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A B S T R A C T

The production of hydrogen from renewable sources could play a significant role in supporting the transition 
toward a decarbonized energy system. This study has involved investigating optimization strategies − mixed- 
integer linear programming (MILP), a hybrid particle swarm optimization (PSO)-MILP framework, and PSO 
combined with a rule-based energy management strategy (EMS) − applied to a power-to-hydrogen system for 
industrial applications. The analysis evaluates the levelized cost of hydrogen production (LCOH), carbon emis
sions, and the impact of key factors, such as battery degradation, electrolyzer efficiency, real-time pricing, and 
hydrogen load management. The obtained results indicated that the MILP-based models achieved moderate 
LCOH values (10.1–10.7 €/kg) but incurred higher CO2 emissions (20.2–24.6 kt/y). Instead, the PSO model, 
combined with the rule-based EMS, lowered emissions to 14.3 kt/y (a 27–45% reduction), albeit with a higher 
LCOH (11.6 €/kg). The hybrid PSO-MILP models struck a balance, achieving LCOH values of between 9.2 and 
9.7 €/kg, with CO2 emissions of 19.7–20.3 kt/y, as they benefited from the integration of piecewise affine 
linearization for modeling electrolyzer efficiency and battery degradation. In terms of computational efforts, the 
MILP-based models required more than 48 h to converge, while the PSO-MILP models completed within 27–35 h, 
and the PSO model with rule-based EMS achieved results in 1.5 h. These findings offer guidance that can be used 
to select the most suitable optimization method on the basis of the desired performance targets, resource con
straints, and computational complexity, thereby contributing to the design of more sustainable energy systems.

1. Introduction

Hydrogen energy is increasingly gaining attention as a clean, ver
satile, and storable energy solution, especially for the decarbonization of 
sectors in which emissions are hard to abate, such as heavy industries 
and high-temperature industrial processes [1]. In 2022, the industry 
sector directly emitted 9 Gt of CO2, thereby accounting for 25 % of the 
global energy-related CO2 emissions [2]. Hydrogen is widely used as a 
feedstock and reducing agent in refineries, for chemical production, and 
in steel industries. However, other potential applications – including the 
production of hydrogen-based fuels (e.g., ammonia, synthetic hydro
carbons), the upgrading of biofuels, the provision of high-temperature 
heat for industrial processes, hydrogen-based direct reduced iron and 
electricity storage and generations – have yet to be adopted at an in
dustrial scale. This is due to their current lack of competitiveness with 
fossil fuels and to the lack of maturity of the required technologies, but 
these applications are expected to grow to comply with the 

decarbonization efforts [3]. In 2022, the global production of hydrogen 
reached 95 Mt, but less than 1 Mt (0.7 % of the global production) was 
derived from low-emission processes that involved carbon capture, and 
less than 100 kt of hydrogen was produced through water electrolysis 
[3,4]. Nevertheless, the electrolyzer installed capacity grew by more 
than 20 % [5], and the demand for low-emissions hydrogen is expected 
to reach 70 Mt by 2030 [4].

Therefore, in order to meet the rising demand for green hydrogen 
and to effectively scale up production, it is essential to manage the 
hydrogen production process in alignment with the demand. The 
inherent variability and intermittency of such renewable energy sources 
(RES) as wind and solar make it necessary to adopt an integrated 
approach that includes energy storage solutions – such as batteries, 
hydrogen or hybrid systems – to ensure a consistent hydrogen supply 
from power-to-hydrogen (P2H) systems [6].

Battery energy storage systems (BESS) are primarily used for short- 
term energy storage, due to their relatively low storage capacity, low 
energy density (30 Wh/kg), limited lifespan, and their tendency to self- 
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Nomenclature

Abbreviations
ABC Artificial Bee Colony
ACO Ant Colony Optimization
ALO Ant Lion Optimizer
ARERA Autorità di Regolazione per Energia Reti e Ambiente 

(Regulatory Authority for Energy Networks and the 
Environment)

AVOA African Vulture Optimization Algorithm
BB-BC Big Bang-Big Crunch
BBO Biogeography-Based Optimization
BESS Battery Energy Storage System
CAPEX Capital Expenditure
CGH2 Compressed Hydrogen Storage
CRF Capital Recovery Factor
CS Cuckoo Search
DA Dragonfly Algorithm
DC Direct Current
DOD Depth of Discharge
EL Electrolyzer
EMS Energy Management Strategy
GA Genetic Algorithm
GAMS General Algebraic Modeling System
GME Gestore dei Mercati Energetici (Manager of the Energy 

