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This study introduces an advanced nonlinear optimization-based energy management system (EMS) specifically
designed for modular Proton Exchange Membrane Water Electrolyzers (PEMWE) under fluctuating solar energy
conditions. To optimize system efficiency, reduce degradation, and maintain balanced stack operation, the Rotary
Power Allocation Strategy (RPAS) employs a dynamic power distribution method that allocates power among
multiple stacks based on current demand. A validated electrochemical model calibrated through laboratory ex-
periments and genetic algorithm optimization serves as the foundation for the analysis. Benchmarking in this
study has demonstrated the superiority of the proposed strategy to established EMS methods, such as rule-based,
fuzzy logic, composite optimization, and decentralized multi-agent scheduling. In terms of system efficiency, it
has been demonstrated that there is an increase of 63 % in system efficiency, a greater hydrogen yield exceeding
4200 kg per year, and a considerable reduction in stack voltage degradation. The strategy effectively addresses
key limitations associated with conventional EMS approaches, ensuring consistent and equitable stack usage, thus
providing a robust, scalable solution for renewable energy-driven hydrogen production.
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1. Introduction

Energy management is crucial to minimizing energy consumption
in all sectors, as illustrated in Fig. 1, to reduce expenditures, improve
efficiency, and reduce environmental impact. Its applications span a va-
riety of industries, such as manufacturing, data centers, and Renewable
Energy Sources (RESs), and it involves implementing energy-saving
measures and monitoring energy in real-time [1]. In numerous scenarios,
including Heating, Ventilation, and Air Conditioning (HVAC) control in
commercial buildings [2], manufacturing production efficiency [3], and
data center electrical usage monitoring, Energy Management Systems
(EMS) optimize operations, enhance sustainability, and save costs. For
greater power efficiency, data centers, for instance, use sophisticated
server management and cooling systems [4].

In addition to facilitating RES integration, EMS ensures consistent
energy distribution while resolving intermittency issues. By combining
Hydrogen Production (HyPro) with the availability of renewable energy,
EMS optimizes the production, storage, and distribution of hydrogen
[5]. When coupled with fuel cell systems, EMS-enabled smart grids can
improve grid efficiency by dynamically adjusting load to reduce trans-
mission losses and enhance the integration of renewable energy. For
example, modifications to wind turbines and optimized solar panels can
improve grid efficiency further when coordinated with fuel cell systems
[6]. Day-ahead scheduling and scenario clustering are innovative strate-
gies that boost energy utilization and improve the economic viability of
HyPro systems. For example, in [7] the authors introduced a multi-state
transition electrolyzer model integrated with energy storage to clearly
demonstrate these benefits. While EMS oversees hydrogen fueling sta-
tions to satisfy the needs of fuel-cell vehicles, electrolyzers dynamically
modify operations for sustainability and cost-effectiveness. In a com-
parable way, authors of [8] enhance energy efficiency and lower costs
in renewable-rich settings by using demand response mechanisms in
microgrids.

According to recent research, EMS has improved the efficiency,
longevity, and grid stability of electrolyzers in hydrogen systems during
HyPro operations [9]. To support its function as a scalable renewable en-
ergy vector, EMS also tackles issues with hydrogen transportation and
storage [10].

PEMWE technology has advanced recently due to its compatibil-
ity with intermittent Renewable Energy Resources (RESs) such as solar
and wind. PEMWE is a flexible, zero-emission energy storage system
that solves intermittency problems and improves grid stability by ef-
fectively converting surplus renewable energy into hydrogen with rapid
response times [11]. Market research indicates that the PEMWE industry
will develop rapidly as governments and businesses embrace hydrogen
as a crucial component of the energy revolution [12]. Europe, Japan,
South Korea, and the Middle East are making significant investments in
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Fig. 1. Utilizations of EMS.
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hydrogen initiatives, highlighting the relevance of PEMWE in integrat-
ing RESs to achieve carbon neutrality [13]. Membrane, catalyst, and
system design technological advancements have lowered PEMWE costs,
increasing its economic feasibility and competition with conventional
techniques. The development of efficient electrocatalysts and robust
ion exchange membranes is essential if performance is to be improved
and operating costs to be reduced [14]. Because modular PEMWE sys-
tems are flexible and scalable, they can be adapted to integrate with
local renewable projects and respond dynamically to changing energy
sources [15]. Modularity increases hydrogen generation efficiency while
meeting industrial automation standards.

For scalable, high-capacity electrolysis systems, [16] stress the shift
from monolithic to modular designs, while authors of [17] emphasize
the use of modern materials and machine learning for their selection in
order to increase the durability and efficiency of electrolyzers. Authors
in [18] highlight how High-Temperature Electrolysis (HTE) devices
show commercial feasibility. To optimize alkaline electrolysis stacks
in variable renewable conditions, authors of [19] provide quantitative
model that considers interrelated factors (electrode size, position and
number), which increase performance by more than 6 %. They have
done it by decreasing the bubble coverage effect and shunt current effect.

From single-module configurations for places that are limited to scal-
able modules that guarantee continuity under variable energy supplies,
PEMWE systems are made to be operationally flexible. These systems
support a low-carbon economy by adjusting to the availability of re-
newable energy. It is still difficult to successfully integrate RESs because
of high upfront costs and the requirement for efficient EMSs.

To maximize PEMWE energy utilization, effective energy manage-
ment is critical, directly impacting both capital expenditures (CAPEX)
and operational expenditures (OPEX) of modular systems. A modular
system consists of a number of subsystems, including cooling, gas sepa-
ration, power supply, and water treatment (see Fig. 2). PEMWE stacks
account for approximately 70-85 % of total energy consumption, fol-
lowed by gas handling at 10-15 %, and cooling systems consuming
around 4-10 % as illustrated in Fig. 3. As a result, an optimized EMS
can greatly enhance efficiency and cost-effectiveness by minimizing
unnecessary cycling of subsystems and extending stack lifecycle [20].

Strategies for integrating wind energy with hydrogen generation are
highlighted in [15,21]. The design and operation of PEMWE and alka-
line electrolyzers optimized in [22] using a multi-scale, multi-period
mixed-integer linear programming method to maximize economic vi-
ability. The model enhances HyPro through cost-effective supply chain
solutions by integrating strategic (plant locations, capacities) and op-
erational (process scheduling, raw material flows) decisions, while also
accounting for uncertainties (feedstock availability, hydrogen demand,
etc.). Chandrasekar examines wind curtailment for PEMWE and Solid
Oxide Electrolysis Cells (SOEC), highlighting the efficiency disparity be-
tween low- and high-temperature electrolyzers under fluctuating power.
Authors of [23] use MATLAB/Simulink to study grid stability with
wind-to-hydrogen systems to achieve reliable frequency stabilization.

Using genetic algorithms for solar-powered hydrogen synthesis, au-
thors in [24] suggest incorporating Parabolic Trough Collector (PTC)
and thermoelectric generators to enhance the efficiency and hydrogen
yield of the system. While the work in [25] evaluates direct PV-
electrolyzer connections for solar energy conversion in Iran, authors in
[26] study PV-electrolyzer systems, highlighting efficiency fluctuations
with environmental changes.

