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Abstract

The controller of the energy management system must be capable of meeting the rapid and
dynamic demands of fuel cell electric vehicles (FCEVs) without compromising its perfor-
mance and durability. The performance of FCEVs can be enhanced through powertrain
hybridization with battery and ultracapacitor systems. The overall dynamic optimization
of the energy between the batteries/ultracapacitors and the Proton Exchange Membrane
Fuel Cell (PEMFC) output can play an important role in hydrogen fuel economy and the
durability of vehicle systems. The present study investigates the system’s efficiency and
fuel consumption in European Drive Cycles when employing diverse energy management
strategies. This investigation utilizes a novel switch real-time strategy (SWA_RTO), which
is founded on an A-factor algorithm that alternates between the most effective Real Time
Optimization (RTO) strategies. The objective of this paper is to underscore the significance
of algorithmic optimization by presenting the optimal results obtained for the fuel economy
of the SWA_RTO strategy. These results are compared with the basic RTO strategy and
the static Feed-Forward (sFF) reference strategy. The load demand during driving cycles
is primarily determined by the PEMFC system. Minor discrepancies in power balance
are addressed by the hybrid battery and ultracapacitor system. Consequently, the lifes-
pan of the subject will increase, and the state of charge (SOC) will no longer be a factor
in monitoring.

Keywords: fuel cell system; hydrogen economy; real-time strategies; optimization algorithms;
energy efficiency

1. Introduction
1.1. Current Challenges and Research Gap in Existing Literature

Fuel cell hybrid electric vehicles (FCEVs) are regarded as one of the most effective
solutions for the medium- and long-term diversification of powertrain models within
an automotive company. The global economic context, the implementation of greening
policies, the Euro 7 pollution norm, and the application of the Corporate Average Fuel
Economy (CAFE) standard have prompted major automotive companies to allocate in-
creasing investments in Fuel Cell Electric Vehicles (FCEVs), in addition to hybrid, plug-in
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hybrid, and electric models. In order to address the aforementioned challenges, a significant
number of automobile manufacturers are prioritizing the implementation of advanced
control techniques. These techniques are designed to achieve two primary objectives: first,
to reduce fuel consumption [1,2], and second, to enhance overall energy efficiency and
system durability [3–5].

The powertrain of an FCHEV is designed from three energy sources: the Proton
Exchange Membrane Fuel Cell (PEMFC) as the primary energy source and the energy
storage system (ESS) consisting of lithium-ion batteries and ultracapacitors as the secondary
energy source. From the standpoint of electrochemistry, enhancing the reliability and
operating performance of Proton Exchange Membrane Fuel Cells (PEMFCs) stacks under
varying relative humidity (RH) conditions and current densities necessitates a strategic
trade-off between proton conductivity and mass transfer [6]. The employment of an
optimal content of 15% POSS (polyhedral oligomeric silsesquioxane) for the cathodic
catalyst layer has been demonstrated to yield superior performance, with a maximum
power density of approximately 970 mW/cm2 [7], but recent research [8] has shown
that the 1 W/cm2 threshold has been exceeded when using a mixture of polyvinylidene
fluoride (PVDF) and polyethylene terephthalate (PET) in bipolar plates that are reinforced
with electrically conductive materials, such as carbon black (CB), graphite (GR), carbon
fiber (CF) and multi-walled carbon nanotubes (MWCNTs). This approach has also been
shown to mitigate the side effects caused by increasing relative humidity (RH) from 50%
to 80% at high current density. With regard to system performance, the PEMFC (Proton
Exchange Membrane Fuel Cell) reliably generates net power in steady-state conditions [9].
However, it demonstrates a limited capacity to respond promptly to high load dynamics, a
deficiency attributable to the substantial values of the response time constants associated
with the power supply, mass transfer, and electrochemical phenomena. Integration of
innovative energy management systems incorporating genetic algorithms to optimize
decision-making during load transitions in a hybrid fuel cell and battery architecture
reduces the stress and increases the lifespan of these components [10]. In addition to
homologation and testing cycles such as the WLTP and NEDC [11,12], the Fully Analytical
Fuel Consumption Estimation (FACE) method has been extended to fuel cell hybrid electric
vehicles (FCHEVs). The aim is to reduce optimization to a single-level problem when
determining fuel economy [13]. Therefore, in order to satisfy the balance of power flows on
the DC bus, it is necessary to integrate energy storage systems in parallel.

The ESS-based hybrid topology has been demonstrated to enhance vehicle acceleration
in dynamic regimes, such as 80–120 km/h repeated cycles. In addition to its primary
function, this topology plays a crucial role in preserving regenerative energy during braking
and in the generator phase of the electric motor. Furthermore, they guarantee ideal energy
distribution on the DC bus, thereby enhancing the overall performance of the vehicle.
In [14], an energy management system for ESS based on Mamdani fuzzy algorithms
is proposed to improve the efficiency of the storage system and optimized using the
Dung Beetle Optimizer (DBO). Classifying and evaluating EMS strategies emphasizes
the importance of optimizing energy distribution to improve the overall efficiency and
performance of fuel cell vehicles [15]. Nevertheless, it remains a technical challenge to
ensure the efficiency and lifetime of the internal components in the PEMFC stack and
batteries [16–19].