Market)
GOA Grasshopper Optimization Algorithm
GWO Grey Wolf Optimizer
HS Harmony Search,
IC Imperialist Competitive
IWO Invasive Weed Optimization
KKT Karush-Kuhn-Tucker
KPI key performance indicators
LCOH Levelized Cost of Hydrogen
LP Linear Programming
MFO Moth-flame Optimization
MILP Mixed-Integer Linear Programming
MINLP Mixed-Integer Non-Linear Programming
MISOCP Mixed Integer Second Order Conic Programming
MVO Multi-Verse Optimizer
NREL National Renewable Energy Laboratory
O&M Operational and Maintenance
OPEX Operational Expenditure
P2H Power-to-Hydrogen
PEM Proton Exchange Membrane
PLC Programmable Logic Controller
PSO Particle Swarm Optimization
PV Photovoltaic
PVGIS Photovoltaic Geographical Information System
PWA Piecewise affine
QP Quadratic Programming
RB Rule-based
RCA Rainflow Counting Algorithm
RES Renewable Energy Source
RMSE Root Mean Squared Error
SC Supercapacitor
SCE Shuffled Complex Evolution
SOC State of Charge
SSA Salp Swarm Algorithm
TLBO Teaching–Learning Based Optimization

Parameters economic and financial parameters
Cinv Capital investment [€/kW] or [€/kWh]
Cann

inv Annualized capital costs [€/kW] or [€/kWh]

CO&M Operation and maintenance costs [€/kW] or [€/kWh]
Crep Replacement costs [€/kW] or [€/kWh]
Cann

rep Annualized replacement costs [€/kW] or [€/kWh]
R Revenues [€]
CRF Capital recovery factor [-]
SFF Sinking fund factor [-]
Frep Number of replacements [-]
r Interest rate [%]
n Project lifetime [years]
y Technology lifetime [years]
ICO2 Average emission intensity [gCO2/kWh]
fobj Objective function [-]
wa, wb Weighting factors [-]

Energy storage parameters
EBESS,nom Nominal BESS energy capacity [kWh]
EBESS,rem Hourly remaining capacity of BESS [kWh]
EBESS,stored Hourly energy stored in the BESS [kW]
ECGH2 ,nom Nominal CGH2 energy capacity [kWh]
ECGH2 ,stored Hourly energy stored in the CGH2 [kWh]
PBESS,ch Hourly charging power of the BESS [kW]
PBESS,dc Hourly discharging power of the BESS [kW]
PCGH2 ,ch Hourly charging power of the CGH2 [kW]
PCGH2 ,dc Hourly discharging power of the CGH2 [kW]
PBESS,nom Nominal BESS power capacity [kW]
PEL,aux Hourly auxiliary power for the electrolyzer [kW]
PEL,in Hourly electrolyzer power input [kW]
PEL,out Hourly electrolyzer power output [kW]
PGrid,buy Hourly power withdrawn from the grid [kW]
PGrid,sell Hourly power injected into the grid [kW]
PH2,load Hourly hydrogen demand [kW]
PPV Hourly photovoltaic power generation [kW]
PPV,nom Nominal PV power capacity [kW]
PEL,nom Nominal power capacity of the electrolyzer [kW]
PH2,buy Hourly hydrogen purchase [kW]
SOCBESS,rem Hourly remaining BESS state of charge [%]
cyc Number of cycles performed by BESS [-]
ηEL Electrolyzer efficiency [%]
LHVH2 Lower heating value of hydrogen [kWh/kg]
nH2 Number of moles of hydrogen [mol]

Optimization and KPIs
H Optimization horizon [hours]
U Update interval [hours]
PVsurplus PV surplus index [%]
ImportIndex Electricity purchase index [%]
BESSutilization Ratio of energy delivered by BESS [%]
CGH2utilization Ratio of energy delivered by CGH2 [%]
SOCBESS,ave Average state of charge of BESS [%]
SOFCGH2 ,ave Average state of charge of CGH2 [%]
ηEL,ave Average efficiency of the electrolyzer [%]
R2 coefficient of determination
Δt Timestep [hours]

PSO algorithm parameters
w Inertia weight in the PSO algorithm [-]
c1 Cognitive acceleration coefficient (self-influence) [-]
c2 Social acceleration coefficient (swarm influence) [-]
xij Position of particle i in dimension j [-]
vij Velocity of particle i in dimension j [-]
yij Best-known position of particle i in dimension j [-]
ŷj Global best position in dimension j [-]
r1j, r2,j Random numbers for cognitive and social components [-]
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discharge when not connected to a load. On the other hand, compressed 
hydrogen storage (CGH2) is particularly suitable for long-term and 
seasonal storage, as it offers a high storage capacity, scalability, and a 
significantly higher gravimetric energy density, together with a lower 
heating value of 33.33 kWh/kg [7].