Authors of [27] develop a finite-state machine-based EMS for a solar-
powered hydrogen unit, achieving 73 % electrolyzer efficiency and
reliable operation. In their optimization of DC microgrids combining
PEMWE, and in [28] place an intense focus on energy storage and the
efficiency of hydrogen production.

Modular designs for operational flexibility are among the advance-
ments in PEMWE scalability. Authors of [29] improve energy efficiency
with interleaved DC-DC converters, while in [30] use neural networks
to optimize geothermal hydrogen systems. Layered power scheduling is
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employed in [31] to minimize expenses and deterioration in PEMWE
systems.

Grid flexibility is improved by attempts to integrate PEMWE with
Virtual Power Plants (VPPs) and smart grids. PV-PEMWE systems have
been improved in [32] using Particle Swarm Optimization (PSO), in-
creasing efficiency in the presence of deterioration and shade.

Degradation in PEM water electrolyzers remains a critical challenge
that directly impacts system longevity, efficiency, and operational costs.
Under dynamic operation and high current density, voltage degradation
is caused by numerous intertwined mechanisms, such as catalyst dis-
solution, membrane thinning, and PTL degradation. Empirical studies
have reported voltage degradation rates ranging from a few micro-
volts per hour under steady-state conditions to tens of microvolts per
hour in dynamic cycling, particularly in renewable energy-driven sys-
tems [33]. In particular, authors of [34] demonstrated that thermal
cycling exacerbates the degradation of membrane performance, while
in [35] identified significant fluoride emissions at elevated tempera-
tures, indicating membrane degradation as the dominant failure mode.
In addition, authors of [36] have demonstrated the impact of fluctu-
ating power input on PTL oxidation and membrane stress, concluding
that transient operations result in higher degradation rates than con-
tinuous ones. To address these challenges, researchers have developed
degradation models ranging from empirical voltage-loss predictions
to physics-based and machine-learning-enhanced approaches. Authors
of [37] demonstrate that there is a trade-off between catalyst load-
ing and degradation rate, demonstrating that lower Ir loadings, while
cost-effective, can have a detrimental effect on performance. Similarly,
authors of [38] conducted comprehensive diagnostics on material age-
ing, correlating membrane thinning with increased ohmic resistance and

catalyst degradation with rising overpotential. The findings support the
need for energy management strategies that mitigate degradation using
load balancing, controlled ramp rates, and material innovations, which
would ensure a lengthy electrolyzer lifetime suitable for large-scale
hydrogen production.

The literature highlights several gaps concerning the optimization of
EMS for modular PEMWE systems under fluctuating renewable energy
inputs, specifically regarding efficiency optimization [33,34,36,39],
degradation mitigation, and adaptive operational management [17].
Existing rule-based energy management methods often lead to inef-
ficiencies [40], uneven stack utilization, and accelerated component
degradation [22,30], particularly in situations when input conditions
are extremely changeable [41]. Authors of [42,43] extensively reviewed
modeling approaches focusing on control-oriented methodologies for
realistic simulations and energy management applications. Similarly,
in [44,45], authors offered important insights into dynamic modeling,
experimental validation, and practical implementation issues, partic-
ularly highlighting degradation induced by power converter current
ripple. Furthermore, in [4,46], authors examined system-level oper-
ational strategies for PEMWE systems with intermittent renewables,
addressing integration challenges. Thus, a solid foundation was estab-
lished for the understanding of how electrolyzer dynamics interact with
renewable energy variability.

Focusing more specifically on modular multi-stack configurations,
recent research has explored various strategies to optimize energy
management and power allocation among PEMWE stacks. Because of
persistent low load conditions, common strategies, such as equal current
distribution, have been criticized for causing suboptimal operation and
accelerated degradation [47]. Sequential allocation methods, on the
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other hand, achieve higher efficiency but risk uneven stack degrada-
tion due to concentrated utilization [48]. By utilizing advanced adaptive
strategies, such as those demonstrated in [49], power allocation can
be dynamically adjusted in response to real-time performance metrics,
improving efficiency by approximately 5-10 % from traditional ap-
proaches. A number of heuristic frameworks have been proposed in
[50,51], along with optimization-based frameworks [52-54]. Several
approaches have been presented to balance hydrogen production effi-
ciency with degradation mitigation by balancing rotational loads and
careful planning of operations.

Over the past five years the community has moved decisively be-
yond simple linear or sequential loading rules toward mathematically
and data-driven energy-management schemes for multi-stack PEMWE.
Centralized optimizers now dominate the state of the art: Mixed-Integer
Linear Programs (MILP) schedule stack on/off states on an hourly basis
while respecting cold and hot-start penalties and electricity-price signals
[55]; rolling-horizon MPC formulations extend this concept to minute-
level dispatch, continuously updating set-points as renewable forecasts
change [56]. Parallel efforts embed explicit degradation terms-e.g.,
membrane-voltage rise per coulomb passed—directly into the objective so
that power is steered toward stacks operating on the optimal-efficiency
frontier while cumulative wear is minimized [52]. In contrast, several
groups pursue lightweight but still adaptive heuristics: segment-start or
First-In-First-Out rotation rules cut daily start-stop cycles by >40 % rel-
ative to fixed-priority control [57,58], whereas segmented fuzzy-logic
allocators smooth the transition between partial-load and full-load re-
gions and deliver 3-5 % higher specific hydrogen yield [53]. Finally,
multi-agent architectures based on the module-type-package standard
distribute the optimization burden among stack-level agents that negoti-
ate power split via Alternating Direction Method of Multipliers (ADMM),
achieving almost the same cost optimum as a MILP while offering
superior fault tolerance and plug-and-play scalability [59]. Together,
these studies establish a clear trajectory from rule-based control to-
ward optimization- and agent-based strategies that explicitly balance
efficiency, degradation and flexibility.

However, existing approaches remain limited despite these advance-
ments. Most studies rely heavily on simplified or heuristic degradation
models. Consequently, this simplification reduces the predictive accu-
racy and practical applicability of current management strategies [53,
60]. However, in our study, various operational modes are considered
to illustrate the variation in degradation by adopting literature-based
models specifically developed for degradation analysis. Several adaptive
and optimization-based strategies present computational challenges or
are highly predictive, which makes their real-time implementation in
practical industrial environments difficult. Using constrained nonlinear
optimization techniques, this paper presents a novel, practically feasi-
ble Rotary Power Allocation Strategy (RPAS). The proposed approach
dynamically balances power distribution to simultaneously enhance op-
erational efficiency, effectively mitigate degradation, and extend stack
lifespan, thereby distinctly advancing the state-of-the-art in modular
PEMWE energy management.

As a result, the paper consists of the following sections: Section 2
provides a detailed model of the PEMWE. The test bench used for model
validation is described in Section 2.2. The two case studies of energy
management strategy are presented in Section 2.3. The suggested EMS
framework and optimization strategy are presented in Section 3. In
Section 4, comprehensive results, analyses and comparisons between
the developed EMS and traditional rule-based strategies are presented,
demonstrating significant improvements in hydrogen yield, efficiency,
and reduced degradation rates. The conclusion is provided in Section 5.