The development of energy management strategies that facilitate extended ESS and
PEMFC system lifetimes to maximize overall FCHEV efficiency [20] is imperative in any
vehicle design. In recent years, a number of researchers have been working to improve
and optimize the energy management system through the use of multi-objective genetic
optimization algorithms that take into account variations in road gradient [21]. These
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researchers have demonstrated a 12% increase in PEMFC operation in battery swapping in
the New European Driving Cycle (NEDC) cycle. This increase aims to maintain the battery
state of charge and the hydrogen consumption in a narrow band. In [22], the authors put
forth a proposal for the incorporation of a Sea-Horse Optimization (SHO) algorithm. This
integration was intended to reduce computation time and enhance energy efficiency within
the system, with this objective being based on real-time data. The proposed integration was
further complemented by a self-supervised contrastive graphical neural network (CSGNN)
algorithm. The primary function of this algorithm was to predict vehicle autonomy. It
accomplished this by conducting an analysis of various factors, including driving behavior
and road conditions, among others.

To reduce the operating costs of an FCHEV, a new predictive EMS strategy that
takes into account the health status of the fuel cell (PHC: predictive health-conscious) was
proposed in [23]. This strategy integrates a multi-layer algorithm with a rule-based control
at the upper level to determine the fuel cell start-up phases, taking into account the state
of charge (SOC) of the battery and fuel cell (FC) degradation and also a real-time model
predictive control (MPC) model at the lower level to predict the optimal power required on
the DC bus between the two FC and battery systems in real time. This highlights the need
for combined cycle performance indicators (city and highway) for the fuel cell.

Furthermore, paper [24] reduces the overall operating costs of fuel cell hybrid electric
buses (FCHEBs) by 5.92%, using a predictive EMS (PEMS) with onboard energy systems
health management based on the twin delayed deep deterministic policy gradient algorithm
(TD3) to take into account future driving conditions and the number of passengers, as
opposed to a fixed number, as used in conventional EMS.

Hybridization with ESSs has been demonstrated to improve the performance of
FCHEVs, with increases of up to 8.43% in system efficiency [25]. This improvement is
attributed to the application of the Arithmetic Optimization Algorithm (AOA). Additionally,
an enhancement in fuel consumption has been observed through the implementation of
Multi-Objective Particle Swarm Optimization (MOPSO) strategies [26].

The impact of different energy management strategies [27] on autonomy and fuel
consumption was studied by applying various tests with a new real-time ‘switch’ strategy
(SWA_RTO). This strategy is based on an algorithm that calculates a factor A, which
switches between the best RTO strategies described in previous papers [28]. To improve
fuel economy, the results obtained using the SW strategy were compared with those
obtained using the basic sFF strategy [29], which uses the battery current to control the air
and fuel regulators, demonstrating improved fuel economy.

Also, to improve scalability and reduce the number of components in hybrid electric
systems, a series of GES_RTO strategies is defined and analyzed under variable load condi-
tions within the extra-urban European driving cycle. The aim is to reduce fuel consumption
and evaluate performance using indicators such as fuel consumption efficiency and fuel
cell electrical efficiency for variable load demand.

1.2. Research Objectives and Main Contributions

This paper aims to implement the best RTO strategies from the previous studies
and a novel SWA_RTO algorithm in a fuel economy evaluation procedure based on the
Extra Urban Driving Cycle (EUDC) to scale the FCHEV model with two fuel cell (FC)
systems of 30 kW and 100 kW, respectively, to demonstrate its adaptability to systems
with different levels of electric power generated by the hybrid propulsion system. This
implementation incorporates a detailed analysis of previous research, conducted through
sensitivity analysis, into reducing the hybrid power system to FC and ultracapacitors
only. This eliminates the battery system, thereby reducing the impact on the powertrain of
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both the hardware and the software. The insights and limitations on the applicability of
advanced control and optimization techniques based on Global Extremum Seeking (GES)
algorithms that are revealed through this analysis are of particular interest.

1.3. Structure of the Paper

The present paper is organized into six sections. The first section is devoted to system
optimization. The second section presents the hybrid drivetrain architecture. The third
section presents new SWA-RTO algorithms that reduce fuel consumption and increase
performance indicators, as well as a sensitivity analysis of the prospects and limitations
of advanced control techniques. The fourth section analyses the results of experiments on
PEMFC system scalability in powertrain applications. The fifth section discusses perspec-
tives, while the sixth section concludes the paper.

2. FC Hybrid Powertrain Architecture
The propulsion system under consideration incorporates a fuel cell system as the

primary system and an electrical energy storage system, consisting of batteries and ultraca-
pacitors, as the secondary system. The topology is coupled to a standard electric vehicle
concept, as illustrated in Figure 1.

Figure 1. Fuel cell hybrid power system architecture.

2.1. Powertrain 3DOF Vehicle Model

To ensure the most realistic modeling of a vehicle, an ideal mechanical rotational inertia
block was implemented in Matlab/Simulink R2025a (see Figure 2). This block utilizes
driveshaft angular velocities, torsional stiffness, and torsional damping to determine
mechanical torques. It also utilizes a longitudinal wheel block to simulate longitudinal
force behavior and rolling resistance, as well as brake type for a given driving cycle
or braking event. Tables 1 and 2 present the technical parameter values for the 3DOF
vehicle model.
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Figure 2. Fuel cell hybrid powertrain architecture.

Table 1. Vehicle and powertrain parameters used in 3DOF mathematical model [27].

Parameters Notation Value U.M.

