solution space or focuses on improving 
promising solutions that have been found previously. A scaling factor 𝛽 is included to 
regulate the intensity of movement exhibited by the search agents. Equation (29) provides a 
mathematical definition of this factor, which is directly impacted by the vocalization effect:

𝛽 = 𝑉𝑜𝑐 𝑚 (29)

 where 𝑚 is a randomly selected number drawn from a uniform distribution within the interval 
from zero to one. This formula guarantees that the intensity of movement is dynamically 
modified, enabling extensive exploration in the first phases of the search while progressively 
enhancing movements as convergence becomes approach. A sinusoidal function is used to 
calculate a coefficient 𝐶𝑜, which is used to incorporate regulated oscillations into the dynamics 
of movement. The mathematical expression of coefficient 𝐶𝑜 is shown in Equation (30):

𝐶𝑜 = 𝑚 + sin(𝜋 𝑚) (30)

The sinusoidal part in Equation (30) provides regulated fluctuations in movement, 
avoiding early convergence by guaranteeing the search remains flexible and does not become 
too rigid. This characteristic permits the agents of search to preserve a degree of randomness, 
hence boosting the possibility of escaping local optimal solutions [46].

After the coefficients of movement control have been calculated, the following step 
includes finding the controlled Euclidean distance (𝑑→

𝑙𝑒𝑎𝑑) between the lead vocalizer and 
each search agent. The computation of distance includes the coefficient 𝐶𝑜 for adaptive 
modifications, as indicated in Equation (31):

𝑑→
𝑙𝑒𝑎𝑑 = |𝐶𝑂 𝑃→

𝐿𝑉
2 − 𝑑→

𝑖
2| (31)

where 𝑃→
𝐿𝑉  is the lead vocalizer position and 𝑑→

𝑖  indicates the current position of the search 
agent indexed by i. The coefficient 𝐶𝑜 dampens or amplifies the adjustments of movement, 
guaranteeing that the search stays aggressive in the first iterations and becomes more precise 
as it advances. After the controlled distance to the lead vocalizer is calculated, the new 
position for the agent of search is updated according to Equation (32).

𝑥→
𝑙𝑒𝑎𝑑 = 𝑃→

𝐿𝑉 + 𝑠 √𝑑→
𝑙𝑒𝑎𝑑  (32)

Equation (32) guarantees that every search agent advances toward the lead vocalizer 
weighted by the square root of 𝑑→

𝑙𝑒𝑎𝑑 and an intensity scale (𝑠). Therefore, this leads to 
preventing irregular jumps and smoothing the movement dynamics. The cooperative 
hunting approach, as formulated in equations from Equation (29) to Equation (32), enables 
search agents to dynamically follow the lead vocalizer while keeping a well-regulated 
balance between exploitation and exploration [46].

The DIOA uses the boundary constraints for preventing the agents of search from 
deviating beyond the range of possible solutions. Equation (33) provides a mathematical 
definition of this mechanism in order to avoid the excessive divergence.

𝑑→
𝑖 =

{


𝐿𝐵 + (𝑈𝐵 − 𝐿𝐵) ∗ 𝑟𝑎𝑛𝑑(dim)      𝑖𝑓 𝑑→
𝑖 < 𝐿𝐵 𝑜𝑟 𝑑→

𝑖 > 𝑈𝐵
𝑑→

𝑖                                                      𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒                           
(33)

where UB and LB define the upper and lower bounds for the space of search, respectively. 
The rand function provides a random number guaranteeing that any solution breaching 
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the constraints is re-placed inside valid boundaries. The agent of search with the optimum 
value of fitness function is set as the lead vocalizer at each iteration end, guaranteeing 
that the DIOA continuously tracks the most optimal possible solution path. Equation (34) 
provides a mathematical definition of this mechanism in order to select the lead vocalizer.