2. PEMWE modeling and case studies
2.1. Electrochemical cell model

PEMWE cells use electrical energy to split water into hydrogen and
oxygen. A PEMWE system’s hierarchical structure, from setup to the
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molecular scale, is depicted in detail in Fig. 4. Initially, the diagram
illustrates the system configuration, highlighting the power sources and
control mechanisms, and demonstrating the modularity of the elec-
trolyzer. In a cross-section, key components such as anode and cathode
catalysts, membranes, porous transport layers (PTLs), flow channels and
bipolar plates (BPPs) are visible. The figure demonstrates the proton
transfer within the membrane by illustrating the movement of protons
(H™), hydrogen (H,), oxygen (0O,), and water (H,0) molecules, thereby
explaining how hydrogen is produced through electrochemical reactions
and electrical flow.

Three essential processes provide a concise description of the elec-
trolysis of water in PEMWE cells. In reaction given in (1a) liquid H,O
is electrolyzed, resulting in the formation of O, gas, H* in aqueous so-
lution, and electrons (e™). In (1b) these H* and e~ recombine at the
cathode to produce H, gas. These steps are combined to demonstrate
the net conversion of liquid water into equal molar amounts of hydro-
gen and oxygen gases in the whole process, which is summed up in (1c)
[61].

2H,0 — Oy +4H* +4¢” (1a)
4H* +4e” — 2H, (1b)
2H,0 — O, +2H, 1c)

The efficiency and performance of a PEMWE depend significantly on
the cell voltage (V,,;,), which is a combination of the reversible voltage
and various overpotential losses. The cell voltage is expressed by

I/cell = I/r'ev + Ua + Ua + Uc (2)

where V,,, represents the minimum voltage required under ideal condi-
tions to split water into hydrogen and oxygen. This voltage is derived
from thermodynamic principles, specifically Gibbs free energy, and can
be expressed by

Py, PY3
RT Hy, "0,

View = Vieps + 5= XIn| ——= 3
rev rev,s 2F ayzo

where the standard reversible voltage V,,,, , is a temperature-dependent
parameter, essential for electrochemical calculations and is expressed as
follows

-3
Vyens = 1.229 = 0.9 X (T - 298) x 10 @
where T is temperature in Kelvin, R the universal gas constant R =

8.314J/mol and F the Faraday constant (F = 96,485 C/mol). The par-
tial pressures of hydrogen and oxygen is expressed by Py, and Pp,,
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Table 1

Test bench specifications.
Parameters Specifications BOP Specifications
Model QLC-1000 Temperature 5-35°C
Number of cells N 4 Water/hydrogen pressure 101.325 Pa/4.905 kPa
Operational current range 0-36 A Power supply 0-100V, 0-100 A
Active area 50 cm? Control mechanism PC-controlled power supply
Operational voltage range DC12-15V Data acquisition myDAQ/Extech thermometer

Hydrogen production rate 1000 ml/min

H, flow control

Omega FH

respectively. The activity of water ay, ¢ is typically assumed to be 1 in
liquid-phase electrochemical calculations.

Activation overpotential U, arises due to the energy barrier that
must be overcome for electrochemical reactions to occur at the electrode
surfaces, particularly the hydrogen evolution and oxygen evolution re-
actions. Using the well known Butler-Volmer equation, the activation
overpotential U, can be expressed by

i
RT sinh™! <—,j )
a;z 20y ;

F

where j refers to anode or cathode side which the U, will be their sum,
a; represents the fraction of the voltage that drives the electrochemical
reaction. The number of electrons transferred z is typically 2 for water
electrolysis, indicating the participation of electrons in the reaction. The
current density at electrode i; reflects the current per unit area at the
electrode surface, while the exchange current density i ; is a measure of
reaction kinetics at equilibrium, indicating the rate of electron transfer
without any net electrolysis. At low current densities, where reaction
kinetics play a more significant role, activation overpotentials are one
of the major contributors to cell voltage.

Ohmic losses U, occur due to resistance to ion flow through the
electrolyte and other cell components. A direct cause of these losses is
the electrical resistance present in the PEMWE, including the proton-
conducting membrane and the conductive materials used. The Ohmic
losses can be expressed by

)

a,j

U,=1xQ, (6)
where I is the current through the cell, Q,, is the equivalent resistance
of the cell, which can be further broken down into the main resistances
which are membrane Q,, and electrodes Q resistance. It is also com-
mon for researchers to consider multiple layers (PTL, CL and...) of ohmic
resistance separately or to disregard some of them, but when a model
is fitted automatically, most of the resistance will be considered. The
equivalent resistance of the cell Q,, can be expressed as follows
Q,, =Qy +Qp )
The Q,, depends on its thickness and conductivity, which in turn are
functions of water content and temperature. The membrane resistance
can be expressed as:

Quy =

5 ®

where 6 is the thickness of the membrane and O is the membrane con-
ductivity, which is a function of water content 1 and temperature and is
expressed by

Based on (9), it is shown that as the moisture content or temperature
of the membrane increases, the membrane conductivity will improve,
resulting in a reduction in ohmic losses.

Concentration overpotential U, occurs when there is a difference be-
tween the concentration of reactants at the electrode surface and their

1 1

O = (0.0051394 — 0.00326)exp (1268 x (E - ©)
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Fig. 5. Setup of the PEMWE test bench: instrumentation and control system
configuration.

concentrations in the bulk solution. This overpotential is particularly
significant at higher current densities, where the supply of reactants
becomes diffusion limited. The U, can be calculated by

(7=)

where i, is the limiting current and determined by the diffusion capa-
bilities of the system. This equation highlights how the overpotential
increases as the operating current approaches the diffusion-limited
current [62].

i

ij—i

U=Eln

¢ zF ao

2.2. Test bench and model validation

An experimental test bench designed for PEMWE systems was used
to validate this model, which is based on a benchmark developed by the
team in previous research studies [63]. The test bench specifications are
given in Table 1. The test bench facilitates accurate measurement of cur-
rent, voltage, and gas flow rates, managed through National Instruments
interfaced with LabVIEW, as shown in Fig. 5. The aluminum foil used as
a current collector has a thickness ranging between 8-25 pm, aligning
with common practices in PEM electrolyzer configurations. In accor-
dance with typical values reported for such materials, the gas diffusion
layer (GDL) consists of carbon cloth woven into a weave that has an un-
compressed porosity of approximately 80-85 %. The system can produce
hydrogen at a rate of 1000 ml/min and oxygen at a rate of 500 ml/min.
As shown in Table 1, the QLC-1000 PEMWE system features four cells,
each with an active area of 50 cm?, operating within a current range of
0-36 A and a voltage range of DC 12-15 V.

The chosen model was tuned using experimental data from the test
bench, employing a Genetic Algorithm (GA) to adjust the parameters,
thus minimizing the error between the calculated and experimental po-
larization curves [63]. This GA-based tuning ensures that the model ac-
curately reflects real-world performance, with the optimized parameters
detailed in Table 2.

