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ARTICLE INFO ABSTRACT

Handling Editor: Dr M Djukic In the real-time energy management of offshore islanded microgrids, determining the optimal operating points of
storage systems, particularly in hydrogen-based storage, poses significant challenges. These arise from the sto-
chastic nature of offshore Renewable Energy Sources (RES), variable power demand, and the volatility of
hydrogen systems. To address these, a novel objective function has been developed that integrates electrolyzer
system efficiency into the Energy Management Strategy (EMS) of a DC microgrid. Unlike most existing literature,
which considers electrolyzer efficiency as a constant, this work treats efficiency as a dynamic variable that de-
pends on operating current, temperature, and pressure. The behavior of the electrolyzer efficiency with respect to
these parameters is modeled, verified, and subsequently incorporated into the EMS. A MINLP based EMS is
developed to implement the proposed formulation, and its effectiveness is validated by demonstrating optimal
microgrid performance under the above scenario. Notably, the impact of optimal temperature and pressure
control is evidenced by electrolyzer efficiency improvements of 1.7% and 3.1% in the efficiency-focused and
multi-objective scenarios, respectively. The proposed EMS is evaluated against a rule-based and heuristic (PSO)
methods. In the cost-based case, the developed method shows 36.5% and 0.04% cost reductions relative to the
rule-based approaches, and a 0.39% reduction relative to PSO. In the efficiency-based scheme, it attains 0.10%
efficiency gain over PSO for the optimal temperature-pressure method, and in the multi-objective case, it delivers
7.40% efficiency gain versus PSO.
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electricity-to-storage and storage-to-electricity processes are the main
reasons for this growing attention. Randomly integrating RES and
hydrogen-based components can create issues in the control, operation,
and management of traditional power grids [3]. As a promising alter-

1. Introduction

Renewable energy is receiving increased attention worldwide due to
global warming and climate change targets. Wind, solar photovoltaic
(PV), wave, and tidal are among the most promising RES, each charac-
terized by inherently intermittent power generation under varying
weather conditions [1]. Simultaneously, hydrogen energy is also
receiving the highest attention of all time from both academic and in-
dustrial  perspectives [2]. The zero-carbon operations of

native, microgrids integrate distributed generation, energy storage, and
control systems, enabling flexible operation in both islanded and
grid-connected configurations [4]. However, in applications such as
small islands, isolated ships/aircraft, and offshore farms, connecting to
the main grid poses challenges due to high costs and difficult geographic
conditions. In such scenarios, microgrids often operate in islanded mode
supported by sufficient energy storage technologies [5]. DC microgrids
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Nomenclature
EMS Energy Management System Ndc/dc DC-DC convertor efficiency w Weight coefficient
PV Photovoltaic Veerl Fuel-cell cell voltage SB_min Minimum battery energy
ESS Energy Storage Systems JEL Electrolyzer current density SB max Maximum battery energy
RES Renewable Energy Sources pggﬂd Electrolyzer rated power Pgd min Minimum battery power
SoC State of Charge viated Electrolyzer rated flow rate Pgc max Maximum battery power
FLC Fuzzy Logic Control d Hydrogen density Prc_mim Minimum fuel cell power
PLC Programmable Logic Control a Coefficient of conversion Prc max Maximum fuel cell power
LA Lead Acid B Coefficient of conversion SH min Minimum hydrogen level
LCOE Levelized Cost of Energy Vh EL Electrolyzer flow rate SH max Maximum hydrogen level
V2G Vehicle to Grid p;‘lcled Fuel-cell rated power PEr min Minimum electrolyzer power
EV Electric Vehicles yiated Fuel-cell rated flow rate Pri, max Maximum electrolyzer power
TPO Temperature-Pressure Optimization Ocost Cost objective Tgr Electrolyzer operating temperature
MO Multi Objective Cpy PV cost TEL mim Minimum electrolyzer temperature
PSO Particle Swarm Optimization Cw Wind cos TEL max Maximum electrolyzer temperature
Ppy PV power Crc Fuel cell cost PH2 Hydrogen pressure
7s PV overall efficiency CgL Electrolyzer cost P2 i Minimum electrolyzer pressure
A PV area Cg Battery cost Pif max Maximum electrolyzer pressure
y Temperature coefficient T Total operating power AHpy heat of combustion of hydrogen
ty Outside air temperature Ty Number of PV panels F Faraday coefficient
I Solar Irradiation ny Number of wind generators R Universal gas constant
Py Wind Power N Number of fuel cells Teell Cell temperature
v Current wind velocity ng Number of electrolyzers P22 Oxygen Pressure
Vr Rated wind velocity np Number of batteries Po Standard pressure
Vei Cui-in wind velocity Gpv,i PV cost coefficient a Charge transfer coefficient
Veo Cut-out wind velocity G,y Wind cost coefficient Z Number of transferred electrones
Py, Rated wind power erck Fuel cell cost coefficients jo Exchange current density
Sp Battery energy level NECk Fuel cell efficiency Pu2o Partial pressure of water vapor
At Time interval egLn Electrolyzer cost coefficient AHy,p Enthalpy of vaporization
Pg Battery power NFC,n Electrolyzer efficiency am Membrane thickness
Ne Battery charging efficiency egm Battery cost coefficient o Swelling of the membrane
nd Battery discharging efficiency Nha Hydrogen production efficiency o™ Membrane conductivity
Prc Fuel-cell power nho Faraday efficiency To Resistances of the electrodes
\ Fuel-cell voltage 1%, Compression efficiency ax Fitting constant
Irc Fuel-cell current NEL Electrolyzer efficiency Aq Active electrode area
Py, Electrolyzer power O Efficiency objective Veell Electrolyzer cell voltage
VeL Electrolyzer voltage n Normalized objective Neell Number of cells
Iy, Electrolyzer current Ocostn Normalized cost objective Prr, stack Electrolyzer stack voltage
Su Hydrogen storage level Offn Normalized efficiency objective P, Temperature-dependent permeability

are particularly preferred because they offer higher efficiency, simpler
control, and improved compatibility with renewable energy sources and
storage systems [6].

In such microgrids, the energy management unit is responsible for
the stable operation of the microgrid, intensively utilizing Energy
Storage Systems (ESS) to store and dispatch energy with intermittent
RES [7]. Energy is stored at ESS during energy surplus instances, and
available energy at ESS is delivered to the microgrid during energy
deficit instances. Without grid power, the only consideration is selecting
storage strategies, such as battery and hydrogen storage. Generally, this
selection is carried out considering cost-related procedures where
low-cost operation is prioritized [8]. To properly control energy storage
with reduced cost of operations, the formulation of the storage system
cost and efficiencies needs to be carefully analyzed. This involves
determining the most economical and efficient operating point of an
islanded system, including intermittent RES, such as PV and wind, a
battery storage system, and a hydrogen storage system, while satisfying
complicated constraints related to each component [9].