𝐿𝑒𝑎𝑑→
𝑉𝑜𝑐𝑎𝑙𝑖𝑧𝑒𝑟 =

{


𝑑→
𝑖                     𝑖𝑓 𝑓 𝑖𝑡𝑛𝑒𝑠𝑠 (𝑑 →

𝑖 ) < 𝑓 𝑖𝑡𝑛𝑒𝑠𝑠 (𝐿𝑒𝑎𝑑→
𝑉𝑜𝑐𝑎𝑙𝑖𝑧𝑒𝑟)

𝐿𝑒𝑎𝑑→
𝑉𝑜𝑐𝑎𝑙𝑖𝑧𝑒𝑟      𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒                                                               

(34)

The quality of each potential solution is assessed by the fitness function, which replaces 
the current lead vocalizer in the subsequent iteration if it is discovered that a search agent is 
more suited than the current lead vocalizer. The DIOA stops when the maximum iteration 
number is reached or when the improvement in fitness is smaller than a predetermined 
threshold. These restrictions limit unnecessary computational effort while guaranteeing 
the algorithm to reliably converge to the optimum solution [46].

5. Simulation Results
5.1. System Description and Baseline Performance

The modeling of proposed system is carried out by the Simulink/Matlab software tool. 
Table 3 shows the parameters of the three-phase induction motor and Table 4 illustrates 
the parameters of the PEMFC stack, where the motor parameters are those of the actual 
(physical) induction motor and the PEMFC stack parameters are the preset values of the 
PEMFC stack block of the MATLAB/Simulink library. Figure 11 shows the variations in the 
PEMFC stack voltage and power with the load.

Figure 11. Variations in PEMFC stack voltage and power with load current.
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Table 3. The parameters of the three-phase induction motor.

Rated output 2 hp
Rated voltage 220/380 V
Number of poles 4
Supply frequency 50
Stator winding resistance 5.60 Ω
Leakage winding inductance 16.65 mH
Referred rotor winding resistance 4.40 Ω
Referred leakage winding inductance 16.65 mH
Magnetizing inductance 245.20 mH
Core loss resistance 1200 Ω

Table 4. The parameters of the PEMFC stack.

Stack nominal power 2398.5 W
Stack maximum power 3330 W
Fuel cell resistance 0.18881 Ω
Nernst cell voltage 1.1288 V
Number of cells 65
Nominal current and voltage 53.3 A/45 V
Maximum current/voltage 90 A/37 V
Open-circuit voltage 65 V
Nominal H2 utilization 99.56%
Nominal O2 utilization 59.28%
Nominal fuel consumption 24.14 slpm
Nominal air consumption 57.46 slpm
Exchange current ( 𝑖0) 0.41218 A
Exchange coefficient (𝛼) 0.46322
Fuel composition (H2 ) 99.95%
Oxidant composition (O2 ) 21%
Nominal fuel rate at nominal H2  utilization 20.02 lpm
Maximum fuel rate at nominal H2  utilization 33.8 lpm
Nominal air rate at nominal O2  utilization 120 lpm
Maximum air rate at nominal O2  utilization 202.6 lpm
System temperature 338 Kelvin
Fuel supply pressure 1.5 bar
Air supply pressure 1 bar

5.2. Optimization of Reference Voltage for Hydrogen Minimization
PSO and the DIOA are employed to obtain the optimal reference voltage for the con-

troller of the DC boost converter for minimizing hydrogen consumption by the fuel cell 
while maintaining motor load performance. The optimal reference voltages for the controller 
of the boost converter are obtained at every load torque from 0.5 to 10 N.m with a step of 0.5. 
The two optimization techniques are operated for three trials at every load torque, and the 
best solution with the lowest objective function is taken. The population size and iteration 
number are 10 and 10, respectively, for the two optimization methods.

Unlike classical loss-model controllers [33–37], which give the optimal flux from 
the motor parameters under a sinusoidal supply, the present optimization minimizes the 
hydrogen consumption of the complete system. It therefore also accounts for the converter 
and inverter losses, the harmonic losses of the PWM supply and the nonlinear polarization 
curve of the stack. Since the motor losses are dominant, the obtained voltages are expected 
to be close to the loss-model optimum, with small differences due to these additional effects.

All simulations were run in MATLAB/Simulink [MATLAB 2019b] on a computer with 
an Intel Core i7-9750H processor and 16 GB RAM using a fixed-step discrete solver with 
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a sample time of 5 × 10−5  s. One optimization run (population size 10 and 10 iterations) 
requires 100 simulation evaluations, each taking about 1–4 min. The hydrogen consumption 
QH2 is the mean value over the steady-state window t = 4–5 s. The optimization is performed 
offline, and the resulting optimal voltage-load torque map is stored as a lookup table; hence, 
the computation time does not affect the online operation of the drive.