The polarization curve, illustrated in Fig. 6, represents the relation-
ship between cell voltage and PEMFC current density. It serves as a
crucial tool for assessing electrolyzer efficiency and performance across
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Table 2

PEMWE single-cell model parameters.
Parameters Amount Unit
Universal gas constant (R) 8.314 J/(mol K)
Faraday’s constant (F) 96,485 C/mol
Water activity ay, o 1 N/A
Exchange current density (i) le™3 A/m?
Limiting current density (i;) 1.75 A/m?
Temperature (T') Variable K
Pressure (P) 1.5 atm
Hydrogen pressure (Py; ) 1 atm
Oxygen pressure (O,) ' 1 atm
Charge transfer coefficient (a) 1.54 N/A
Thickness of the membrane (9) 285 um
Electrolyte conductivity (0) 1 S/m
Membrane humidification (1) 57 N/A
Ohmic resistance (Q,,) 0.163 Ohms
Ohmic resistance (Q) 0.054 Ohms
Stoichiometric coefficient (z) 2 N/A

2.8

Voltage (V)
N N N
N N B »

R
[e<]

O Experimental Data|
Model

-
»

0 0.2 0.4 0.6 0.8
Current Density (A/cm?)

Fig. 6. PEMWE cell polarization curve.

various operational regions-highlighting activation losses at low current
densities, ohmic losses at intermediate levels, and concentration losses
at high densities. The experimental data for this curve are derived from
measurements taken on the test bench, where the red curve indicates
the tuned model and black curve represents the experimental data. It
has been validated that the model fits well and is reliable for use in
future calculations.

2.3. Case studies

This research investigates the performance and efficiency of a modu-
lar PEMWE under fluctuating solar inputs in Quebec, Canada. Two case
studies are considered:

+ 1st case study: a 20 kW photovoltaic (PV) solar system located in
Trois-Rivieres was used as a renewable energy source to simulate
real-world conditions. The PEMWE system consists of four modu-
lar 5 kW stacks. Data from PVWatts®version 8.4.0 [64] provided an
estimations of solar power availability throughout a year, thus allow-
ing a comprehensive evaluation of the EMS in balancing efficiency,
degradation, and power allocation across stacks.

2nd case study: is conducted using historical hourly generation data
from the 80 MW Saddlebrook Solar facility, located in the South
Planning Area of Alberta. This data, sourced from the Alberta Electric
System Operator (AESO) [65], served as the input for simulating a
scaled-up 80 kW PEMWE system composed of sixteen 5 kW stacks.

Applied Energy 394 (2025) 126124

The main objective of these case studies is to validate a constrained
nonlinear optimization approach and RPAS under realistic, variable
operational scenarios.

Fig. 7 illustrates the standardized DC input power profile, for both
case studies. Table 3 summarizes key technical specifications and per-
formance metrics of the utilized PV system for the 1st case study. It is
possible to evaluate the proposed EMS in terms of maintaining high op-
erational efficiency and minimizing degradation under fluctuating solar
input conditions thanks to these standardized gains.

The validated single-stack (0.5 kW) PEMWE model from the test
bench is adapted for application in these case studies by scaling its pa-
rameters and operational characteristics to match the modular 5 kW
stacks utilized. Adjustments include increasing the number of cells, ac-
tive area, and operating current range to align with stack specifications.
Using this method, it is possible to simulate stack performance under
variable solar input conditions, thus bridging the gap between experi-
mental validation and practical application. Building on the cell model
described the relationship between a single cell and a single stack in
the PEMWE is illustrated in (11). As shown in Table 4, the parameters
for the 5 kW PEMWE discussed in this study were derived from both
simulation results and parameters of existing commercial systems.

I,=ixA, (11a)
Vi=N XV (11b)
P, =1IxV, (110)

The rate of HyPro based on Faraday’s law can be described as follows

_ NIRT

= IR 12
2F Py, (12)

I,
where, f, 1, is the HyPro flow rate in m3/s, Py, denotes the partial
pressure of hydrogen, expressed in atm [62].

3. Methodology, parameters and energy management
3.1. Efficiency

The voltage efficiency #, of a PEMWE, representing membrane and
heat losses, is calculated by assessing the cell voltage and it is determined

by

Vh
Ny = —V’ x 100 13)

cell

where V,;, = 1.48 V is the thermoneutral voltage [44].

The overall energy efficiency of the PEMWE system, denoted as 7, is
calculated by multiplying the individual efficiencies, as shown in (14a).
This includes the voltage efficiency 5, and Faraday efficiency 5y, which
accounts for losses due to gas diffusion. Although it is typically con-
sidered to be 1 [66], especially at standard operating pressures, it can
be calculated using (14b) [67]. Additionally, Balance of Plant (BoP) ef-
ficiency npop, which accounts for subsystems such as water and heat
management, is assumed to range between 80 % and 100 % in literature
[68,69]. In this study #pop is 90 %.

(14a)
(14b)

Ny =Ny X NF XNpop
np = (—0.0034P — 0.001711)i "' +1
Fig. 8 illustrates the total efficiency of the PEMWE system. As

power increases, the overall efficiency reaches a peak before gradually
declining due to increasing losses in the system.

3.2. Utilization factor

The utilization factor (U F) serves as a critical measure in efficient
operation of a PEMWE stack, as it provides a clear indicator of how
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Table 3
PV system specifications, location and station identification: 1st
case study.

Category Specifications

Trois-Rivieres
Lat, Lng: 46.35, —72.58 (0.7 mi)

Requested location
Weather data source

Latitude 46.35° N

Longitude 72.58° W

DC system size 20 kW

Module type Standard (Polycrystalline)
Array type Fixed

System losses 14.08 %

Array tilt 66.5°

Array azimuth 185° (South-West)
Inverter efficiency 96 %

DC capacity factor 13.5%

Table 4

Characteristics and parameters of the PEMWE stack.
Names Parameters Value Unit
Rated power P, 5 kw
Operating voltage Vv, 15-28 A
Operating current I 1-179 A
Cells number N 10 N/A
Active area A, 248 cm?
Operating pressure P 196 kPa
Temperature T 320 K

effectively the electrolyzer uses its capacity relative to its maximum po-
tential of each stack. This evaluation helps in identifying operational
efficiencies and areas for improvement. The stack utilization factor U F,
of a PEMWE is calculated as follows

IY VY
UF,= —%_ x100 (15)
Imax Vmax

where I; and V, are the in-use capacity and is the total power of the
system and I, and V,,, represent the nominal current and voltage
respectively, determined by the polarization curve. UF; is expressed in
percentage and reflects the system’s power utilization efficiency. Fig. 9
illustrates a detailed analysis of the utilization factor for the PEMWE
stack, demonstrating its performance across varying voltage, current,

and power.

70¢
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w
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Fig. 8. Total efficiency vs. power curve of a PEMWE system.

3.3. Rotary power allocation strategy

Linear power allocation is a conventional, rule-based approach in
modular PEMWE systems. Stack 1 is allocated power sequentially, and
subsequent stacks are allocated power only when the previous stack
reaches its maximum power capacity, as illustrated in Fig. 10 [70]. This
often leads to uneven degradation and suboptimal system longevity. To
address this, a Rotary Power Allocation Strategy (RPAS) is introduced,
which dynamically distributes power across stacks in a cyclical manner.