The if-else rule-based strategy is a conventional method of energy
management, in which a fixed number of scenarios that consider sets of
rules and limits are developed. This strategy considers the available
power deficit/surplus, the State of Charge (SOC) of storage units, and
operational constraints to determine the system's operating point.
However, failure to operate at an optimal point can lead to unnecessary
charging or discharging of storage units, reduced component lifespan,
increased operational costs, and decreased overall microgrid efficiency.
To effectively utilize the optimal operating point in microgrid operation,
many optimization strategies, including linear programming [10], dy-
namic programming [11], Fuzzy Logic Control (FLC) [12-14], stochastic

and robust controlling [15-17] have been developed in the literature. In
Ref. [18], a decentralized EMS is proposed for a DC microgrid that in-
cludes hydrogen storage, an electrolyzer, and a battery system. The
proposed EMS strategy delivers better parallel operation of hydrogen
and battery storage than conventional EMS strategies by keeping the
SOC levels of both systems within linear operation. However, this
strategy cannot achieve optimal solutions in system. A hybrid FLC and
Programmable Logic Control (PLC) approach is developed in Ref. [12] to
examine the impact of demand response and hydrogen systems,
including an electrolyzer, hydrogen storage, and a fuel cell. Compared to
cases involving only hydrogen systems, this configuration shows a sig-
nificant reduction in charging and discharging costs for hydrogen stor-
age. In Ref. [19], an islanded microgrid powered by RES, battery, and
hydrogen is studied to optimize the energy storage arrangement of LI
and LA batteries, PEM, and alkaline electrolyzer. Integrating alkaline
electrolysis into the system has a lower cost compared to PEM elec-
trolysis, and the integration of any type of electrolysis significantly re-
duces the Levelized Cost of Energy (LCOE). Furthermore, the effect of
temperature on electrolyzer and fuel cell systems is considered. How-
ever, EMS is designed to achieve the LCOE by considering only one
temperature point for electrolyzer and fuel cell systems. In Ref. [20], an
EMS strategy is proposed for energy management in a hydrogen-based
DC microgrid consisting of PV, fuel cells, electrolyzer, hydrogen stor-
age, V2G EV stations, and battery storage. Results for different RES
conditions indicate that the proposed EMS strategy can reduce the
number of times hydrogen-related devices are switched on/off, while
effectively utilizing the V2G station with the microgrid as an energy
storage system.

In [12], a combination of a hydrogen energy system and demand
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response is analyzed through four different case studies to evaluate their
impact on the EMS. However, this study does not discuss the EMS
strategy in detail and focuses solely on the microgrid's operating costs.
Moreover, the modeling of the hydrogen system is not considered
comprehensively. In Ref. [21], a novel EMS is developed to improve the
smooth transition between hydrogen and electrical systems. Specif-
ically, the microgrid's net load power is split into low- and
high-frequency components, with the low-frequency component
assigned to the hydrogen system and the high-frequency component
assigned to the electrical system. Although priority is given to the
hydrogen system, the objectives neglect the efficiency of the hydrogen
components in the formulation. In Ref. [22], a hydrogen-based micro-
grid is developed to minimize hydrogen consumption. An equivalent
consumption minimization strategy is used in the objective; however,
the electrolyzer's impact is not accounted for in the formulation. In
Ref. [23], an interesting study was conducted on hydrogen production
using offshore wind energy. The nonlinear hydrogen production effi-
ciency of the electrolyzer system is considered in the microgrid EMS, and
the results indicate that the operating cost can be reduced by accounting
for the nonlinear efficiency, particularly under offshore wind profiles.
However, this study considers only constant operating environments. In
Ref. [24], a two-stage scheduling approach is developed, combining
day-ahead and real-time strategies, which results in reduced operational
costs and environmental impacts. Specifically, the impact of the diesel
generator is significantly reduced through the integration of the
hydrogen system; however, only general cost terms are considered in the
objective formulation. In Ref. [25], a DC-link-based voltage control
strategy is developed for an off-grid DC microgrid integrated with
hydrogen systems. Stable operation is achieved, including in the sys-
tem's hardware implementation. However, aspects such as cost and
hydrogen system efficiency are not considered in this study.

In most of the literature reported above, the focus lies in algorithmic
improvements and the use of economic or environmental objectives,
with limited attention to the efficiency-oriented control of hydrogen
systems. Electrolyzer efficiency, in particular, is often assumed to be
constant, despite its dependence on key operational variables such as
current density, temperature, humidity, and pressure. This simplifica-
tion can lead to inefficient operations, especially in offshore and islan-
ded scenarios with diverse environmental conditions, where energy
storage systems, such as hydrogen storage, significantly impact overall
system performance. Moreover, little consideration is given to the
sensitivity of electrolyzer performance to temperature and pressure
changes, which are crucial for accurate modeling and real-world
implementation. To address these gaps, the major contributions of this
work are as follows:

e A novel optimization formulation integrating electrolyzer system

efficiency is developed to optimize hydrogen system utilization in an

offshore islanded DC microgrid.

Electrolyzer system efficiency is dynamically modeled as a function

of operating current, temperature, and pressure, and integrated into

the EMS.

e A multi-objective optimization framework is proposed, offering

adaptability to operator requirements for both cost-effective and

efficient microgrid management.

The impact of electrolyzer operating pressure and temperature

sensitivity on the microgrid EMS is examined using the proposed

approach.

e The proposed EMS is compared with a rule-based and a meta-
heuristic EMS to validate its effectiveness for offshore hydrogen-
based DC microgrids.

The structure of this paper is as follows. Section 2 provides an
overview of offshore hydrogen-based DC microgrids. Section 3 presents
detailed descriptions of microgrid components. Section 4 focuses on
modeling the electrolyzer system efficiency and configuring the stack. In
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Section 5, the formulation of the optimization problem for the EMS is
developed. Section 6 presents the simulation results for five distinct case
studies. Section 7 compares the performance of the proposed EMS
against three alternative EMS, providing validation of the developed
method. Finally, Section 8 concludes the study.

2. Offshore hydrogen-based DC microgrid

A hydrogen-integrated islanded DC microgrid, operated with RES to
meet an offshore fish farm load demand, is illustrated in Fig. 1. Micro-
grid consists of five solar generators (6 kW/gen) and four wind gener-
ators (5 kW/gen) to meet the load demand, typical of an offshore salmon
farm, such as The New Zealand King Salmon Company's Blue Endeavour
farm. In addition, a microgrid consists of two types of energy storage,
battery and hydrogen. The battery storage has three individual Li-ion
battery units. Hydrogen energy storage has three main sections: the
electrolyzer unit, the hydrogen storage unit, and the fuel cell unit.
Electrolyzers use microgrid renewable energy from PV and wind to
generate hydrogen and store it in the hydrogen storage. Fuel cells use the
stored hydrogen to supply power back to the microgrid DC bus.

Determining the optimal sizes of microgrid parameters falls outside
the scope of this research. Therefore, the system specifications were
selected as the best applicable scenarios as shown in Table 1. The EMS
manages energy to ensure the requirements of load power demand over
48 h in 1-h intervals, operating battery and hydrogen energy storage.
Generally, battery capacity is estimated to be three times greater than
the maximum load demand to maintain a continuous supply for at least
3 h. The battery capacity is selected to supply the local load for 3 h, as
required due to the unexplored nature of hydrogen systems and sto-
chastic RES. The operation of all RES in this study is based on the
maximum power point to achieve optimal power extraction. Therefore,
managing battery and hydrogen energy storage becomes critical.

3. System modelling
3.1. Solar PV

In a solar panel, sunlight is converted into DC electricity by utilizing
PV cells. PV generators are operated in MPPT mode to utilize the
maximum energy produced. Solar irradiation data for Cape Grim, Tas-
mania, Australia, were obtained from the Australian Bureau of Meteo-
rology [26]. One-minute global horizontal irradiance and ambient
temperature data were processed to obtain hourly average values for the
period from January to March. The PV Power output, Ppy, is modeled
using the equation below,

Poy =3 *A*L*(1 +y(to — 25)) (@D)]
where 57, and A are the overall efficiency and the area of the PV panels,

respectively. I, ty and y denote the solar irradiation, outside air tem-
perature (28 °C), and the temperature coefficient of maximum output

¥ EncrgyManagement __
= System

Fig. 1. Islanded hydrogen-based DC microgrid system.
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Table 1
Input parameters of the islanded hydrogen-based DC microgrid.