Total mass of vehicle m 1500 [Kg]
Horizontal distance from center of gravity (CG) to front axle a 1.118 [m]

Horizontal distance from CG to rear axle b 1.512 [m]
CG height above axles h 0.5 [m]

Frontal air drag coefficient acting along vehicle-fixed x-axis Cd 0.25 -
Lateral air drag coefficient acting along vehicle-fixed z-axis Cl 0.1 -

Air drag pitch moment acting about vehicle-fixed y-axis Cpm 0.1 -
Frontal area A f 2.27 [m2]

Rolling resistance coefficient fr 0.1 -
Wheel radius rwh 0.327 [m]
Wheel inertia Jwh 0.8 [kg m2]

Environmental absolute pressure Pabs 101,325 [Pa]
Environmental air temperature T 273 [K]

Gravitational acceleration g 9.81 [m/s2]
Tilt angle α 0◦ -

Auxiliary power Paux 3000 [W]

Table 2. Longitudinal driver model parameters.

Configuration Type Value

Control Predictiv -
Gearbox Reverse, Neutral, Drive -

Driver response time - 0.12 [s]
Safety distance - 4 [m]

The driver model implements a parametric longitudinal speed tracking controller
to generate normalized acceleration and braking commands based on reference and
feedback speeds.

2.2. Fuel Cell and Battery/Ultracapacitor Hybrid Systems

The FCHEV comprises a PEMFC that serves as the primary energy source and an ESS
that functions as the secondary energy source.

The 60 kW, 280 V PEMFC system has been demonstrated to provide reliable steady-
state net power through a unidirectional boost converter. However, the system’s perfor-
mance is constrained by the inherent time response, which is characterized by a protracted
start-up time and a limited slope in response to instantaneous power demands [30]. There-
fore, the integration of the fuel cell (FC) with the energy storage system (ESS) will yield an
FCHEV architecture, which has been demonstrated to optimize the utilization of hybridized
technologies (see Figure 3).
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Figure 3. Fuel cell and battery/ultracapacitor hybrid systems.

The ESS topology comprises a 232 Ah, 212 V Li-ion battery system and a 38.5 F,
200 V ultracapacitor system. These systems are connected in parallel to the DC bus
via two bidirectional buck-boost DC/DC converters. The purpose of the converters is
to dynamically compensate for the power flow during transient regimes in the driving
cycles [31,32]. The voltage will be set to 400 volts on the direct current (DC) bus to ensure
compatibility with the system architecture.

2.3. Engine Control Unit (ECU) for Energy Management

The energy management and control strategy (Figure 4) was developed to minimize
fuel consumption and enhance overall system performance within a European Drive Cycle.
This strategy is intended to extend the ESS lifetime and optimize the overall efficiency of
the FCHEV [33–35].

The significance of fuel economy is evident in the present moment and will continue
to be so in the future, as technological and environmental changes result in an increasing
number of regulatory and safety standards [36]. Concurrently, the market for hybrid, elec-
tric vehicles (EVs), and fuel cell electric vehicles (FCEVs) is expanding, and manufacturers
are becoming increasingly competitive. The development of a new vehicle model entails
a substantial investment of time and resources, with research, development, and testing
often taking up to two years.

The efficacy of the systems that comprise the drivetrain architecture is determined
by performance indicators, which thereby ensure the competitiveness of the system. The
hydrogen-to-electricity conversion efficiency is indicative of an enhanced lifespan for
the proton exchange membrane and gas diffusion layers [37]. Through the integration
of ESS [38], which facilitates dynamic energy management across driving cycles, the
maintenance and diagnostics of the systems become more predictable [39]. This includes
the provision of indicators that monitor the fuel cell’s variable airflow, excess oxygen
ratio (OER), and the charge sustained (CS) mode of the battery and ultracapacitor
systems [40].
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Figure 4. Energy management and control strategy for FCHEV.

3. Algorithms for Reducing Fuel Consumption in FCHEVs
3.1. Switch Strategy Control, SW_RTO, in ECE-15, EUDC and NEDC Drive Cycles

As outlined in previous works [27,28], the performance of the SW_RTO switch-type
algorithm (see Figure 5) was evaluated and highlighted within the European driving cycles
ECE-15, EUDC, and NEDC. Consequently, a series of tests was conducted to underscore
the necessity of formulating a novel fuel consumption reduction strategy, namely the
SWA_RTO algorithm (see Figure 6).

In previous studies [27,41], sensitivity analysis was performed to determine the op-
timal weighting coefficients for the optimization function: f (x, AirFr, FuelFr, Pcar) =

Knet × PFCnet + K f uel × Fuele f f , where Pcar represents load power and AirFr and FuelFr
represent the air and fuel supply flows of the fuel cell, PFCnet represents the net power of
the fuel cell, Fueleff represents the fuel consumption efficiency (Fueleff = PFCnet/FuelFr), and
Knet and Kfuel represent two weighting coefficients that can be selected or adjusted based on
the Energy Management Unit (EMU)’s target setting, and the best values were achieved for
Kfuel = 20 & Knet = 0.5. The same analyses were made for the GES algorithm, where the best
value of the frequency that counts the maximum of the optimization function was achieved
for fGES1 = 500 Hz & fGES2 = 1000 Hz.

Good results were obtained for the RTO_1, RTO_2, and RTO_1/2 strategies using
Kfuel = 20, Knet = 0.5, fGES1 = 500 Hz, fGES2 = 1000 Hz, on all European cycles compared to
the sFF reference strategy, as shown in Table 3.
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Figure 5. SW_RTO algorithm diagram based on GES (Global Extremum Seeking).