Figure 12 shows the schematic diagram of the proposed system in the Simulink. The 
objective function (𝑂𝑏𝑗1) is achieved by the variation in one input variable; the magnitude 
of reference voltages for the controller of the boost converter (𝑉𝑟𝑒𝑓 ) at every load torque to 
minimize consumed hydrogen by fuel cell are illustrated in Equation (35).

𝑂𝑏𝑗1 = 𝑚𝑖𝑛𝑖𝑚𝑖𝑧𝑒 (𝑄𝐻2,𝑐𝑜𝑛𝑠) with constraints (𝑇𝑒 = 𝑇𝐿) (35)

where 𝑄𝐻2,cons is the consumed hydrogen by fuel cell.

Figure 12. A schematic diagram of proposed system in the Simulink.

Table 5 depicts the comparison between the DIOA and PSO for load torques from 
0.5 to 10 N.m with a step of 0.5. The comparison between the two optimization approaches 
is in terms of the values of the objective function and the optimal reference voltages for the 
boost converter controller.

Figure 13 shows the convergence curves of the optimization algorithm objective 
function (𝑂𝑏𝑗1) with iterations based on PSO and the DIOA at load torques equal to 
0.5 and 7.5 N.m.

The percentage saving in hydrogen consumption with the proposed method can be 
calculated using Equation (36).

𝐻2 𝑆𝑎𝑣𝑖𝑛𝑔 =
𝐶𝑜𝑛𝑣𝑒𝑛𝑡𝑖𝑜𝑛𝑎𝑙 𝑄𝐻2,cons − 𝑃𝑟𝑜𝑝𝑜𝑠𝑒𝑑 𝑄𝐻2,cons

𝐶𝑜𝑛𝑣𝑒𝑛𝑡𝑖𝑜𝑛𝑎𝑙 𝑄𝐻2,cons
× 100 (36)

Table 6 compares the classical operation, with the converter output voltage fixed 
at 537 V, and the proposed operation with the optimal DC-link voltage obtained by the 
DIOA. At 0.5 N·m, the optimal voltage of 132.76 V reduces the hydrogen consumption 
from 1.9991 to 0.7067 slpm (64.65%). The saving drops to 24.17% at 2 N·m and becomes 
negligible above 8.5 N·m, where the optimal voltage approaches 537 V. At the same load 
torque, the reduced voltage increases the slip and lowers the speed, so the output power of 
the proposed operation is lower by up to about 7% (e.g., 1396.1 rpm and 73.06 W instead of 
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1494.6 rpm and 78.22 W at 0.5 N·m). This is expected, since Equation (35) minimizes the 
hydrogen consumption at a given torque without constraining the speed. Minimizing the 
hydrogen consumption per unit of output power is left for future work.

Table 5. Comparison between two optimization techniques for hydrogen consumption minimiza-
tion (Obj1 ).

TL
N m

PSO DIOA

Obj1
(slpm)

Vref
(V)

Obj1
(slpm)

Vref
(V)

0.5 0.706698 132.698682 0.706726 132.756543
1.0 1.455105 179.230214 1.455219 178.287207
1.5 2.227313 222.706616 2.227312 222.662953
2.0 3.019569 258.537802 3.019592 258.782062
2.5 3.830193 289.062871 3.830121 288.128901
3.0 4.663921 328.797507 4.663379 328.039701
3.5 5.505192 335.940577 5.505773 333.980797
4.0 6.377953 346.582666 6.378596 346.029006
4.5 7.255051 374.519398 7.255702 373.646156
5.0 8.153650 400.465286 8.153538 400.779498
5.5 9.072650 425.954308 9.072650 426.002154
6.0 10.013909 443.755817 10.014316 448.694827
6.5 10.976487 463.243195 10.976492 462.687867
7.0 11.964231 486.955786 11.965154 488.870253
7.5 12.972080 498.502832 12.972082 498.533334
8.0 14.006600 514.890746 14.006593 514.809209
8.5 15.068156 530.725836 15.068163 530.813797
9.0 16.161088 537.000000 16.161092 536.993469
9.5 17.302353 537.000000 17.302403 536.974697

10.0 18.499552 537.000000 18.499556 536.998875

Figure 13. Cont.

https://doi.org/10.3390/asi9110225

https://doi.org/10.3390/asi9110225


Appl. Syst. Innov. 2026, 9, 225 21 of 29

Figure 13. The convergence curve of 𝑂𝑏𝑗1 with iterations for three trials at certain load torques: 
(a) PSO; (b) DIOA.