Parameter Value Unit

PV generators

Area, A 125 m?
Efficiency, 7, 16 %
Power, Ppy 30 kw
Wind generators
Cut-in velocity, vc; 3 ms !
Cut-out velocity, Ve, 25 ms~!
Rated velocity, v, 10 ms!
Power, Py 20 kw
Hydrogen storage
Initial storage level, Sg o 300 L
Minimum storage level, Sy_min 100 L
Maximum storage level, Sy_max 600 L
Battery storages
Initial energy level, Sgo 100 kWh
Maximum energy level, Sg_min 200 kwWh
Minimum energy level, Sg_max 50 kwWwh
Energy capacity 200 kWh
Maximum charging rate, Pp;_max 50 kw
Maximum discharging rate, Ppq_max —-50 kw
Fuel cell system
Minimum operating power, Prc_min 10 kw
Maximum operating power, Prc_max 30 kw
Electrolyzer system
Minimum operating power, Pg;_min 5 kW
Maximum operating power, Pg;_max 50 kw
0~—1
power (—0.005 "C™ ) [27].
3.2. Wind generation
0 ;ifv<vgorv>v,
SV
Py = PWr"3 3:lfvci§v§vr (2)
Vi — Vi

Py if v, <v <V

In wind generators, the kinetic energy of wind is converted into elec-
trical energy based on aerodynamic principles. The wind turbine is
mounted at a specific height, where the wind hits the turbine blades,
initiating the turbine's rotation. Wind speed measurements at 150 m
height from the Tasmanian Earth Resources Satellite Station facility on
Droughty Hill, Tasmania, Australia, were obtained from the CSIRO Data
Access Portal [28]. The 10-min average wind speed records were further
processed to generate hourly mean values for use in the proposed model.
Power output, Py , is modeled using the below piece-wise relationship.
v, Vr, Vi and v, represent current, rated, cut-in, and cut-out wind speeds,
Py stands for rated electrical power output [29].

3.3. Battery storage system

Rechargeable Lithium-Ion battery storage units can either charge or
discharge energy based on the available net power of the microgrid and
associated costs. The charging and discharging modes of the battery are
modeled as follows.

Sp(t) =Sp(t—1) + AtPg(t)y,; at charging (Ps(t) > 0) 3)

AtPg(t)

Na

Sp(t)=Sp(t—1) + ; at discharging (Pg(t) <0) )

Sg(t) and At denotes the battery energy level and the time interval (1h).
Pg, 5, and 1, represent the charging/discharging power, charging effi-
ciency (98%), and discharging efficiency (98%).
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3.4. PEM fuel cell system

A PEM fuel cell converts the chemical energy of the fuel into elec-
trical energy through an electrochemical process. The core of a PEM fuel
cell consists of two electrodes separated by a proton exchange mem-
brane. The membrane only allows protons to pass through while
blocking electrons [30,31]. The process starts when hydrogen gas is
introduced to the anode side of the fuel cell, where a catalyst splits the
hydrogen molecules into protons and electrons. Protons pass through
the proton exchange membrane to the cathode, while electrons travel
through an external circuit, generating an electric current. On the
cathode side, oxygen from the air combines with the protons and elec-
trons to produce water and heat. The generated PEM fuel cell stack
power, Prc, is expressed as,

Prc = Vic*Irc (5)

where Vgc, Irc represent the stack voltage and current [32].

3.5. PEM electrolyzer system

A PEM electrolyzer uses electricity to split water into oxygen and
hydrogen. Water is fed to the anode side, where it splits the water
molecules into protons, electrons, and oxygen. The protons pass through
the membrane to the cathode, while the electrons flow through an
external circuit. On the cathode side, the protons combine with electrons
to form hydrogen [33]. A PEM electrolyzer stack is developed by
combining several PEM electrolyzer cells. The PEM electrolyzer stack
power consumption, Py, can be expressed as follows,

P = Vi ¥ (6)

where Vg and Iy denote the electrolyzer stack operating voltage and
electrolyzer operating current [34].

3.6. Hydrogen storage

Liquid hydrogen offers a higher energy density per unit volume,
resulting in a comparatively lower weight [35]. In this study, the pro-
duced hydrogen from the PEM electrolyzer system is converted to
storable liquid conditions, and then, liquid hydrogen is converted to
gaseous hydrogen suitable for fuel cell operation [36]. Therefore, the
state of charge of hydrogen energy storage (Sy) is modeled as follows,

Su(t+1)=Su(t) + [ ne*a*Pr (t) |At — { HLFC*/}*PFC(Q } At 7

where Sy represents the hydrogen storage level, Pg, and Pp; represent
the operating power of the PEM electrolyzer and PEM fuel cell. Also, a,
ng, f and ngc denotes coefficients of conversion for electrolyzer power
to a hydrogen flow, electrolyzer system efficiency, coefficients of con-
version for fuel cell power to the required hydrogen flow, and fuel cell
system efficiency, respectively. In this study, the energy required to
convert hydrogen gas into Hy liquid and vice versa is not taken into
account. Additionally, assuming a constant hydrogen flow from the
electrolyzer to storage and then to the fuel cell, the relationships be-
tween electrolyzer power and hydrogen generation rate, as well as be-
tween fuel cell hydrogen consumption rate and power output, are
assumed to be linear.

Assuming the hydrogen production rate of electrolyzer (vy_p) is
proportional to the electrolyzer operating power (Pg.), the hydrogen
production mass rate (kg/h), at a given electrolyzer operating power can
be calculated as (8), (9),

Pmted rated
EL

— vh,EL (8)
Pp Vhm
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A Vvated* Py
-EL ™ Yh_EL prated
P

)

If the loss is negligible in the liquification process, it can be assumed
that the liquid hydrogen has the same hydrogen production rate (kg/h).
So, the hydrogen density (d) is used in (10) to convert it to a volumetric
rate (m3/h). Equation (11) is an arrangement of (10).

vrated 1

v =Py * h_EL 10
h_eL = Prr paed g 10$)
(vt
Vg =Pp* (PW an

Coefficient a can be derived using the rated hydrogen flow rate, the
rated electrolyzer power, and the hydrogen density. Similarly, the co-
efficient § can be derived for fuel cells as well.

v
a= PrE(iteé * d (12)

ated
p= ( v;l_FC ) (13)

rated
praed « g

3.7. Power electronic converters

Power electronic converters (DC-DC,DC-AC) are modeled to operate
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January to March of 2024. The load profile peaks at 38 kW, representing
typical operational conditions for the study. The dataset was obtained
under an industry collaboration agreement and is therefore not publicly
available (see Fig. 2).

4. Electrolyzer system efficiency modeling

The PEM electrolyzer's single-cell efficiency behavior model pre-
sented in Refs. [37,38] has been studied as the baseline in this study.
Electrolyzer system efficiency consists of three elements, namely
hydrogen production efficiency, r}; , Faraday's efficiency, nf; , and
compression efficiency, ;1,22. ’7‘}712 primarily relates to the electrochemical
reaction stage, where it measures the ratio of the actual hydrogen energy
output to the total electrical energy input, as illustrated in (14). r[f;z
accounts for hydrogen loss due to permeation as in (15). Hydrogen
permeation results in a direct loss of storable energy, whereas oxygen
permeation contributes to water formation [37,39]. Compression effi-
ciency becomes relevant after hydrogen production, as hydrogen must
be compressed for storage or transportation. In this study, ’7?12 is selected
to be constant at 95% throughout the operation, as illustrated in 16. The
overall efficiency, 7, is the multiplication of hydrogen production,
Faraday, and compression efficiencies, given in (17). It is a function of
current density, temperature, and partial pressures of oxygen and
hydrogen. Parameters of the developed EMS are given in Table 3 [37,
38].

1.25
My, = (14)
\H2 02 . m sm .
'1.48 + &m0 (P% + —zplgf) AH,qp — Uget| +1.229 — 0.9¥1073(T ey — 298) + Flet In (‘;E;*V ‘%) + Rlear ln(jiu) + (ro + L2 )1

at a constant efficiency. DC-DC converters are assumed to be operated at
95%, while DC-AC converters are assumed to be operated at 90% based
on the typical efficiencies in these converters.