Figure 6. SWA_RTO algorithm diagram, real-time, based on GES (Global Extremum Seeking).

Table 3. Fuel economy of RTO1, RTO2, SW_RTO_1/2, and sFF strategies in ECE-15, EUDC, and
NEDC drive cycles.

Cycle RTO_1 RTO_2 SW_RTO_1/2
Pref

∼= 20[kW]
sFF ∆Fuel [L/h]

ECE-15 2472.22 2461.11 2459.17 2467.77 −4.45 6.67 8.6

EUDC 1721.11 1741.11 1702.22 1753.33 32.22 12.22 51.11

NEDC 8686.67 8853.33 8714.44 8907.77 221.1 54.44 193.33
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3.2. New SWA_RTO Algorithm Based on GES Control (Global Extremum Seeking)

Following the positive results obtained in the European test cycles for the SW_RTO_1/2
strategy, the new SWA_RTO strategy was validated with the same parameters used to
search the optimum of the optimization function: Kfuel = 20, Knet = 0.5, fGES1 = 500 Hz,
fGES2 = 1000 Hz. Factor A was evaluated based on the ratio between reference power and
power of the vehicle (A = Pre f /Pcar), taking into account strategies RTO_1 and RTO_2
from the previous section. Vector A was represented in Figure 6 into 1-D lookup table
and determined in two stages: the first stage covered the entire power range of [0–60 kW]
(according to [28]), while the second stage covered the power range of [11–21 kW], which
was the optimal threshold of the SW_RTO_1/2 strategy (see Table 4). A detailed technical
analysis of the values highlighted in red was presented in paper [28].

Table 4. Determination of vector A for the SWA_RTO strategy: stage 2.

Pcar2[kW]
(SWA-RTO)

11 13 15 17 19 21 A

Case1 RTO1 RTO1 RTO2 RTO2 RTO1 RTO1 [20 10 5.45 4.62 0.2 0.176 3.16 2.86 0.125 0.1 0.083 0.071 0.0625 0.0555 0.05]
Case2 RTO1 RTO2 RTO2 RTO2 RTO1 RTO1 [20 10 5.45 0.23 0.2 0.176 3.16 2.86 0.125 0.1 0.083 0.071 0.0625 0.0555 0.05]
Case3 RTO1 RTO1 RTO2 RTO2 RTO2 RTO1 [20 10 5.45 4.62 0.2 0.176 0.158 2.86 0.125 0.1 0.083 0.071 0.0625 0.0555 0.05]
Case4 RTO1 RTO2 RTO2 RTO2 RTO2 RTO1 [20 10 5.45 0.23 0.2 0.176 0.158 2.86 0.125 0.1 0.083 0.071 0.0625 0.0555 0.05]
Case5 RTO1 RTO2 RTO1 RTO2 RTO1 RTO2 [20 10 5.45 0.23 4 0.176 3.16 0.143 0.125 0.1 0.083 0.071 0.0625 0.0555 0.05]
Case6 RTO2 RTO2 RTO1 RTO1 RTO2 RTO2 [20 10 0.27 0.23 4 3.53 0.158 0.143 0.125 0.1 0.083 0.071 0.0625 0.0555 0.05]
Case7 RTO2 RTO1 RTO1 RTO1 RTO2 RTO2 [20 10 0.27 4.62 4 3.53 0.158 0.143 0.125 0.1 0.083 0.071 0.0625 0.0555 0.05]
Case8 RTO2 RTO2 RTO1 RTO1 RTO1 RTO2 [20 10 0.27 0.23 4 3.53 3.16 0.143 0.125 0.1 0.083 0.071 0.0625 0.0555 0.05]
Case9 RTO2 RTO1 RTO1 RTO1 RTO1 RTO2 [20 10 0.27 4.62 4 3.53 3.16 0.143 0.125 0.1 0.083 0.071 0.0625 0.0555 0.05]
Case10 RTO2 RTO1 RTO2 RTO1 RTO2 RTO1 [20 10 0.27 4.62 0.2 3.53 0.158 2.86 0.125 0.1 0.083 0.071 0.0625 0.0555 0.05]

Consequently, the sensitivity analysis revealed that the SWA_RTO strategy achieved
superior fuel efficiency in Stage 2 testing (see Tables 4 and 5) compared with Stage 1 testing,
for a dynamic load in the 11–21 kW power range. The optimal threshold was obtained
at approximately Pref = 20 kW, with the GES algorithm optimally controlling the fuel cell
power regulators. The result of the aforementioned conditions was the operation of the
ESS in charge-sustaining (CS) mode. This ensured the maintenance of the advantages of
the previously mentioned basic strategies for the new switching strategy.

Table 5. Fuel economy for the SWA_RTO strategy, for the EUDC (t = 400 s), in Stage 2.