Table 6. Hydrogen consumption and motor performance under classical (537 V) and DIOA-
optimized operation.

TL
(N.m)

Classical Operation
DC-Link Voltage = 537 V DIOA

QH2,cons
(slpm)

Speed
(rpm)

Pout  
(Watt)

Vref
(V)

QH2,cons
(slpm)

Speed
(rpm)

Pout  
(Watt)

0.5 1.999121 1494.622807 78.2186 132.756543 0.706726 1396.1067 73.0629
1.0 2.640421 1489.138276 155.8631 178.287207 1.455219 1381.8040 144.6288
1.5 3.301407 1483.558478 232.9187 222.662953 2.227312 1387.5030 217.8380
2.0 3.982114 1477.877642 309.3691 258.782062 3.019592 1389.3286 290.8328
2.5 4.682756 1472.089587 385.1968 288.128901 3.830121 1388.1860 363.2420
3.0 5.404138 1466.187534 460.3829 328.039701 4.663379 1398.3792 439.0911
3.5 6.147003 1460.164202 534.9068 333.980797 5.505773 1382.2515 506.3648
4.0 6.912318 1454.011655 608.7462 346.029006 6.378596 1372.3610 574.5618
4.5 7.701228 1447.721237 681.8767 373.646156 7.255702 1378.15790 649.1124
5.0 8.515055 1441.283477 754.2717 400.779498 8.153538 1383.4765 724.0194
5.5 9.355314 1434.687982 825.9020 426.002154 9.072650 1378.2189 793.3947
6.0 10.223735 1427.923302 896.7358 448.694827 10.014316 1389.5627 872.6454
6.5 11.122291 1420.976780 966.7379 462.687867 10.976492 1386.9585 943.5941
7.0 12.053242 1413.834361 1035.8693 488.870253 11.965154 1392.1102 1019.9527
7.5 13.019179 1406.480380 1104.0871 498.533334 12.972082 1388.0203 1089.5959
8.0 14.023087 1398.897294 1171.3433 514.809209 14.006593 1387.9927 1162.2126
8.5 15.068430 1391.065346 1237.5845 530.813797 15.068163 1388.0906 1234.9379
9.0 16.159253 1382.962177 1302.7504 536.993469 16.161092 1383.1833 1302.9587
9.5 17.300319 1374.562329 1366.7731 536.974697 17.302403 1374.7695 1366.9791
10.0 18.497289 1365.836627 1429.5757 536.998875 18.499556 1366.0561 1429.8054

Figure 14 shows that the hydrogen saving results mainly from the improvement in 
motor efficiency. At rated flux and light load, the core and copper losses are large compared 
with the output power, and the efficiency is only 30.94% at 0.5 N·m. Reducing the voltage 
according to the load lowers these losses and keeps the efficiency at about 75.7% up to 
4.5 N·m. At higher loads the two curves converge and coincide above 8.5 N·m.

From the results based on hydrogen consumption minimization (𝑂𝑏𝑗1), the hydrogen 
consumption by the fuel cell increases with increasing the load torque for both techniques. 
Both PSO and the DIOA achieve nearly identical objective function values (𝑂𝑏𝑗1) across 
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all load torques, with deviations typically less than 0.01%. To verify that these solutions 
are optimal, a direct voltage sweep was performed at 2 and 6.5 N·m. It showed a single 
minimum at each load, in agreement with the DIOA results.

  
(a) Hydrogen percentage saving with proposed method (b) Motor efficiency with classical and proposed methods 

Figure 14. System performance under varying load torques: (a) hydrogen percentage saving and 
(b) motor efficiency comparison.

Both algorithms use the same population size and number of iterations, i.e., the same 
number of objective-function evaluations (100 per run), so their computational cost is the 
same and is dominated by the Simulink simulation of each evaluation. In terms of solution 
quality, the DIOA and PSO give nearly identical objective values, and the reference voltages 
agree within about 1.1%. The largest voltage difference (6.0 N·m) changes the hydrogen 
consumption by only 0.004%, because the objective function is flat near its minimum.