3.8. Offshore load profile
This study utilizes measured load data from The New Zealand King
Salmon Company's aquaculture facility, representing the operational

power demand. A 48-h period was selected for analysis, using hourly
maximum load values derived from the load data recorded between

x10%

Power demand(W)

‘
0 10 20 30 40
Time(h)

Fig. 2. Hourly maximum load profile.

H2 02
T Py, tPg ay
2 (Fsz oy dm}"-’)

My =|1- 7 (15)
N, = 95% (16)
Mg, = Ty, *n, g, a7

= = = Hydrogen production efficicency
= Faraday efficicency 1
S, Compression efficicency
Overall efficicency

Electrolyser efficicncy (%)

L L L L

40 L L L . L
0 05 1 1.5 2 25 3 3.5 4 4.5 5

Current density (A/cmz)

Fig. 3. Electrolyzer efficiency curves [32].
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These models are then extended to investigate efficiency variations
as a function of operating temperature, pressure, and stack performance.
Fig. 3 shows how electrolyzer efficiency changes with current density,
based on the discussion in Ref. [38], under fixed operating conditions of
10 bar and 350 K. Hydrogen production efficiency declines as the cur-
rent density increases. In contrast, Faraday efficiency is low at lower
current densities, rises nonlinearly to a peak, and then decreases
slightly. Therefore, Faraday efficiency dominates the overall efficiency
variation at lower current densities, while at higher current densities,
hydrogen production efficiency becomes more significant.

Based on this, the electrolyzer's overall efficiency variations with
both current density and operating pressure, at a constant operating
temperature of 350 K, are constructed and illustrated in Fig. 4a. Once the
operating pressure increases, the overall efficiency increases with cur-
rent density initially. Then the overall efficiency decreases with both
operating pressure and current density. Then the overall efficiency
variation with both current density and operating temperature, at a
constant operating pressure of 10 bar, is illustrated in Fig. 4b. Once the
operating temperature increases, the overall efficiency varies in the
same pattern as with current density. Finally, overall efficiency varia-
tions with both operating temperature and pressure, at constant current
densities (1-5 A/cmz), are illustrated in Fig. 4c. The overall efficiency
varies nonlinearly with operating pressure, peaking around 4-10 bar.
Once the temperature increases, the same behavior is lifted to higher
efficiencies. Variation in the overall efficiency at lower pressures, at a
constant current density, is more strongly influenced by pressure than by
temperature. The overall efficiency pattern shifts downward by nearly
10% from 1 to 5 A/cm?.

A typical PEM electrolyzer system, as illustrated in Fig. 5, consists of
multiple PEM stacks, with each stack comprising several series-
connected PEM cells to meet the required performance specifications
[48]. In this study, the system includes a single stack containing 200
series-connected cells. The PEM electrolyzer system is designed to be
powered by a 400 V DC bus of the microgrid via a DC-DC buck converter.
Each cell operates at approximately 1.9 V, with a total stack voltage of
380 V DC. This configuration confirms that the 380 V stack is connected
to the 400 V DC bus through a converter. Power, distributed to the
electrolyzer, Pg;, is reduced due to power loss in the DC-DC converter as
given in (18). Electrolyzer stack power is illustrated using electrolyzer
stack voltage, Vgy_sqck, and electrolyzer current, I, as given in (19). An
electrolyzer stack is a combination of electrolyzer cells. So, electrolyzer
current is illustrated using electrolyzer stack power, Pgy_gqck, €lectro-
lyzer cell voltage, V¢, number of cells, Ncej, and converter efficiency,
Nde/des 1D (20) [49]. Electrolyzer current density, Jgi, is calculated using
the stack operating current and active electrode area, Ag, as illustrated
in (22) and (23).

Pr1*Ngesac = Prr_stack (18)

Pr*Ngejae = Vir_stack “Irr (19)

Overall efticiency(%)
Overall efficiency(%)

2
o)
Sty (AC
current L k)

1
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) H2 H> H2
=
m
Q
a
T .
PeL 8 IeL ,_,:’ -
o EE N N |
a 8 ______
m
Ndc/dc
VElcell Electrolyser Stack
\ 7
Y
VEL_stack
Fig. 5. Configuration of the PEM electrolyzer stack.
Py *Ngejac = Nee™ Veen™* I, (20)
P *
EL = I Tdefde ?dC/dc 21)
N, cell” Vcell
It
R (22)
EL Ap
P *
oy = EL Nde/de 23)

N, cell * Vcell *AEL
5. The proposed objective function formulations
5.1. Cost function formulation

The total cost of the DC microgrid is illustrated as O in (24), and t
represents the time instant. Cpy;, Cwj, Crck, Crrn, and Cp denote the
cost terms of solar PV, wind, fuel cell, electrolyzer systems and degra-
dation cost of the battery system. Apart from that, n, n, ng, ng, ny, and
T represent the number of solar PV generators, wind generators, fuel cell
units, electrolyzer units, battery storage units, and total operation time.
A general cost model is introduced at this stage to emphasize the role of
electrolyzer system efficiency in EMS, rather than conducting a detailed
economic analysis, which is out of the scope of the study. For renewable
energy sources, only marginal operation and maintenance costs are

Table 2

EMS input data [40-45].
Parameter Value Parameter Value
GE, ($/kWh) 0.01 a 4.28e-4
GE, ($/kWh) 0.01 B 3.62e-4
eg, ($/kWh) 0.0375 npc (%) 0.6
ep, ($/kWh) 0.0375 ng, (%) 0.75
ey ($/kwWh) 0.0125

2 3 g
Current density(

(b) ©

0 15

2 Operg, s "

Alem?) ting tem, 2( ’ 5 p re(bar)
MPeretureq, 0% Operating pressy

Fig. 4. Electrolyzer system's overall efficiency (a) with pressure and current density (b) with temperature and current density (C) with pressure and temperature.
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Table 3

Parameters of PEM electrolyzer [37,38,46,47].
Parameter Value Parameter Value
AHpy (kJ/mol) 241 d™ (um) 51 x 1074
F (C/mol) 96500 M 1.15
R (J/mol K) 8.314 o™ (s/cm) 0.137
Teen (K) 350 Ro (mQ/cm?) 27 x 1073
Py (bar) 4 p,7;2 (mol/cm s Pa) 5.31 x 10~ '
a 0.43 a, (cm) 1.2 x 107°
z 2 '71(:‘12 (%) 0.95
jo (A/cm?) 8x10°° Ag (A/cm?) 25
Puao (Pa) 47948 Veer (V) 1.9
AH,q, (kJ/mol) 41.572 Neent 200

considered. The electrolyzer cost accounts for electrical energy con-
sumption, while the fuel cell cost reflects efficiency losses and capital
recovery expenditure. Battery degradation cost is based solely on cycle-
induced degradation. This structure allows the EMS to remain focused
on hydrogen dynamics while still addressing basic economic consider-
ations. When selecting the coefficients in Table 2, the US Department of
Energy hydrogen program record data [40,41], and several published
data have been considered.

T Mpy Ty N TNy n
=" | > Conal)+ 3" Cus 0+ Crex (0 Caun(6)+ > Com(t)
=1 |1 =) k=1 =1 m=1

(24)

The cost functions of a solar PV and a wind generation system are
illustrated in (25) and (26), respectively, where Gf,,; and G},; denote the

operation and maintenance cost per unit generated by the solar PV
($/kWh) and wind turbine ($/kWh).

Cpvi(t) = Gay *Ppy;(t)*At (25)

Cw;(t) = G, *Pw;(t)*At (26)

The cost function of the PEM fuel cell system is illustrated in (27),
where epcy and 7z, represent the cost coefficient ($/kWh) and effi-
ciency of the PEM fuel cell.

erck*Prex(t),

Crex(t) = Mook
FC,

At 27)

The cost function of the PEM electrolyzer system is illustrated in
(28), where eg,, and 7, represent the cost coefficient ($/kWh) and
efficiency of the PEM electrolyzer.