Case FuelT(sFF) [L/h] FuelT(SWA-RTO) [L/h] ∆Fuel [L/h]

Case1 1753.33 1700.00 53.33

Case2 1753.33 1700.00 53.33

Case3 1753.33 1700.00 53.33

Case4 1753.33 1701.11 52.22

Case5 1753.33 1701.11 52.22

Case6 1753.33 1700.00 53.33

Case7 1753.33 1701.11 52.22

Case8 1753.33 1701.11 52.22

Case9 1753.33 1700.00 53.33

Case10 1753.33 1700.00 53.33
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4. Experimental Results of the Real-Time Switching Algorithm Under
Extra European Drive Cycles
4.1. PEMFC System Scaling and SW_RTO Sensitivity Analysis Applied to the New Powertrain

This section undertakes a rigorous examination of the constraints and potentialities
inherent in the implementation of advanced control [42] and optimization techniques [43],
founded on GES algorithms, within the framework of EMS strategy (see Figure 4). These
strategies were meticulously implemented and rigorously tested in Section 3.

In order to evaluate the limitations of the energy management system, the power-
train was scaled and compared with two PEMFC systems with outputs of 30 kW and
100 kW, respectively.

The Matlab/Simulink MIL (model-in-the-loop) models underwent modifications to
assess vehicle performance and fuel economy within the EUDC driving cycle. This assess-
ment employed the RTO strategies outlined in Table 6, incorporating the novel parameters
of the 30 kW and 100 kW PEMFC stacks, as well as the unidirectional boost converters,
where IFC is the current of the PEM fuel cell, IGES1 and IGES2 are the currents determined
by the optimization loop based on the GES algorithm, and Ire f = Pcar(AV)/(ηFCboost VFC(AV))

is the FC current set by the LF (load-following) control for load tracking by the fuel cell
throughout the European test drive cycle.

Table 6. Setting the RTO (Real-Time Optimization) strategy and the sFF (Static Feed-Forward)
reference strategy for the hybrid fuel cell power system model.

RTO Strategies RTO_1 RTO_2 RTO_3 SW_RTO_1/2 sFF

Iref(Air) IFC IFC + IGES1 IFC + IGES2

{
IFC + IGES2, i f PDCreq ≤ Pre f
IFC, i f PDCreq > Pre f

IFC

Iref(Fuel) IFC + IGES1 IFC IFC + IGES1

{
IFC, i f PDCreq ≤ Pre f
IFC + IGES1, i f PDCreq > Pre f

IFC

Iref(Boost) Ire f Ire f Ire f Ire f Ire f

4.1.1. Scaling up the Energy Management System with a 30 kW PEM Fuel Cell

The experimental model was utilized to assess the performance of the system, which
was equipped with a similar drivetrain and EMS system. It was determined that only
adjustments to the RTO/SW_RTO algorithms and software calibration were necessary.

The 24 kW/80 V PEMFC system demonstrates the capacity to supply a load of up to
30 kW. The resultant nominal FC power was 24 kW, with supply flow, air flow (AirFr), and
fuel flow (FuelFr) values of 1335 L per minute (LPM) and 210.7 LPM, respectively. A new
unidirectional DC/DC boost converter model was also developed. The parameters of this
model are presented in Table 7.

Table 7. Parameters of the unidirectional boost DC/DC converter of the 30 kW PEMFC system.

Parameters Value Unit

Input voltage 60–110 [V]
Output voltage 400 [V]
Electrical inductance 102 × 10−5 [H]
Electrical capacity 197 × 10−5 [F]
Series resistor of capacitor 0.01 [Ohm]
Converter efficiency 97 [%]

Figure 7 shows that, within the EUDC and under load-following control (LFC), the
power profiles of Pcar, PFC, PBat and PUC are modified for all strategies (RTO_1, RTO_3
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and SW_RTO_1/2) with a load demand of 30 kW. Given that the maximum power of the
stack is also 30 kW, the battery system dynamically compensates for the power demand
during variable load times in order to complete the entire test cycle. As demonstrated in
Figure 1, the FC power exhibits a direct correlation with the load profile, ranging from 3 to
30 kW. The battery system dynamically adjusts to meet the power demand between 30 and
60 kW. The ESS is only active during acceleration, deceleration, and rapid braking, without
affecting the CS operating mode. The performance indicators are delineated in Figure 8.
The total fuel consumption of 30 kW PEMFC for strategy SW_RTO_1/2 and Pre f under the
EUDC (t = 400 s) is presented in Table 8. The fuel economy FuelT_sFF for the sFF strategy is
presented as a reference in the third column of Table 9.

Figure 7. Power profiles of Pveh., PFC, PBat, and PUC within an EUDC in a 30 kW fuel cell configuration.

Table 8. Total fuel consumption for strategy SW_RTO_1/2 and Pre f for the EUDC (t = 400 s) and
30 kW PEMFC.

Pref/FC=30 kW [kW] 5 10 15 20 25 30

FuelT(SW_RTO_1/2) [L/h] 7723 7714 9629 7902 8363 9131

Table 9. Fuel economy of RTO strategies compared to the sFF reference strategy for the EUDC
(t = 400 s) and 30 kW PEMFC.