RPAS dynamically distributes power among multiple stacks or mod-
ules, aiming to optimize operational efficiency and equipment longevity.
RPAS, unlike linear allocation, avoids continuous stress on any single
module by rotating power distribution systematically, which is more
effective than linear allocation. By using this approach, degradation
is significantly reduced, and overall system efficiency is enhanced,
particularly when renewable energy inputs are variable.

RPAS primarily serves as a complementary strategy to the ex-
isting optimization system, ensuring correct activation and deactiva-
tion of stacks rather than introducing additional complexity to power
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allocation. It ensures the equitable use of all stacks and functions more
as an insurance mechanism. Consequently, it improves system durabil-
ity through a balanced load distribution, increases overall efficiency
through optimization of stack usage, increases adaptability to fluctua-
tions in power availability, and reduces maintenance frequency, which
contributes to an increased system scalability.

3.4. Degradation and operational modes

The dynamic operation of a PEMWE stack is a significant factor
driving component degradation, particularly affecting membranes, and
catalysts. Membrane electrode assemblies (MEAs) are susceptible to
chemical degradation mechanisms under dynamic operating conditions
[71]. In particular, these phenomena are more pronounced during start-
stop cycles and high-power operations in which fluctuations in voltage
and current density lead to the degradation of in-situ layers that lead
to increased voltage losses and reduced efficiency of the system. Key
degradation processes include catalyst dissolution, membrane thinning,
and ionomer degradation [72].

This degradation compromises operational efficiency by increasing
the operating voltage of the PEMWE stacks as shown in Fig. 11. This
degradation is quantified by analyzing voltage degradation rates to mon-
itor the wear and ageing of the PEMWE components. Based on reports
in the literature, the most significant degradation in PEMWE systems
typically occurs during start-stop cycles, high-rated operations, and se-
vere fluctuations. For example, high constant input power and frequent
start-stop cycles accelerate the voltage degradation rate. This study as-
sumes that the stack is fed smoothly and steadily, so only normal phase,
stop-start and rated power operations are considered. Several studies,
including [73], have thoroughly investigated these phenomena. Table 5
summarizes the average degradation observed in different operational
modes in the literature, such as rated power [35], normal operation [67],
and start-stop cycles which is an estimation based on existing data and
the test bench operational conditions [74].

Table 5
Average degradation rates in PEMWE cell.

Operational mode Average voltage degradation rate

Rated power
Normal
Start-stop cycling

196 (uV/h)
35.5 (uV/h)
60 (uV/cycle)

The progression of voltage increase due to degradation is illustrated
in Fig. 11, which correlates increasing cell voltage with decreasing over-
all PEMWE efficiency. As the cell components wear down, the voltage
required to maintain operation increases, thereby reducing the system’s
energy efficiency over time.

Understanding and quantifying the impacts of operational modes on
PEMWE degradation are critical for extending the lifespan and optimiz-
ing the performance of these systems. The aggregate voltage degradation
V, in a PEMWE stack, factoring in each operational mode’s contribution
over time is expressed as follows

Vy =N (8Vg X1tz + 68V, X1, + Vssc Xngsc) 1e)

where 6§V denotes voltage degradation during rated power operation,
while 6V, refers to the same parameter in constant normal operation and
parameter t stands for the time that each mode remains active in hours.
The term 6V indicates each start-stop cycle, and ng g represents the
total number of such cycles experienced. N is the number of cells in the
stack.

In a multi-stack system, each stack may experience a different
operating schedule and therefore incur different degradation

D, =N (5VR X184 6V, x 19 + Vg 5c X nggc) a7
where 15;), and tff) are the time stack (s) spends at rated and nor-

()

mal conditions. n osC

undergoes.

is the number of start-stop cycles that stack (s)
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Fig. 11. Analysis of the effect of degradation on: (a) stack voltage (b) total efficiency of stack.

Fig. 11 illustrates three specific scenarios: in scenario 1, the 5 kW
stack is subjected to a single start-stop cycle daily and operates in nor-
mal mode for 3000 h. Scenario 2 involves the same stack operating at
rated power 70 % of the time, with one start-stop cycle daily included.
Finally, scenario 3 entails continuous normal operation of the stack with
start-stop cycles occurring every 6 h. These scenarios provide a com-
prehensive view of the stack’s performance under different operational
regimes.

3.5. Energy management strategy

The proposed EMS is based on a dynamic rotational strategy to op-
timize the allocation of power across multiple stacks, aiming to balance
efficiency, degradation, and utilization effectively. There are priorities
and weights for management in the following form:

1. Maximizing total efficiency: The power is distributed among
stacks based on the highest efficiency at each moment, ensuring
that stacks operate within their optimal efficiency range.

2. Minimizing degradation: Degradation is managed by minimiz-
ing rated power operation and start-stop cycles and distributing
operational hours equally across stacks to avoid overloading any
single unit.

3. Balancing stack usage: A rotational strategy ensures that all
stacks are used evenly. This prevents the overuse of certain stacks
while others remain underutilized, which can lead to uneven
degradation.

4. Adhering to UF constraints: Stacks are only turned on when
the available power is sufficient to meet the minimum U F thresh-
olds, preventing unnecessary energy losses and degradation. Based
on these objectives the optimization problem is formulated in
(18) to maximize the efficiency while minimizing degradation and
balancing stack utilization.

t:

T S S S
=yy <nS(P,,S)><P,,S -4 Y D, —AZZ(HS—I_{)2> 18)
=0 s=1 s=1 s=1

where P, ; is the power allocated to stack s at time #, #1,(P, ;) stands
for the efficiency of stack s based on the allocated power and
D, represents the degradation of stack s. Degradation penalty co-
efficient 4, controls the weight given to the degradation term
in the objective function. The total operational hours of stack
s is H,, and H is the average operational hours across stacks.
Balancing utilization penalty coefficient 4, ensures that the op-
erational hours are balanced between the stacks. It penalizes
situations where some stacks are overused compared to others. To
provide operational flexibility across various use cases, the weight

coefficients in (18) are designed to be adjustable. The degrada-
tion penalty coefficient A, enables control over how strongly the
optimizer penalizes degradation-heavy operations, while the uti-
lization balancing weight 4, encourages uniform stack usage to
prevent premature failure. These weights can be modified de-
pending on external priorities such as minimizing maintenance,
maximizing immediate hydrogen output, or adapting to electricity
pricing dynamics. Tunability in the EMS allows it to operate in a
variety of scenarios, including variable renewable energy supplies,
differing load profiles, or specific economic constraints, achieving
the optimal balance between performance and system health.