Crrn(t) = epn*Ppa(t)* At (28)

The degradation cost of the battery system is expressed in (29),
where ez, and ngm represent the degradation cost coefficient ($/kWh)
and the discharging power of the battery system.

Coom(t) =e5.m*Pp ()" At 29)

5.2. Electrolyzer system efficiency function formulation

Electrolyzer system efficiency consists of three elements, namely
hydrogen production efficiency, 11‘;,2, Faraday's efficiency, #f;, and
compression efficiency, qf,z. Section 4 discusses the comprehensive
modeling of the PEM electrolyzer system efficiency. The overall effi-
ciency, 7y, is the multiplication of hydrogen production, Faraday and
compression efficiencies, given in (14), (15), (16) and (17). Using these
formulations, the efficiency objective, Oy, is formalized as follows.

T

Oy = 1 TEL (t) (30)
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5.3. Multi-objective function formulation

Both the operating cost and the electrolyzer system efficiency are
considered simultaneously in the objective formulation. As these two
objectives consist of different units and scales, min-max normalization
is applied to bring them onto a common range and ensure balanced
contribution in the combined objective. Normalization is performed
using the following expressions.

Ocos[ - Omm
Ocost, = s ——co5t. 31
cOostn 02’},%2‘ — OZ',’,‘S’{ ( )
0, _ Omin
Oy, = eff T Veff (32)

oy — o

This maps both cost and efficiency values to the interval [0,1] indi-
vidually, while eliminating biases caused by scale mismatches. With the
normalized terms established, the final objective function is formulated
as a weighted sum. Cost term is retained as a positive component to be
minimized, while the efficiency term is subtracted to reflect its maxi-
mization within the same minimization framework. The resulting
expression for the normalized combined objective is illustrated in (33),
where O, O,y Oef,, w €[0.1,0.9] represents the final weighted
normalized objective, normalized cost objective, normalized efficiency
objective, and weight coefficient (0.1 steps from 0.1 to 0.9).

O0n=[(1=w)*Ocos s, | — [W*Oeffn] (33)

Since both O, and O, are bounded between 0 and 1, and the
weighting factor w lies within the range [0.1, 0.9], the resulting objec-
tive On is bounded within the interval [-w, 1—w]. This ensures that the
final objective remains within a well-defined range, which, for all
considered weights, falls approximately within [-1, 1].

5.4. Constraints

The optimization algorithm must satisfy the power balance of the
microgrid as follows, where Pg(t) and Py (t) represent the battery and
load power levels.

Ppy(t) + Pw(t) + Prc(t) — Py(t) = Pi(t) + P (34)

Battery energy levels must satisfy the maximum and minimum
allowable storage levels of the battery system.

SB_min S SB(t) S SB_max (35)

Charging and discharging power levels must satisfy the limitations of
the battery system as follows.

PBd,ma.x S PB(t) S PBc,max (36)

PEM fuel cell power must satisfy the following allowable power
limitations.

Prc_mim < Pre(t) < Prc_max 37)

Hydrogen storage must maintain the allowable maximum and min-
imum levels of the storage state.

SH,min S SH(t) S SH,max (38)

The power levels of the PEM electrolyzer must also meet the allow-
able limits.

Pri_min < Ppi.(t) < Prr_max (39)
Two additional constraints related to hydrogen pressure (PH?) and
operating temperature (Tg,) of the electrolyzer systems are used in

specific case studies. They are allowed to vary within maximum and
minimum levels, considering electrolyzer requirements and limitations.

Ter_mim < Ter < TEr_max (40)
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2
Pg'L_mim

<Pz < pit2

EL_max

(41)
6. Case studies

The YALMIP toolbox for modeling and optimization in MATLAB has
been used in this study [50]. BMIBNB solver, combined with the Gurobi
optimizer, is used for solving the underlying Mixed-Integer Nonlinear
Programming (MINLP) optimization problem [51]. Five case studies
were conducted to evaluate the performance of the proposed novel EMS
strategy. Fig. 6 presents the workflow of the developed EMS, along with
the corresponding case study and validation phases.

6.1. Case 1: Cost optimization

The DC microgrid considered in this study is operated to achieve
minimum cost operation over as O in (24), subject to various con-
straints. Achieved optimal power schedule profiles, battery storage
profile, and hydrogen storage profile of the minimum cost-based EMS
strategy are given in Fig. 7a. At t = 0, the battery system begins
charging, as the renewable energy generated by the wind system ex-
ceeds the load demand. Since the objective function considers only cost,
the majority of excess renewable energy is managed by the battery
storage system, except in critical cases. During such instances, when
renewable generation is high and the battery is nearly fully charged, the
electrolyzer system begins operating to utilize the remaining surplus
energy. Fig. 7b represents the battery storage and hydrogen storage
levels for 48h. Since the associated costs are high, the cost optimization
strategy reduces the operation of electrolyzer and fuel cell systems. In
this case, the total electricity cost for the microgrid operation is $191.69
for 48h.

Powerflow =~ —— Hydrogenflow ~----- Signal ﬂom
izi EMS
weather data . Slz}ng .
Data loading Objectives
Load data :
Constraints
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cost efticiency
Case 1 Case2a . Case 2b
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Fig. 6. Workflow of the developed microgrid EMS.
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6.2. Case 2a: Optimization of PEM electrolyzer system efficiency

In this scenario, the DC microgrid is operated to achieve maximum
efficiency operation of the PEM electrolyzer system. The combined ef-
ficiency of the PEM electrolyzer system can be expressed as O in
equation (30). Fig. 8a illustrates the optimized power allocations under
the electrolyzer efficiency optimization scheme. With all relevant power
and energy constraints satisfied, the results clearly demonstrate the
effectiveness of the proposed objective function based on electrolyzer
efficiency in achieving optimal microgrid operation. Significantly, this
study introduces a nonlinear electrolyzer efficiency function as the sole
objective, thereby replacing the conventional assumption of a constant
efficiency. The formulated objective function indicates that the elec-
trolyzer's operating power is directly linked to its current density, which
in turn affects the system's efficiency. As a result, the electrolyzer tends
to operate at higher power ratings, leading to more frequent operation of
the fuel cell and battery systems. Since cost is not considered in this case,
high utilization of the electrolyzer, fuel cell, and battery systems is
observed, as in Fig. 8a.

Fig. 8b represents the storage levels of the battery and the hydrogen
storage. Due to the continuous operation of the electrolyzer, the fuel cell
also operates to maintain the energy balance. Although the electrolyzer
and fuel cell operate at nearly the same power levels, the fuel cell con-
sumes more hydrogen than is produced through electrolysis. This is
primarily due to the higher heating value of hydrogen relative to its
energy density, the inherently low efficiency of the fuel cell, and the
presence of parasitic power losses. The battery supports the operation of
both the electrolyzer and the fuel cell by charging and discharging as
needed, thereby maintaining energy levels within acceptable limits. In
this simulation, the electrolyzer system achieves a mean operational
efficiency of 72.19% with a total microgrid operating cost of $986.1 over
a 48-h time period.