Knet = 0.5; f_ GES1 = 500 Hz; f_GES2 = 1000 Hz

Kfuel FuelT_sFF [L/h] FuelT_RTO [L/h] ∆FuelT [L/h] Fueleff [W/lpm] ηsys [%]

RTO_1 37 8757 10,170 −1413 99.02 97

RTO_2 37 8757 8744 13 112.4 98.24

RTO_3 20; 37 8757 10,200 −1443 117.4 96.13

SW_RTO_1/2 20; 37 8757 7714 1043 105.9 96.74

The fuel economy criteria for the RTO strategies selected in Table 9 are not met within
the EUDC, in comparison to the sFF reference strategy. The RTO_2 and SW_RTO_1/2
strategies have been demonstrated to yield optimal outcomes. As demonstrated in the
tables, there is a higher ∆Fuel_T for the RTO_1 and RTO_3 strategies, as well as for the
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SW_RTO_1/2 strategy, for values Pref = 15 kW and 30 kW, respectively, in the range
Pref = [5 kW; 10 kW; 15 kW; 20 kW; 25 kW; 30 kW] with an upper switching threshold of
2.5 kW and a lower threshold of 1 kW, according to Tables 8 and 10. This underscores the
inherent limitations and constraints within the system model, both in the GES optimization
algorithm and in the processes of software adjustment and calibration. This would result
in a protracted implementation period and supplementary expenditures without ensuring
substantial fuel economy outcomes, which is a primary objective of this study. Figure 8
shows the performance indicator graphs.

Figure 8. Profiles of the performance indicators used (oxygen excess ratio (OER), fuel efficiency
(Fuel_eff ), energy efficiency (η_eff ), total fuel consumption (Fuel_T), and state of charge (SOC) of
batteries and ultracapacitors) in a 30 kW fuel cell configuration.

Table 10. Fuel economy for strategy SW_RTO_1/2 compared to reference strategy sFF for EUDC
(t = 400 s) and 30 kW PEMFC.

Pref [kW] 5 10 15 20 25 30

∆FuelT [L/h] 1034 1043 −872 855 394 −374

4.1.2. Scaling up the Energy Management System with a 100 kW PEM Fuel Cell

The study proceeded with the implementation of an 85.5 kW/300 V PEMFC system
capable of supplying loads of up to 100 kW. The experimental model was utilized to
assess the system’s performance, employing the same powertrain and EMS system. It
was determined that the only necessary adjustments were those to the RTO and SW_RTO
algorithms, as well as the software calibration.

The nominal FC power was determined to be 85.5 kW, with supply flow values of
1698 lpm for air flow rate (AirFr) and 374.8 lpm for fuel flow rate (FuelFr). The model was
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also supplemented with a new unidirectional DC/DC boost converter. An exposition of
the system parameters is provided in Table 11.

Table 11. Parameters of the unidirectional boost DC/DC converter of the 100 kW PEMFC system.

Parameters Value Unit

Input voltage 280 [V]
Output voltage 400 [V]
Electrical inductance 233 × 10−5 [H]
Electrical capacity 120 × 10−5 [F]
Series resistor of capacitor 0.01 [Ohm]
Converter efficiency 97 [%]

Figure 9 shows the strategy with the optimal reference economy (SW_RTO_1/2) within
the EUDC extra-urban cycle, alongside the power profiles of Pcar, PFC, PBat and PUC. It
can be seen that FC power closely follows the load profile within the cycle. The ESS
only intervenes during acceleration, deceleration, and rapid braking, demonstrating the
CS mode (PESS(AV)

∼= 0). Figure 10 shows the performance indicator graphs and total
fuel consumption.

Figure 9. Power profiles of Pveh., PFC, PBat, and PUC within an EUDC in a 100 kW fuel cell configuration.

Total fuel consumption for strategy SW_RTO_1/2 and P_ref for the EUDC (t = 400 s)
and 100 kW PEMFC is presented in Table 12. The fuel economy of RTO strategies compared
to the sFF reference strategy for the EUDC (t = 400 s) and 100 kW PEMFC is presented in
Table 13. The fuel economy FuelT(SW_RTO_1/2) is shown in Table 14.

Table 12. Total fuel consumption for strategy SW_RTO_1/2 and P_ref for the EUDC (t = 400 s) and
100 kW PEMFC.

Pref/FC=100 kW [kW] 11 21 31 41 51 61 71 81 91

FuelT(SW_RTO_1/2) [L/h] - 4238 4132 - 3991 3970 3977 3975 3970
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Figure 10. Profiles of performance indicators used, total fuel consumption, and state of charge (SOC)
of batteries and ultracapacitors, in a 100 kW fuel cell configuration.

Table 13. Fuel economy of RTO strategies compared to the sFF reference strategy for the EUDC
(t = 400 s) and 100 kW PEMFC.

Knet = 0.5; f_GES1 = 500 Hz; f_GES2 = 1000 Hz

Kfuel FuelT_sFF [L/h] FuelT_RTO [L/h] ∆FuelT [L/h] Fueleff [W/lpm] ηsys [%]

RTO_1 37 4002 4612 −610 67.2 95.14

RTO_2 37 4002 3984 18 82.7 94.41

RTO_3 20; 37 4002 4614 −612 66.39 94.84

SW_RTO_1/2 20; 37 4002 3970 32 82.62 94.06

Table 14. Fuel economy for strategy SW_RTO_1/2 compared to reference strategy sFF for EUDC
(t = 400 s) and 100 kW PEMFC.

Pref [kW] 11 21 31 41 51 61 71 81 91

∆FuelT [L/h] - −236 −130 - 11 32 25 27 32

The fuel economy criteria for the RTO strategies selected in Table 13 are not met
within the EUDC, compared to the sFF reference strategy. The best results are presented
by the RTO_2 and SW_RTO_1/2 strategies. It can be seen that both the RTO_1 and RTO_3
strategies have a higher ∆Fuel_T, as well as for the SW_RTO_1/2 strategy, for values
of Pre f = 21 kW and 31 kW, respectively. At the same time, the MIL model did not
compute correctly for input values of Pre f = 11 kW and 41 kW, respectively, in the range
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Pre f = [11 kW; 21 kW; 31 kW; 41 kW; 51 kW; 61 kW; 71 kW; 81 kW; 91 kW] with upper
and lower switching thresholds of 2.5 kW and 1 kW, according to Tables 12 and 14.