Several constraints are included in the model to ensure optimal

performance, safety, and longevity of the system:

Stack capacity constraint: each stack has a fixed maximum capac-
ity (P,.) of 5 kW. The power allocation to each stack must not
exceed this limit to prevent overloading and potential damage, this
constraint is defined as follows

if P, <P

t,s — 7 max

than con, =1 (19)

Power allocation dynamics constraint: ensures that the power al-
located does not exceed the available power (P,,,,) from input power
(Pr,_v < Preal)'

if P, <P,, than con, =1 (20)

ts = P

UF constraints: a stack is only turned on if the allocated power as
a percentage of its capacity is at least 20 %. This constraint ensures
energy efficiency by avoiding operations under minimal load, which
can be inefficient and lead to increased wear.

P

if UF,, < than conp =1 = turning on stack
mﬁx (21)
. Ls .
if UF,,, < —— than con = 1 = keeping a stack on
of f P Forr ping

where UF,, =0.2 and UF,;, = 0.15.
Stack rotation strategy constraint: rotate operational duties
among stacks to even out wear and tear, governed by (H, — H) and
operational thresholds.

H < H = turning on stack if ~ con, = con
H, > H = keeping a stack on if con Fopy =

=conp =1

—_—

H, > H = turning off stack if con. # 1 or con, # 1 or
conp # 1 or cong, . #1

(22)
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Fig. 12. Solution to the objective function.

These constraints are implemented using conditional logic within a loop
over time and stack in the MATLAB code. Decisions to turn stacks on or
off are based on the current power allocation relative to stack capacity
and operational history, adjusting dynamically to changes in available
power and operational needs. The actual efficiency and degradation
computations adjust for current operating conditions using predefined
mathematical formulas, ensuring the system operates within the defined
constraints to optimize performance and longevity. This comprehensive
approach integrates both operational and sustainability considerations,
crucial for maintaining system efficiency and extending the service life
of the PEMWE stacks.

3.5.1. Solving the objective function

Due to the inherent complexity and nonlinear characteristics of the
system’s operational parameters, nonlinear programming is chosen as
the approach for solving the objective function for PEMWE system opti-
mization. There are several nonlinear terms integrated into the objective
function, including efficiency calculations, which entail exponential and
logarithmic functions, particularly for modeling the activation, concen-
tration, and ohmic overpotentials within the stack’s electrochemical
behavior. These overpotentials depend on the current density, itself a
function of the power allocated to each stack, thus introducing non-
linearity. Furthermore, constraints like the minimum UF threshold
introduce conditional behavior that linear programming cannot ac-
commodate efficiently. In addition, nonlinear programming provides
a robust and precise tool for maximizing operational efficiency while
balancing degradation and ensuring equitable utilization across mul-
tiple stacks by incorporating these complex relationships and varying
constraints into the optimization process.

10
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The rationale for choosing nonlinear optimization over alterna-
tive techniques, such as linear programming or heuristic approaches,
stems from the inherent complexities and accuracy requirements of
the PEMWE system. Although linear programming is computationally
simple, it is not capable of reproducing the nonlinear electrochemical
relationships and operational dynamics involved, which could result in
suboptimal or unrealistic solutions [75]. Meanwhile, heuristic methods,
although often flexible, do not reliably ensure convergence to globally
optimal solutions and typically lack theoretical optimality guarantees.
Contrary to linear optimization, nonlinear optimization adheres to opti-
mality criteria, in particular, the Karush-Kuhn-Tucker (KKT) conditions,
which define the criteria for optimality [75].

At the optimal solution, the KKT conditions are satisfied via Lagrange
Multipliers (LM), ensuring the solution’s validity under the given con-
straints. As part of MATLAB’s fmincon solver, the objective function and
constraints are integrated into a Lagrangian function. It is then iter-
atively adjusted until convergence criteria (defined by gradient-based
tolerances) are well achieved [76,77]. Consequently, solutions derived
from this method are mathematically rigorous, reproducible, and robust.

A numerical method (e.g., finite difference approximations) is gener-
ally used to estimate the gradients of the nonlinear objective as well as
the constraints within the solver. Additionally, line search or trust-region
strategies regulate the step size, ensuring the solver maintains stability
and robustness over the entire optimization horizon [78]. By integrating
these numerical techniques, the nonlinear optimization solver navigates
the complex landscape of constraints and nonlinear objective functions
inherent to energy management in modular PEMWES, particularly under
fluctuating solar energy inputs.

This combined approach-encompassing nonlinear modeling, appro-
priate constraints, and rigorous numerical methods-is especially well-
suited to addressing the dynamic and multi-dimensional challenges of
modular PEMWE energy management. The entire solution process is il-
lustrated in Fig. 12, showing how input data, constraints, and solver
steps connect to find the optimal operating point for each stack.

4. Results

To evaluate the Proposed Strategy (PS), four selected state-
of-the-art benchmark strategies covering a comprehensive range
of current energy management paradigms (see Table 6). In [52]
Efficiency-Degradation Composite Optimization (COMP) represents the
forefront of optimization-based methods, employing a non-linear and
mixed-integer formulation to simultaneously maximize instantaneous
efficiency and minimize electrochemical ageing. In [79] a Segmented
Fuzzy-Logic Allocator exemplifies modern heuristic methods, using a
rule-based fuzzy control approach to dynamically adjust stack oper-
ations in real-time with minimal computational complexity. In [59]
Decentralized Multi-Agent Scheduling (MAS) demonstrates the latest ad-
vances in distributed, agent-based scheduling, enabling modular stacks
to independently optimize their performance through iterative negotia-
tion and consensus algorithms. Finally, the Threshold-Based Rule (RB)
EMS described by Fang and Liang [57] provides a conventional in-
dustrial benchmark, utilizing straightforward hysteresis-based logic to
maintain each stack within efficient utilization bands, thereby minimiz-
ing frequent switching and wear. Collectively, these strategies span cen-
tral optimization, adaptive heuristic control, distributed coordination,
and traditional rule-based control, providing a balanced, transparent,
and practically relevant basis for benchmarking RPAS using one-year
solar dataset.

In the following, PS, COMP, Fuzzy, MAS and RB notations are used to
designate the Proposed Strategy, Composite Optimization, Fuzzy logic,
Multi-Agent Scheduling and Rule Based methods, respectively.

The efficiency curve in Fig. 13 illustrates the operational efficiency
of the PEMWE system for the 1st case study over the observed 8760 h
simulation period. This efficiency measurement integrates voltage effi-
ciency, Faraday efficiency, and BoP efficiency, as detailed in Section 3.1.



A. Makhsoos, M. Kandidayeni, M. Ait Ziane et al.

Table 6

Benchmark EMS strategies.
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D

Strategy and reference

Control philosophy

MATLAB implementation summary

Relevance to benchmarking objectives

COMP

Fuzzy

MAS

Efficiency-degradation
composite optimization [52]

Segmented fuzzy-logic
allocator [79]

Decentralized multi-agent
scheduling (MAS + MTP)
[59]
Threshold-based rule EMS
[57]

Non-linear/MILP optimizer balancing instan-
taneous stack efficiency and ageing cost via
a composite objective.

Fuzzy rule-based dispatch: five power-
mismatch sets dictate number of active
stacks and their partial loads.

Each stack is an agent solving a local

LP; agents negotiate via ADMM to reach
globally optimal power allocation.
Conventional on/off control with hystere-
sis: stacks switch on above an upper UF
threshold and off below a lower.