6.3. Case 2b: Temperature and Pressure Optimized (TPO) PEM
electrolyzer system efficiency

In Section 6.2, only the current density is allowed to vary to achieve
maximum efficiency of the electrolyzer system. In this section, the
operating temperature and pressure are also allowed to vary within
predefined ranges, as described in Section 5.4. The operating tempera-
ture is allowed to vary between 310 K and 360 K, while the operating
pressure can range from 1 bar to 20 bar. The optimization framework
determines the optimal operating conditions that maximize the elec-
trolyzer system efficiency, taking into account the hourly operating
power of the electrolyzer. These operating regions are selected based on
the overall efficiency modeling of the selected electrolyzer system, as
described in Section 4. In this scenario, the EMS slightly regulates the
temperature around 330 K, while the pressure varies between 9 bar and
11 bar. Notably, pressure indicates an inverse relationship with fuel cell
power, fluctuating within this range as the power output changes.
Fig. 9a represents the optimized power profiles, indicating that the
operating power curves of both the electrolyzer and fuel cell are
smoothed, with reduced fluctuations. Average operating power of the
electrolyzer and fuel cells increased from 22.84 kW to 27.01 kW to
28.91 kW and 36.1 kW, respectively. However, the battery system
operates similarly to the previous scenario in most cases, contributing to
the microgrid's power balance. Both storage units store and dispatch
energy in a manner similar to the previous case, as illustrated in Fig. 9b.
In this scenario, the electrolyzer system achieves a mean operational
efficiency of 73.92%, representing an efficiency gain compared to case
2a over a 48h time horizon. The total microgrid operating cost is
$1233.7 for the same period. This slight improvement in efficiency is
achieved by adjusting the operating point of the electrolyzer and opti-
mally selecting the temperature and pressure at each instance, based on
the behavior illustrated in Fig. 4.
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6.4. Case 3a: Multi-objective optimization considering cost and
electrolyzer efficiency

The total objective of the DC microgrid system combines both the
operational cost and the electrolyzer efficiency objectives. As shown in
(33), it is formulated as a normalized objective function using a
weighted sum approach. The red curve in Fig. 12 presents the Pareto
front of the scheme, illustrating the variation of the cost and efficiency
objectives with the applied weight. For example, the final point on the
curve corresponds to a weight of 0.1 on the cost objective and 0.9 on the
efficiency objective. It is evident that assigning a higher weight to the
cost objective enables the EMS to achieve lower operational costs at the
expense of reduced hydrogen production, and vice versa. In an ideal
scenario, the optimal operating point would simultaneously achieve
both minimum operational cost and maximum efficiency. To identify
this point, the Euclidean distance from each simulated point on the
Pareto front to the ideal point is calculated. The point with the minimum
distance is then selected as the optimal operating point.

Fig. 10a and Fig. 10b represent the results associated with this
selected optimal point. Compared to Case 2, electrolyzer operation is
significantly reduced due to the inclusion of the cost objective in the
normalized objective function. Furthermore, the fuel cell operates at a
significantly lower level, and even the usage of the battery system is
reduced. Both the hydrogen and battery storage systems tend to store
energy while maintaining the power balance of the microgrid. In this
simulation, the electrolyzer system achieves a mean operational effi-
ciency of 65.94% with a total cost for the microgrid operation of $202.9.
These results highlight the balanced performance of the multi-objective-
based scheme compared to the cost-only and efficiency-only schemes.

6.5. Case 3b: Temperature and Pressure Optimized Multi-Objective (TPO-
MO) operation

In this section, the operating temperature and pressure, along with
the current density, are optimized within predefined ranges, as
described in Section 5.4. The operating temperature is allowed to vary
between 310 K and 360 K, while the operating pressure can range from
1 bar to 20 bar. The optimization framework simultaneously minimizes
the operating cost and maximizes the electrolyzer system efficiency,
considering the hourly variation in the electrolyzer's operating power. In
this multi-objective scenario, the EMS converges the temperature to
approximately 360 K, while the pressure again dynamically varies be-
tween 9 bar and 11 bar. The blue curve in Fig. 12 represents the Pareto
front of the scheme, from which the optimal operating point for the
microgrid is selected. Fig. 11a and b represent the optimal power pro-
files and storage variation results corresponding to the selected optimal
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points. Compared to case 3a, the electrolyzer operates more frequently.
The average operating power for electrolyzers and fuel cells has
increased from 4.16 kW to 0.08 kW to 4.83 kW and 0.73 kW, respec-
tively. The main reason for this increase is the allowance of operating
temperature and operating pressure to vary within the selected region.
TPO enables the electrolyzer systems to operate at slightly higher effi-
ciency, which improves the efficiency-related term in the normalized
objective function. This shifts the normalized objective slightly and
changes the optimal operating point of the microgrid. In this case, the
electrolyzer system achieves a mean operational efficiency of 68.79%,
with an efficiency gain of 2.85% compared to case 3a. The total cost for
microgrid operation is $207.5 over 48h.

6.6. Significance of multi-objective case studies

Fig. 12 presents a comparison between the Pareto fronts of the multi-
objective EMS and the TPO-based multi-objective EMS. The figure
clearly shows that the multi-objective EMS consistently achieves lower
operational costs across all dynamic weight settings. As the weight is
assigned to the cost objective increases, the cost increment of the multi-
objective EMS relative to the TPO-based EMS also increases. With
applied weights of 0.1, 0.5, and 0.9, the cost difference percentages are
3.2%, 2.6%, and 3.8%, respectively. When the efficiency objective is
assigned the lowest dynamic weight of 0.1, the multi-objective EMS still
demonstrates strong performance. It achieves nearly a 68% reduction in
the efficiency objective value compared to the TPO-based multi-objec-
tive EMS. However, this efficiency difference significantly decreases to
approximately 4.2% at the optimal operating point (weight of 0.5), and
further reduces to around 2.6% at a weight of 0.9. This demonstrates the
superior performance of the proposed EMS in terms of the efficiency
objective at lower dynamic weights, with only a marginal increase in
cost. This improvement is directly related to the introduction of the
variable efficiency behavior of the electrolyzer system, as illustrated in
Figs. 3 and 4. When the weight applied to the efficiency objective is low,
the multi-objective EMS is unable to sufficiently shift the electrolyzer's
operating point toward the higher-efficiency region shown in Fig. 3. In
contrast, even at the lowest applied weight, the TPO-based multi
objective EMS can shift the operating point further along the efficiency
curve. As the applied weight increases, both EMS strategies can shift the
operating point further along the efficiency curve, thereby achieving
higher efficiencies. Even with higher weight coefficients, the TPO-based
multi-objective EMS continues to outperform the conventional multi-
objective case. It achieves a higher efficiency objective by selecting
the optimal operating point along the efficiency curve illustrated in
Fig. 3.
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7. Comparison and validation

The proposed novel objective formulation enables the microgrid to
operate while satisfying all required constraints, as demonstrated in the
previous sections. A direct comparison of the proposed strategy with
recent related works is not carried out for several reasons, as discussed
below. First, there are limited studies closely related to the present work,
and for the available ones, most of the necessary data are not publicly
accessible. Moreover, since this study primarily focuses on the PEM
electrolyzer system, comprehensive manufacturing and performance
data of the electrolyzer are required for accurate modeling, which are
not available in the referenced studies. In some cases, system configu-
rations and sizing parameters are also incompatible. Therefore, instead
of a numerical comparison, this study qualitatively positions its contri-
butions by highlighting methodological advancements and operational
improvements relative to the recent literature. Table 4 presents the
combinations of energy sources and storage technologies, along with a
brief discussion of the limitations of recent studies.

Furthermore, in this study, the proposed EMS is evaluated using
available renewable generation and load profiles to focus on the impact
of integrating temperature-pressure dependent PEM electrolyzer system
modelling within the optimization framework. Although advanced data-
driven forecasting methods such as Long Short-Term Memory (LSTM)
could be used to generate predictions for PV/wind/wave generation and
load demand, forecasting is not considered in the present work. Incor-
porating forecasting and assessing the influences within the scheduling

11

framework will be explored in future research to further support prac-
tical real-time deployment.