The aforementioned aspects illustrate that the system model exhibits limitations with
regard to the integration of propulsion systems with disparate PEM fuel cell power levels.
Additionally, the model demonstrates constraints at the level of the GES optimization
algorithm, as well as software adjustment and calibration.

It can be concluded that the fuel economy for a dynamic load across the 3–60 kW
range highlights the potential of the SW_RTO_1/2 switching strategy for use in other
applications with different PEMFC stack power values. The switching algorithm utilizes
the optimal GES_RTO strategy, whereby power levels for the air and fuel regulators are
adjusted throughout the entire driving cycle. This adjustment is made with the objective of
maximizing fuel economy.

The sensitivity analysis revealed that the optimal threshold should be maintained for
both 30 kW and 100 kW fuel cell systems around the nominal value for a variable load over
power ranges. Nonetheless, the model exhibited a number of limitations and constraints at
both the optimization algorithm (GES) and software adjustment and calibration levels, as
substantiated by the data presented in previous subsections.

4.2. Analysis and Limitation of PEMFC System Scalability in Powertrain Applications

In Section 4.1, the scalability of two PEMFC systems was analyzed: one with a power
output of 30 kW and the other with a power output of 100 kW. The sensitivity analysis indi-
cated that fuel economy was optimized at the nominal operating power of each new FC sys-
tem. This value was found to be approximately 60% of nominal power (Pre f

∼= 60% × Pnom)
for the SW_RTO_1/2 strategy.

This raised the question of whether the SW_RTO and SWA_RTO algorithms still need
to be integrated at the software level to search for the maximum optimization function over
the entire load range, or whether they can be limited to 60% × Pnom from a system point
of view.

To validate these uncertainties, a series of simulations was performed using the MIL
model described in this paper. The results of the aforementioned simulations are displayed
in Table 15.

Table 15. Fuel economy for strategy SW_RTO_1/2 compared to reference strategy sFF.

EUDC PEMFC
30 kW

PEMFC
60 kW

PEMFC
100 kW

sFF
30 kW/60 kW/100 kW

∆FuelT
[L/h]

SW_RTO_1/2
Pref

∼= 10/20/60[kW]
7714 1702 3970 8757 1753 4002 1043 51 32

SW_RTO_1/2
Pref

∼= 60% × Pnom
7849 1701 4050 8757 1753 4002 908 52 −48

It can be seen that, for each nominal power value and for each PEMFC system (30 kW,
60 kW, and 100 kW), ∆Fuel_T is positive, except for the 100 kW fuel cell stack, when
Pre f

∼= 60% × Pnom. This indicates an algorithmic limitation when the reference power is
limited to 60% through calibration.

At the same time, we observe a limitation in the adaptability of the GES algorithm
for the same tuning parameters in the case of a reference power of 60% × Pnom. However,
comparing the results in Table 15 with those in Tables 3 and 5 reveals that the new SWA_RTO
algorithm achieves the best fuel economy value (∆Fuel_T: 53.33 L/h) for the 60 kW PEMFC.

In summary, the real-time switching strategy outlined in this paper has been shown
to enhance the fuel economy of the PEMFC system and extend the lifetime of the energy
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storage system (ESS) throughout the entire EUDC. The future of this field lies in the
development of novel solutions that enhance the existing algorithm by integrating it with
machine learning-based algorithms. This approach would guarantee reduced development
and implementation times without the necessity of diversity, and at a minimal cost, thereby
fulfilling the primary objectives of this study.

5. Discussion and Perspectives
The significance of fuel economy has been thoroughly examined and substantiated in

preceding sections. The performance of the hybrid propulsion system in the FCHEV has
been enhanced through the implementation of novel energy management strategies and a
novel SWA-RTO interval switching algorithm. The determination of factor A is achieved
through the calculation of the total power demand on the DC bus (P car) and the optimally
set reference threshold power (Pre f ).

The efficiency of the powertrain’s architecture is determined by performance indicators.
The conversion efficiency of hydrogen into electricity has been demonstrated to enhance
the longevity of the proton exchange membrane and gas diffusion layers [44–46]. The
integration of ESSs with hybrid vehicles ensures dynamic compensation within driving
cycles through energy management. This integration also enables predictive maintenance
and diagnosis of the systems. This encompasses the provision of indicators that facilitate
the monitoring of the oxygen excess ratio (OER) of the variable air flow of the fuel cell [47]
and the charging sustained mode of the battery and ultracapacitor systems.

Given that the ESS operated in CS mode in all the aforementioned cases, it was decided
to reduce the ESS to ultracapacitors only [48], thereby eliminating the battery system. This
reduction in weight, amounting to 350 kg, led to a decrease in the complexity of inter-
system integration, both in terms of hardware and software. Furthermore, it resulted in
a minimization of powertrain costs by approximately EUR 9000 [49]. As illustrated in
Figure 11, this new high-voltage architecture is characterized by a specific topology. This
configuration is based on a 100 kW fuel cell with a Pref of 61 kW, which is the optimal
threshold value discussed in the paper, in conjunction with a 200 V, 38.5 F ultracapacitor.
The calibration parameters that are currently in place within the MIL model are to be
maintained in their current state.