After the optimal values of reference voltages for the boost converter controller are 
obtained based on 𝑂𝑏𝑗1 for load torques from 0.5 to 10 N.m, these optimal values are used 
as a reference value for the boost converter controller to track the output voltage of the 
boost converter for minimizing the hydrogen consumption.

The optimal voltage is a function of the load torque, which is not measured in practice. 
In steady state the electromagnetic torque (𝑇𝑒) equals the load torque (𝑇𝐿) and 𝑇𝑒 can 
be estimated from the measured stator voltages and currents; the estimated torque then 
addresses the optimal voltage lookup table. The influence of the estimation error on the 
hydrogen saving is not investigated in this paper.

5.3. Optimal PI Controller Tuning and Dynamic Response
The gains of the PI controller significantly influence the dynamic performance and 

voltage regulation capability of the boost converter. Therefore, both the DIOA and PSO are 
used to determine the optimal values of the PI controller gains (𝐾𝑝 and 𝐾𝑖). The optimization 
process aims to minimize the Integral Time Absolute Error for the difference between the 
actual output voltage of the DC–DC boost converter and its reference voltage, denoted as 
(𝐼𝑇𝐴𝐸𝑉𝑑𝑐). The objective function, (𝑂𝑏𝑗2), is formulated as given in Equation (37).

𝑂𝑏𝑗2 = 𝑚𝑖𝑛𝑖𝑚𝑖𝑧𝑒 (𝐼𝑇𝐴𝐸𝑉𝑑𝑐) (37)

The two optimization techniques are operated for three trials at every load torque, 
and the best solution with the lowest objective function is taken. The population size and 
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iteration number are 20 and 20, respectively, for the two optimization methods. Table 7 
depicts the comparison between the DIOA and PSO for (𝑂𝑏𝑗2). The comparison between 
the two optimization approaches is in terms of the values of the objective function and the 
optimal PI gains of the boost converter.

Table 7. Comparison between two optimization techniques for integral absolute error minimiza-
tion (𝑂𝑏𝑗2).

Obj2 Kp Ki 

PSO 96.6540974572087 0.000604570779424463 0.0247152924603185
DIOA 83.1219692544369 0.000696036533653436 0.0287569356768777

Figure 15 shows the convergence curves of the objective function (Obj2 ) for the DIOA 
and PSO over the trials performed. The dynamic responses of the boost converter output 
voltage with the two tuned PI controllers are presented in Figure 16. The best ITAE values 
obtained are 83.12 with the DIOA and 96.65 with PSO. Because only three trials were 
performed and the final values vary from trial to trial, this difference is not considered 
sufficient to rank the two algorithms. Both tuned controllers track the reference voltage 
with similar accuracy and speed.

Figure 15. The convergence curve of 𝑂𝑏𝑗2 with iterations for three trials: (a) PSO; (b) DIOA.

Figure 16. ITAE simulation results using the optimal PI controller gains obtained by DIOA and PSO.

The robustness and dynamic performance of the proposed system with the optimally 
tuned PI controller were assessed by applying a step increase in load torque from 0.5 N·m to 
the rated load torque of 10 N·m at a time of 5 s. The corresponding responses of hydrogen 
consumption, motor torque, and motor speed are illustrated in Figure 17a–d.
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Figure 17. Simulation results obtained using the optimal PI gains of the boost converter controller: 
(a) DC–DC converter output voltage, (b) fuel cell hydrogen consumption, (c) induction motor 
electromagnetic torque, and (d) induction motor speed.
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The results show that the system effectively accommodates the sudden load distur-
bance and restores steady-state operation within approximately 0.6 s. Following the load 
increase, the DC–DC converter output voltage continues to track the reference voltage 
effectively, while the hydrogen consumption rises from 0.706726 slpm to 18.499556 slpm. 
The transient peak reaches about 28.88 slpm with PSO tuning and 28.3 slpm with DIOA 
tuning. Simultaneously, the motor torque increases from 0.5 N·m to 10 N·m to satisfy the 
load demand, with a maximum transient value of approximately 11 N·m.

The motor speed decreases from approximately 1395 rpm to a new steady-state value 
of 1366 rpm after the load change (the synchronous speed is 1500 rpm) restores steady-
state operation within approximately 0.6 s; this time refers to the electrical response of the 
converter–motor system, since the gas-supply dynamics are not modeled (Section 2.1). The 
minimum speed attained during the transient period is approximately 1313 rpm for the 
PSO-based controller and 1320 rpm for the DIOA-based controller. These results confirm 
the ability of both optimization methods to maintain stable operation under severe load 
variations, and the two tuned controllers give comparable transient performance.