To validate its performance, the proposed strategy is compared
against four EMS strategies applied to the same DC microgrid. Two
conventional rule-based strategies are introduced: one prioritizes bat-
tery operation, while the other prioritizes electrolyzer and fuel cell
operation. Evaluating both cases enables a comparison between low-cost
operation and high-efficiency electrolyzer operation, as discussed in
Section 6. In addition, a metaheuristic-based EMS using the Particle
Swarm Optimization (PSO) algorithm is developed for comparison. The
proposed formulation for electrolyzer system efficiency is nonlinear and
involves a high-dimensional, large-scale search space for battery, elec-
trolyzer, fuel cell power outputs, and electrolyzer operating temperature
and operating pressure. PSO is selected for this comparison due to its
ability to effectively handle nonlinearities, perform large-scale search,
and balance exploration and exploitation in the optimization process.
Operation cost, electrolyzer mean efficiency, and percentage cost-saving
values are compared across three case studies: cost-based EMS,
efficiency-based EMS, and multi-objective-based EMS. Furthermore for
the MINLP approach, convergence curves were generated from the
successive objective function values recorded during the branch-and-
bound iterations of the BMIBNB solver in YALMIP, allowing consistent
comparison with the PSO algorithm.

7.1. Cost-based EMS

Since cost is introduced as the sole objective, heuristic methods tend
to suppress the operation of hydrogen components. Table 5 illustrates
the cost and percentage cost-saving values. The results show that the
EMS strategy formulated as a MINLP problem and solved using the
BMIBNB solver achieves the lowest operational cost among the four
strategies. The percentage cost reduction achieved ranges from 36.53%
to 0.04%. Traditional strategy 2, which prioritizes electrolyzer and fuel
cell operation, results in the highest operational cost. Strategy 1, which
focuses on battery prioritization, also fails to reach an optimal point due
to its rule-based nature. Compared to the PSO approach, the MINLP-
based EMS achieves nearly equivalent performance, with only a
0.39% cost difference. Fig. 13a illustrates the hydrogen storage utiliza-
tion for all four methods. Since cost is selected as the optimization
objective, the battery is preferred as the lower-cost energy storage op-
tion compared to hydrogen. Consequently, all three optimization-based
methods exhibit similar behavior, with only minor deviations related to
solver characteristics. Fig. 13b illustrates the convergence curves for the
PSO and MINLP strategies. Although deterministic MINLP solvers do not
typically generate heuristic-style convergence curves, the plot here
represents the evolution of the objective function value across successive
branch-and-bound iterations within the BMIBNB process. This allows a
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Table 4
Comparison of the proposed study.
Ref Microgrid EMS/Control Discussion
[18] PV, Bat, Elec, HS, FC Decentralized with mode- Operates in eight predefined EMS modes of the microgrid, which lack the flexibility to adapt to variable
triggered droop control loads and renewable energy conditions. No formulation integrating hydrogen system dynamics.
Hydrogen subsystem is included at the EMS level, but operation is mode-driven, and efficiency-optimal
operation is not considered.

[19] PV, Bat, Elec, HS, FC Rule-based with PSO-based sizing  Electrolyzer and fuel cell performance are modeled in a simplified manner. The electrolyzer operating
pressure is constrained by the tank limit, not making the operating environment an optimization
decision. The EMS objective neglects the efficiency of the hydrogen system where focus is primarily on
optimal sizing.

[20] PV, wind, grid, Bat, Hierarchical control with MPC Practical MPC deployment raises scale issues, and the work is tied to a specific experimental platform and

Elec, HS, FC, assumptions about emulated renewables and V2G behaviour. Optimization is limited to restricting the
switching of the hydrogen components only. Hydrogen consumption and the nonlinear behavior of
electrolyzer efficiency are ignored in the objective formulations.

[12] PV, Wind, Hydro, Bat, Rule-based with demand DR -+ PLC supervisory logic sends excess energy to the electrolyzer and use FC when RES is insufficient,

Elec, HS, FC response not optimizing electrolyzer operating efficiency -inside the EMS objective. Incorporates DR and hydrogen
storage to reduce costs, but excludes efficiency-based optimization and detailed electrolyzer modeling.

[21] PV, SC Frequency-splitting power Focuses on power allocation between hydrogen and electric systems. It doesn't cover multiple RES

Elec, HS, FC allocation offshore variability and long-horizon economic dispatch. Focuses on power allocation with outer H, flow
optimization and inner allocation, without integrating electrolyzer efficiency as a nonlinear function of T-
P-I within a cost-efficiency EMS.
[22] PV, Bat, SC, FC Metaheuristic The equivalent consumption minimization method is formulated only for fuel cells, batteries, and
PSO supercapacitor systems. Electrolyzer dynamics and efficiency are not represented. With a simplified load
setting and a single RES, it may not reflect highly variable offshore load and multiple RES uncertainty.

[23] Wind, Bat, Elec, HS, FC  Distributionally robust chance This study works strongly on uncertainty issues. Considers nonlinear electrolyzer efficiency but assumes a

constrained constant operating environment. It lacks temperature- and pressure-dependent optimization.

[24] Grid, DG, Bat, Elec, HS, = Two-stage scheduling Two-stage (day-ahead with MIPL + real-time with MIQP-MPC) scheduling, with piecewise linear

FC approximations of hydrogen device models, is developed. However, objectives include only general cost
terms and ignore hydrogen system efficiency and degradation.

[25] PV, Wind, Wave, Bat, DC link voltage control DC-link-based voltage control maintains microgrid stability. But it excludes cost considerations and

Elec, HS, FC formulations of hydrogen system efficiency since detailed economic analysis is not considered.
This PV, Wind, Wave, Bat, Hierarchical MINLP-based A novel objective formulation is developed by dynamically integrating electrolyzer system efficiency as a
Study Elec, HS, FC function of current, temperature, and pressure. A multi-objective EMS optimizes both cost and hydrogen

system efficiency. The model captures the nonlinear T-P-I behavior of the electrolyzer and evaluates its
impact on microgrid performance under offshore renewable conditions.

direct comparison of convergence trends between the two methods. It
clearly demonstrates the superiority of the MINLP method, which ach-

ieves the optimal solution within just three iterations.

7.2. Efficiency-based EMS

To evaluate the effectiveness of the proposed efficiency-based

both general and optimized conditions, the proposed MINLP-based
strategy achieves 0.3% and 0.1% improvements over the PSO-based
strategy, demonstrating the superiority of the proposed scheme.

In terms of hydrogen storage utilization, both PSO and MINLP-based
strategies demonstrate dynamic hydrogen capture capability, utilizing
the storage more consistently throughout the operation. When
comparing the EMS strategies individually, PSO tends to use the elec-
trolyzer more frequently, whereas MINLP relies more on fuel cell

formulation, this study applies MINLP and PSO-based EMS strategies
across two scenarios: an efficiency-optimized EMS and a TPO-based
efficiency-optimized EMS. Table 6 presents the mean efficiency of the
electrolyzer system, associated costs, and the percentage cost gain. The
results indicate the effectiveness of the developed EMS strategy using
MINLP, which operates with a higher electrolyzer mean efficiency
compared to PSO under both general and temperature and pressure
optimized conditions. Optimizing pressure and temperature enables the
electrolyzer system to operate at a slightly higher efficiency, thereby
increasing the efficiency component of the normalized objective func-
tion. Under optimized conditions, the MINLP-based EMS scheme ach-
ieves a 1.7% increase in efficiency. Since the objective function is
formulated solely on electrolyzer system efficiency, operating the elec-
trolyzer at higher power levels positively influences optimal system
performance, resulting in higher mean efficiency. However, when
considering operational costs, the MINLP-based strategy incurs a 25.1%
increase in cost under optimized conditions compared to general oper-
ation, due to the higher utilization of the electrolyzer. However, under

Table 5
Cost-based EMS stats.