Figure 11. PEMFC and ultracapacitor powertrain high voltage architecture.

As illustrated in Figure 12, the model exhibited no evident issues during operation. The
ultracapacitor (UC) exhibited a consumption within the range of [−1; 1] kW, while the fuel
cell (FC) power exhibited a close alignment with the entire load profile throughout the cycle,
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a feat facilitated by the LFC technique. The ultracapacitor system exhibited functionality
exclusively during instances of acceleration/deceleration, instances of rapid braking, or
periods of increased or decreased load demand. The consequence of this phenomenon was
the injection of excess power into the DC bus when the FC current level was obtained with a
delay. The results of the aforementioned simulations are displayed in Table 16.

Figure 12. Power profiles of Pveh., PFC, PBat, and PUC within an EUDC in a 100 kW
PEMFC + UC configuration.

Table 16. Fuel economy of SW_RTO_1/2 strategies compared to the sFF reference strategy for the
EUDC (t = 400 s) and 100 kW PEMFC + UC configuration.

Knet = 0.5; GES1 = 500 Hz; GES2 = 1000 Hz

PEMFC 100 kW Kfuel FuelT_sFF [L/h] FuelT_RTO [L/h] ∆FuelT [L/h] Fueleff [W/lpm] ηsys [%]

SW_RTO_1/2 20; 37 4001 3985 16 82.7 94

To facilitate comparison, the fuel consumption data for the architecture of an FCHEV
with a 60 kW PEMFC + 48 kW ESS configuration (see Tables 3 and 5) was calculated in
kg/100 km (based on Figure 13) and compared with the actual values for an FCEV (Toyota
Mirai with a FC of 114 kW). As stated in [50], the combined fuel consumption of the vehicle
is reported to be between 0.76 and 0.89 kg of hydrogen per 100 km. Furthermore, the
estimated driving range of the vehicle, as determined by the Worldwide Harmonized Light
Vehicle Test Procedure (WLTP), is reported to be up to 650 km when the tank is filled
to capacity.

Figure 13. Stack-condition flows conversion from LPM to Liter/h and from LPM to
Kg/100 km over the entire EUDC for control strategies sFF, SW_RTO_1/2, and SWA_RTO for
PEMFC + ESS configuration.
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The consumption on the EUDC with a PEMFC + ESS configuration is reported as an
average of 0.45 kg/100 km (see Figure 14). At speeds exceeding 60 km/h, the vehicle’s
fuel consumption ranges from 0.56 to 1.09 kg/100 km, which is comparable to the fuel
consumption of the FC commercial vehicle.

Figure 14. Comparison of fuel consumption in Kg/100 km for control strategies sFF, SW_RTO_1/2,
and SWA_RTO for PEMFC + ESS configuration.

Utilizing a tank with a hydrogen capacity of approximately 5 kg, the FCHEV is
capable of covering a distance of approximately 1100 km in accordance with the EUDC
consumption. At velocities ranging from 80 to 120 km per hour, the vehicle’s average
fuel consumption is recorded as 0.825 kg per 100 km. This translates to a range of up to
600 km when the tank is filled to capacity with hydrogen. The findings indicate that the
SWA_RTO strategy exhibited enhanced consumption in comparison to the reference sFF
(Static Feed-Forward) strategy, with real consumption observed despite the EUDC being
less severe than the WLTP cycle for commercial vehicles. The objective of this study is to
validate the algorithm and integrate it into commercial vehicles.

6. Conclusions
The present study developed and tested a series of real-time strategies based on a

global maximum search algorithm (GES) for an optimization function. The objective of this
study was to minimize fuel consumption and enhance the longevity of PEMFCs and ESSs
in a fuel cell hybrid electric vehicle (FCHEV).

As demonstrated in Section 4, the analysis indicates that the optimal threshold is
sustained at approximately the nominal value for a variable load over power intervals for
PEM fuel cell systems with 30 kW and 100 kW. However, it should be noted that the model
exhibits certain limitations and constraints at the level of the GES optimization algorithm,
as well as at the level of software adjustment and calibration.

Section 5 also underscored the notion that the comprehensive HV architecture can be
distilled into the PEMFC + UC configuration exclusively. This approach has the potential
to reduce expenditures related to production, hardware, and software implementation.
A quantitative analysis was conducted to assess the consumption of the subject vehicle
in kilograms per 100 km. This evaluation was then compared with the consumption of a
commercial vehicle, specifically the Toyota Mirai, to provide a quantitative basis for the
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analysis. The results were highly favorable, resulting in a model that was deemed ready
for the subsequent phase of inter-system validation.

The enhancement of the prevailing SWA_RTO strategy, founded on the GES algorithm,
through the integration of machine learning-based algorithms, will guarantee its execution
on any category of hybrid fuel cell vehicle.
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AirFr Air Flow Rate
AOA Arithmetic Optimization Algorithm
CAFE Corporate Average Fuel Economy
CG Center of Gravity
CS Charge Sustaining
ECU Engine Control Unit
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ESS Energy Storage System
EUDC Extra Urban Driving Cycle
FC Fuel Cell
FCEV Fuel Cell Electric Vehicle
FuelFr Fuel Flow Rate
GES Global Extremum Seeking
LFC Load-Following Control
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UC Ultracapacitor
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FACE Fully Analytical Fuel Consumption Estimation
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