5.4. Performance Evaluation of the Neural Network Controller (NNC)
The dynamic response of the system employing the NNC was evaluated under the 

same step change in load torque from 0.5 N·m to 10 N·m applied at a time of 5 s. The 
corresponding results are presented in Figures 18 and 19. As shown in Figure 18a,b, the 
NNC provides a faster voltage response to the load disturbance compared with the optimally 
tuned PI controller. This improvement is reflected by a lower ITAE value of 63.59, indicating 
enhanced tracking performance and transient behavior.

 
(a) DC-DC converter output voltage with NNC 

 
(b) ITAE of DC-DC converter output voltage with NNC 

Figure 18. Simulation results of the DC–DC converter controlled by NNC: (a) output voltage and 
(b) ITAE.
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Figure 19. The simulation results based on the NNC for the boost converter controller: (a) hydrogen 
consumption; (b) induction motor electromagnetic torque; (c) induction motor speed.

As illustrated in Figure 19a–c, the NNC-based system reaches steady-state operation 
more rapidly than the PI-controlled system with small transient deviations. After the load 
step, the speed returns to its final value after 0.4 s with the DIOA-tuned PI controller, 0.5 s 
with the PSO-tuned PI controller (Figure 17d), and 0.2 s with the NNC (Figure 19c).

During the transient interval, the hydrogen consumption reaches a peak of approxi-
mately 26.74 slpm, while the motor torque and speed attain maximum and minimum values 
of about 10.6 N·m and 1334 rpm, respectively. These results indicate improved transient 
performance compared with the optimally tuned PI controller.
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6. Conclusions
The results indicate that adjusting the motor voltage via the DC–DC converter in 

accordance with load torque variations can reduce hydrogen consumption in a PEMFC-fed 
three-phase induction motor drive. The DIOA was applied to optimize both the converter 
reference voltage and the PI controller parameters. The voltage obtained using the DIOA 
showed a very close agreement with the PSO results, with a deviation of less than 1.1% 
and a difference in hydrogen consumption of less than 0.02%, and a direct voltage sweep at 
2 and 6.5 N·m confirmed the optimum.

Unlike a fixed reference of 537 V, the optimized voltage was adapted to the load, 
decreasing to 132.76 V at 0.5 N.m load torque (5% full load) and 258.78 V at 2 N.m (20% 
full load). This adaptive control led to hydrogen savings of 64.65% and 24.17%, respectively. 
As the load increased, the reference voltage gradually rose toward its rated value of 537 V, 
where the motor already operates near its maximum efficiency and the saving becomes 
negligible. The reduction in hydrogen consumption is mainly attributed to improved motor 
efficiency, particularly under light-load conditions, where efficiency increased from 30.9% 
to 75.7% at 0.5 N·m.

The dynamic performance of the proposed NNC was tested against the PSO and DIOA 
methods by introducing a step-load shift from 5% to full load. Under these conditions, 
the NNC provided the most stable response. It successfully restricted the speed drop 
to 1334.14 rpm within just 0.057 s and fully recovered to a steady state in about 0.2 s. In 
contrast, the PI controllers tuned by the DIOA and PSO showed larger deviations, allowing 
the speed to drop deeper to 1320 rpm and 1313 rpm, respectively. They also reacted slower, 
taking 0.084 and 0.089 s to reach their minimum speeds, and required much longer recovery 
times of 0.4 and 0.5 s to restabilize. Finally, the NNC provided better resource management, 
bringing the hydrogen consumption overshoot down to 26.74 slpm from an initial 28.88 
slpm.

These results prove that the neural approach is significantly faster and more robust at 
handling sudden system changes.

This study is based on simulation only. The model neglects the compressor and 
auxiliary power, the parasitic losses of the converters (ideal converters are assumed), and 
the gas-supply dynamics, pressure oscillations, and water transport of the PEMFC. The load 
torque is assumed to be known to the optimization. Experimental or hardware-in-the-loop 
validation, the robustness to motor and stack parameter variations, and the simultaneous 
optimization of voltage and frequency are left for future work.
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