EMS type Cost ($) % Cost saving Computational time
Traditional 1 191.78 —0.04 % 0.729 s
Traditional 2 260.71 —36.53 % 0.793 s

PSO 192.45 —0.39 % 178.5s

MINLP 191.69 - 21.96's
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operation. Fig. 14a illustrates the hydrogen storage level variation over
time for each of the four scenarios. Compared to PSO, MINLP tends to
use fuel cells more frequently, leading to lower hydrogen levels.
Notably, under temperature- and pressure-optimized conditions, both
PSO and MINLP curves tend to shift downward relative to general
operation. Due to variations in temperature and pressure, the objective
function shifts, leading to increased electrolyzer operation, which in
turn elevates fuel cell usage. However, since the heating value of
hydrogen (used for electrolyzer hydrogen generation calculations) is
higher than its energy density (used for fuel cell hydrogen consumption
calculations), the hydrogen storage level decreases over time. Fig. 15a
illustrates the convergence curves for the efficiency-based EMS under
both general and optimized operating conditions. As before, MINLP plot
represents the evolution of the objective function value across successive
branch-and-bound iterations within the BMIBNB process. The results
indicate that the MINLP method achieves the optimal solution within
the first few iterations for both cases. In contrast, the PSO method fails to
reach the same solution and requires more than 200 iterations in both
scenarios. Furthermore, both strategies require additional iterations to
achieve the optimal solution under temperature- and pressure-
optimized operations due to the more complex formulations and the
tighter, increased number of constraints involved.
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Fig. 13. Cost-based EMS (a) hydrogen storage utilization (b) Solver convergence curves.

Table 6
Efficiency-based EMS stats.
EMS type Mean Efficiency Effi Cost ($)  Cost Gain
(%) gain (%)
General PSO 71.9 992.4 -
MINLP 72.2 - 986.1 -
T and P opt PSO 73.8 1.9 1021.2 +2.9
MINLP 73.9 1.7 1233.7 +25.1

7.3. Multi-objective-based EMS

This section validates the proposed multi-objective-based objective
formulation through the implementation of MINLP and PSO-based EMS
strategies across two distinct scenarios: a general multi-objective EMS
and a TPO-based multi-objective EMS. The results indicate that the
developed MINLP-based EMS strategy achieves the highest electrolyzer
system mean efficiency, compared to the PSO-based scheme under both
general and optimized conditions. However, the mean efficiency is
reduced by 6.8% and 5.1% under general and temperature- and
pressure-optimized conditions, respectively, compared to the efficiency-
based scheme. Since both efficiency and cost are included in the
objective function, the optimal point is influenced by both factors,
allowing a balanced trade-off between cost- and efficiency-based
schemes. This balance is further evident in the cost results. The multi-
objective-based scheme achieves a lower cost than the efficiency-
based scheme but a higher cost than the cost-based scheme, providing
a well-balanced operation between the two extremes. Furthermore,
under both general and optimized conditions, the proposed MINLP-
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based strategy achieves notable efficiency gains of 6.9% and 7.4%
compared to the PSO-based strategy, demonstrating the superiority of
the proposed approach. In terms of cost, the MINLP-based strategy
achieves significantly lower operating costs, by approximately 63% and
67%, relative to the PSO-based method. This improvement is likely due
to the PSO algorithm converging to local optima, caused by the
nonlinear and complex nature of the efficiency term in the objective
function during the optimization process.

Fig. 14b illustrates the hydrogen storage level variation over time for
each simulation. In this case, both the PSO and MINLP schemes tend to
utilize only the electrolyzer, with zero operations of the fuel cell, which
increases the hydrogen storage level. As in the previous efficiency-based
EMS study, the TPO curves in both the PSO and MINLP schemes exhibit a
downward shift for the same underlying factors. Fig. 15b illustrates the
convergence curves for the multi-objective-based EMS under both gen-
eral and optimized operating conditions. Consistent with previous re-
sults, the MINLP method achieves the optimal solution in significantly
fewer iterations than PSO in both cases. However, compared to the
previous two EMS strategies, even the MINLP approach requires more
than 100 iterations due to the increased complexity of the multi-
objective formulation. Compared to PSO, the optimal solutions ob-
tained by MINLP show a notable improvement, demonstrating the su-
periority of the method. As before, the optimized-condition case requires
more iterations to reach the optimal solution because of the tighter and
increased number of constraints in the formulation (see Table 7).

Overall, the proposed EMS with dynamic modeling of electrolyzer
efficiency provides a clear improvement over constant-efficiency as-
sumptions. This strategy accounts for fluctuations in power, tempera-
ture, and pressure in the proposed DC microgrid. This is specifically
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Fig. 14. Hydrogen storage utilization comparison with (a) efficiency-based EMS (b) multi-objective-based EMS.
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Table 7
Multi-objective-based EMS stats.
EMS type Mean Efficiency Effi Cost Cost Gain
(%) gain % (%)
General PSO 58.5 557.3
MINLP 65.4 - 202.9 -
T and P opt PSO 61.4 2.9 644.8 +15.7
MINLP 68.8 3.1 207.5 +2.27

valuable for offshore conditions, where renewable generation is inter-
mittent, storage is limited with space and weigh restrictions, and envi-
ronmental conditions such as temperature, humidity, and salinity affect
operation. By adjusting the electrolyzer's operating points, the system
improves hydrogen efficiency, minimizes energy losses, and enhances
reliability in islanded offshore conditions.

8. Conclusion and future studies

This paper proposes a novel objective function based on electrolyzer
system efficiency to enable optimal utilization of hydrogen energy
through coordinated control of the electrolyzer and fuel cell systems.
Unlike most existing approaches, which assume constant electrolyzer
efficiency within the EMS, the proposed formulation models the elec-
trolyzer efficiency as a function of operating current, temperature, and
pressure. The effectiveness of the proposed strategy was validated
through multiple case studies. The developed DC microgrid operates
under both efficiency-maximization and multi-objective optimization
scenarios, incorporating Temperature- and pressure-optimized opera-
tion of the electrolyzer system. In the efficiency-maximization scenario,
the electrolyzer system achieved a mean operational efficiency of
72.19% under constant conditions, which improved to 73.92% with
optimized temperature and pressure. In the multi-objective EMS sce-
nario, temperature- and pressure-optimized operation resulted in a
mean efficiency of 68.8%, reflecting an improvement of 3.1% over
constant operation. Additionally, the performance of the proposed
MINLP-based EMS was compared with two widely used strategies: rule-
based and PSO-based EMS. Under both constant and temperature- and
pressure-optimized conditions, the MINLP-based EMS demonstrated
improved mean efficiencies of 5.9% and 7.4% compared with the rule-
based and PSO-based approaches, respectively. These findings high-
light the effectiveness of the proposed objective function and optimi-
zation framework for islanded DC microgrids. The results demonstrate
its capability to enhance hydrogen system efficiency while enabling
operation strategies that balance cost and performance, thereby shifting
system behavior toward more economical, hydrogen-optimized regimes.
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In future work, the effectiveness of the proposed novel formulations,
as well as the benefits of temperature and pressure-optimized operation
of the electrolyzer system, can be evaluated through experimental
validation. The developed microgrid EMS can be further evaluated in a
real-world offshore environment, which would demonstrate both its
capability for seamless integration and its scalability for larger, complex,
and hybrid systems. Furthermore, the proposed strategy can be extended
to incorporate the degradation behavior of the PEM electrolyzer. Since
degradation-related parameters, such as current density, temperature,
pressure, and membrane operation, are already included in the devel-
oped formulations, integrating degradation analysis into the system is
expected to be straightforward. Although robustness under uncertainty
is not discussed in this study, it is recognized that uncertainties play a
significant role in hydrogen-renewable microgrids. These uncertainties
arise from renewable generation variability, hydrogen system charac-
teristics (electrolyzer efficiency, electrolyzer and fuel cell degradations,
pressure-temperature variations), and forecasting errors in load de-
mand. Integrating such uncertain factors would provide deeper insights
into the resilience of the proposed EMS. Additionally, a comprehensive
mathematical framework can be developed to accurately identify the
optimal operating point along the Pareto front within the multi-
objective optimization strategy.
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