Hourly solar profile as load; implement
weighted objective and constraints with
fmincon/intlinprog

Use MATLAB fuzzy logic toolbox; adapt
membership functions and rule base from
100-stack case to 4-stack.

Model four agents in MATLAB; they it-
eratively solve subproblems and update
consensus on forecast power.

Simple if-else logic using UF,,,/UF,,,
thresholds across four stacks in a sequential
loop.

Captures the latest co-optimization trend,
directly addressing efficiency vs. longevity
trade-offs.

Exemplifies intelligent, ultrafast heuristics
with minimal CPU load and reduced stack
cycling.

Demonstrates scalable, modular coordina-
tion suited to large-scale PEMWE farms and
enhanced fault tolerance

Serves as the industrial baseline, illustrating
classic rule-based operation and minimal
algorithmic complexity.

[}
w

=N

H "\N‘ “MHM M‘

i H\h

‘Mt I \m |

©

a o a 9O O O
@ o

System Efficiency (%)

S

TN

i

(9]
(&2}
o

1 000 2000 3000 4000

5000 6000 7000 8000 9000

Time (hours)

Fig. 13. System efficiency over time for PEMWE: case study 1.

20

15

ALK

1000

ol

0 2000 3000 4000

Power per stack (kW)
N
o

10

LAllAA
1000

il

3000

L1 el ‘ Wil

0 2000 4000
Time (h

A KAl

5000

L ..I_M,_.‘Ji_‘uj\, A m‘.._n JALHEAD O

)5000

mStack 1
mStack 2

Stack 3
-Stack 4

Al h\ ’ I
7000

i

6000 8000 9000 | : ‘

ikl

7000

S Fimimimim i m

6000

Fig. 14. Input power allocation to each stack for (a) simple rule-based EMS (b) developed EMS: 1st case study.

The efficiency generally remains consistently above 57 %, with occa-
sional peaks approaching 63 %, reflecting effective EMS. The minor
fluctuations depicted in the graph are attributed to variations in so-
lar energy inputs, demonstrating the adaptive capability and robustness
of the developed EMS. This performance highlights the success of the
proposed EMS in maintaining optimal efficiency despite intermittent
renewable energy supply, thereby significantly mitigating potential ef-
ficiency losses associated with fluctuating operational conditions and
enhancing overall system resilience and longevity.

The comparison of input power allocation between RB and PS ap-
proaches is depicted in Fig. 14, offers a revealing insight into the

11

efficiency and effectiveness of advanced power distribution strategies.
Graphs show the allocation of power for four stacks within a PEMWE
system over 8760 h.

In the simple RB strategy, power distribution is somewhat uniform
but prone to sudden spikes and drops as shown in Fig. 14(a). Each stack
receives power in a fixed sequence, regardless of its current efficiency
or state of degradation. Despite the simplicity of this approach, it may
result in inefficiencies. For example, power may continue flowing to
an almost full stack, leading to increased wear and inefficiencies be-
cause of overloading. However, the PS (see Fig. 14(b)) uses an adaptive
and dynamic power allocation technique which enhances the overall
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Fig. 16. Total annual hydrogen yield: (a) 1st case study and (b) 2nd case study.

performance of the system as well as maintains the overall health of
each stack while improving the overall operating efficiency.

The modular PEMWE system efficiency with the PS has increased
compared to linear power allocation. Specifically, simulations show that
the proposed EMS achieves an average efficiency of about 62 %, ap-
proximately 5-6 % higher than that observed with the simple approach.
It minimizes energy loss and lowers the chance of stack deterioration
by allocating power based on real-time data and stack performance.
Specifically, by avoiding prolonged high-power operation in any sin-
gle stack. A regular wear and tear rate is maintained by distributing the
current evenly throughout all stacks, which is essential for the system’s
lifetime and dependability. The designed EMS optimizes the response
of the system to varying power inputs by adapting to shifting stack
performance levels as well as power availability conditions.

For 1st case study, a heatmap showing the power distribution over
8760 h across four stacks based on the proposed EMS method is shown
in Fig. 15. The stack index is indicated on the y-axis, while hours are
displayed on the horizontal axis. Each stack can be classified according
to its power allocation by its color intensity, which ranges from yel-
low, indicating full capacity, to dark blue, which represents no power
allocation.

As shown in Fig. 15, the PS is flexible and dynamic. The EMS modifies
power distribution based on stack efficiency and performance in real-
time, as opposed to the RB method system that distributes power in a
predetermined order. As indicated by the heatmap, a balanced power al-
location rotation will guarantee that no stack ever becomes overloaded.
This strategy promotes uniform degradation, enhances system reliabil-
ity, and maintains higher operational efficiency by evenly distributing
the load over the system’s operational lifetime. The adaptive allocation is
evident from the varying intensities, demonstrating how the EMS reacts
to fluctuating input power and stack conditions.

Fig. 16 presents a comparative analysis of total hydrogen produc-
tion across five different EMS implemented for both 1st and 2nd case
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Fig. 17. Per-stack total HyPro by strategy for the 1st case study.

studies. Fig. 16(a) illustrates the hydrogen yield for the 1st case study for
each EMS over a specific representative operational period, emphasizing
performance variations in a short-term or scenario-based context. The
proposed EMS demonstrates the highest hydrogen production, followed
by MAS, COMP, Fuzzy, and RB approaches. Fig. 16(b) shows the cumu-
lative hydrogen production over a complete annual simulation for the
2nd case study. The developed EMS again outperforms other strategies,
producing more than 4200 kg of hydrogen annually. The MAS strategy
follows closely, while COMP, Fuzzy, and RB methods yield slightly lower
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outputs, highlighting the trade-offs between simplicity and performance.
Through dynamic stack allocation and constrained optimization, these
results demonstrate the superiority of the developed EMS in maximizing
hydrogen yield.

Fig. 17 illustrates the distribution of cumulative hydrogen produc-
tion per stack under each of the five EMS strategies for the 1st case
study. Each of the four stacks contributes approximately 32 kg to the
proposed EMS, illustrating effective utilization and minimal disparity.
In contrast, the RB and Fuzzy approaches heavily overload stack 1-each
exceeding 740 kg-while underutilizing the remaining stacks, with yields
sharply declining to near zero by stack 4. This uneven allocation reflects
their lack of degradation-aware distribution logic. The COMP method
shows moderate distribution, with stack 2 receiving the highest load
(~390 kg) and stack 3 the lowest (~170 kg), suggesting partial opti-
mization. The MAS strategy maintains more equitable allocation than
the heuristic methods but still falls short of the uniformity demonstrated
by the Developed EMS. As a result of these findings, it has been demon-
strated that the latter is superior to the former in terms of both efficiency
as well as stack longevity because of its harmonized operation, which re-
inforces its suitability for long-term deployment in modular electrolyzer
systems.

A comparison of the total on/off cycles for both case studies using
various EMS strategies can be seen in Fig. 18. For the 1st case, the COMP
strategy (see Fig. 18(a)) shows the highest switching frequency (35,000
cycles) in comparison to the 2nd case study, indicating an aggressive
allocation pattern sought to maximize instantaneous efficiency at the ex-
pense of stack longevity, as cycling-induced degradation may jeopardise
stack longevity. Conversely, the Fuzzy logic method exhibits the lowest
number of switching events (20,000 cycles), highlighting its capabil-
ity for smoother power allocation and reduced operational stress on the
stacks. There is a moderate cycle frequency with both PS and MAS strate-
gies maintaining a balanced operational profile with an intermediate
behavior.

For the 2nd case study (see Fig. 18(b)), the COMP strategy again
records the highest cycling rate (~110,000 cycles), further accentuating
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Fig. 20. Per-stack total degradation by strategy for the 1st case study.

concerns regarding long-term operational degradation. In the MAS strat-
egy, there is also a high period of cycling (10,000 cycles), indicating
frequent adjustments as a result of the decentralized negotiation pro-
cess. Meanwhile, the Fuzzy logic again demonstrates the lowest cycling
rate (260,000 cycles), validating its consistency in minimizing switching
stress. In terms of cycle rate, the EMS (PS) is capable of attaining an av-
erage of 85,000 cycles during its lifetime, which reinforces its balanced
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operation, which effectively mitigates excessive switching without com-
promising the system’s performance. Overall, these results highlight the
strategic trade-offs between operational stability and efficiency, under-
scoring the value of employing the Developed EMS as a robust and
balanced management strategy.

Fig. 19 compares the cumulative voltage drift-a proxy for stack
degradation—across all strategies for both considered case studies. This
figure demonstrates that the developed EMS has the lowest total volt-
age drift, which indicates that it is more capable of mitigating long-term
degradation than the other EMSs. Specifically, for the 1st case study, (see
Fig. 19(a)), the developed EMS achieves a drift below 5 V, nearly halv-
ing the degradation seen in the RB and COMP methods, both of which
approach the 10 V mark. When compared to the developed approach,
the Fuzzy and MAS strategies perform slightly better, but still show ele-
vated degradation. For the 2nd case, (see Fig. 19(b)), which represents a
more dynamic or stress-loaded condition, the differences are amplified:
the developed EMS maintains voltage drift around 25 V, whereas RB and
COMP strategies exceed 35 V. Due to this contrast, the developed EMS
has the ability to distribute load uniformly and reduce stress-induced
wear. Collectively, the results affirm that without integrated degrada-
tion awareness, heuristic and even some optimization-based approaches
may accelerate long-term performance losses, underscoring the value of
degradation-conscious energy management.

Fig. 20 illustrates the cumulative degradation experienced by each
stack under the five EMS strategies for the 1st case study. The results
highlight a key strength of the proposed EMS, which maintained a uni-
form and minimal degradation profile across all four stacks, with values
remaining below 1.3 V. Stack 1 in both cases reached the imposed
upper degradation cap (6 V) in both RB and Fuzzy strategies. This sug-
gests poor load distribution and over-utilization of a single stack under
these control methods. The COMP and MAS strategies performed bet-
ter, yet still showed noticeable degradation disparities among stacks,
indicating room for improvement in balancing long-term wear. Overall,
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the developed method demonstrated superior capability in mitigating
degradation and ensuring more equitable stack utilization over time.

Fig. 21 presents the average annual efficiency of the five energy man-
agement strategies across two case studies. According to both Fig. 21(a)
and Fig. 21(b), the developed EMS consistently produces the highest
mean efficiency, exceeding 62 % for the 1st case study and around 60 %
for the 2nd case study. This demonstrates its ability to provide favor-
able electrochemical operating conditions while allocating power across
stacks equally. The COMP and MAS strategies perform moderately well,
each stabilizing around 57-59 %, reflecting their capacity to adapt to
dynamic conditions, albeit without explicit prioritization of efficiency
over other factors. In contrast, RB and Fuzzy approaches underperform
in both cases, with RB strategies exhibiting the lowest efficiency due
to their rigid allocation patterns and limited responsiveness to stack
performance characteristics. According to the research, combining opti-
mization with power rotation, as in the developed EMS, yields tangible
efficiency gains and justifies its position as a performance benchmark in
modular PEMWE systems.

A two-dimensional comparison of the five strategies for both case
studies’ mean efficiency and total degradation is shown in Fig. 22. The
Developed EMS (PS) for the 1st case study (see Fig. 22(a)) performs
more effectively than every other EMS, offering the highest efficiency
(63 %) and a low total degradation 4.8 V, indicating a balanced ap-
proach to both short-term performance and long-term health. The RB,
COMP, and MAS strategies, on the other hand, show moderate efficiency
values (roughly 54 %-59 %) but high degradation levels 9.6 V. Fuzzy
logic approaches are notable for their relatively low degradation, but at
the expense of reduced efficiency, suggesting a less-than-ideal trade-off
between degradation and efficiency.

For the 2nd case study (see Fig. 22(b)), a similar trend emerges, re-
inforcing the superior performance of the Developed EMS (PS), which
again achieves the highest efficiency (61 %) and notably lower
degradation 26 V relative to competing strategies. It is estimated that
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the RB, COMP, and MAS strategies still cluster together with high degra-
dation levels (approximately 37-38 V) and moderate improvements
in efficiency (between 54 % and 57 %). The Fuzzy logic approach
again offers lower degradation compared to these three strategies, al-
beit accompanied by lower efficiency. In combination, both case studies
indicate that the PS has the capability to consistently strike an optimal
balance between efficiency maximization and degradation minimiza-
tion, thereby positioning it in the most advantageous region of the
performance-degradation trade-off.

5. Conclusions

For modular PEMWE units, this study proposes a nonlinear
optimization-based energy management system, which can operate
effectively as solar energy fluctuates. The proposed Rotary Power
Allocation Strategy (RPAS) demonstrated a superior capability in bal-
ancing efficiency, degradation, and stack utilization through dynamic,
real-time power allocation. Comparative evaluations against four es-
tablished EMS approaches—-including rule-based, fuzzy logic, composite
optimization, and decentralized multi-agent scheduling-revealed that
the developed method consistently achieved the highest annual effi-
ciency (~63 %) and hydrogen yield, while also exhibiting the lowest
cumulative stack degradation across multiple case studies.

The optimized EMS significantly mitigated voltage rise, pro-
longed stack life, and promoted equitable utilization of all modules.
Importantly, it outperformed both heuristic and partially optimized
methods in adapting to variable power inputs while preserving electro-
chemical integrity. Achieving these improvements is particularly critical
for scaling up green hydrogen production infrastructure, where lifetime
performance and operational reliability have a direct impact on the
economics and sustainability of systems.

In addition to technical validation using a detailed PEMWE model
and solar datasets from Québec and Alberta, this work highlights the
importance of integrating degradation-aware control into EMS design.
The findings underscore the feasibility and necessity of applying such
EMS in practical hydrogen production systems. It may be possible to ex-
plore the development of real-time hardware, the integration of dispatch
signals at the grid level, and the extension to predictive and learning-
based EMS frameworks in the future to achieve even greater adaptability
and resilience.
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