The economic viability and environmental sustainability for green 
hydrogen hinges on robust optimization models that are capable of 
coordinating production and storage, maximizing renewable energy 
utilization, and minimizing costs. However, despite some noteworthy 
advances in optimization approaches, several key challenges remain. 
The variability of renewable energy, the modeling of battery degrada
tion, and the non-linear representation of electrolyzer efficiency 
considered together pose high computational complexity. Additionally, 
conflicting objectives − such as minimizing production costs, reducing 
carbon emissions, ensuring operational feasibility, and containing 
computational requirements − lack standardized balancing criteria. 
Thus, it is still unclear whether linear programming, metaheuristics or 
hybrid methods represent the most effective strategy for large-scale P2H 
systems.

A broad spectrum of optimization approaches have been extensively 
explored in recent years, notably mixed-integer linear programming 
(MILP) and metaheuristic algorithms such as particle swarm optimiza
tion (PSO), genetic algorithms (GA), ant colony optimization (ACO), 
moth-flame optimization (MFO), and grey wolf optimizer (GWO). MILP 
is commonly employed for operational scheduling task due to its ability 
to efficiently handle linear constraints and discrete decision variables, 
ensuring optimal or near-optimal solutions within acceptable compu
tational timeframes [8–16]. For instance, Diabate et al. [17] developed a 
MILP approach explicitly incorporating battery degradation, demon
strating its potential to effectively manage daily operational costs by 
prolonging battery lifespan. Similarly, Giovanniello and Wu [18] pro
posed a two-step MILP framework highlighting the economic advantage 
of hybrid battery-hydrogen storage systems, emphasizing significant 
enhancements in system reliability and cost-efficiency. Further contri
butions, such as those by Deng et al. [19], Shi et al. [20], and Hassan 
et al. [21], extended MILP methodologies to multi-energy microgrids, 
reinforcing their effectiveness in simultaneously addressing cost and 
emission objectives.

Conversely, metaheuristic algorithms have primarily excelled in 
system sizing and design optimization, given their inherent flexibility 
and robustness in navigating complex, multi-dimensional, and non- 
linear solution spaces. Eriksson and Gray [22] presented a thorough 
overview of hybrid renewable energy systems optimized through met
aheuristic functions, highlighting their ability to manage the intricate 
trade-offs among technical, economic, and environmental criteria. 
Similarly, Phan-Van et al. [23] extensively compared eight distinct 
metaheuristic optimization algorithms for hydrogen-battery integrated 
systems, revealing the superiority of PSO in terms of convergence rate 
and optimal solution quality. Furthermore, Mohseni et al. [24] validated 
the rapid convergence and solution reliability of PSO and MFO when 
applied to standalone hydrogen-based microgrids, confirming their 
applicability for complex, multi-objective design scenarios. Studies by 
Amoussou et al. [25] and HassanzadehFard et al. [26] further supported 
these findings, demonstrating the capability of metaheuristics to effi
ciently handle diverse and challenging system configurations, ranging 
from integrated PV-wind-hydrogen storage to waste-to-hydrogen 
applications.

Recognizing the complementary strengths of MILP and meta
heuristics, recent research has shifted towards hybrid methodologies to 
leverage on the strengths of both methods to handle nonlinearity and 
complexity more effectively. Such hybrid approaches strategically 
deploy MILP for operational scheduling, exploiting its efficiency in time- 
dependent optimizations, while metaheuristics are utilized primarily for 
optimal system sizing and initial solution identification, significantly 
enhancing computational performance and accuracy. Kim et al. [27] 
demonstrated that initializing PSO algorithms with solutions generated 

by MILP markedly improved microgrid scheduling outcomes compared 
to either method used independently. Similarly, Han et al. [28], devel
oped a hybrid PSO-MILP co-optimization framework tailored explicitly 
to microgrids featuring combined battery-hydrogen storage. Their 
finding confirmed substantial reductions in system costs and emissions 
compared to single-method frameworks. Additionally, Micangeli et al. 
[29] extensively compared single-layer MILP and hybrid PSO-MILP 
approaches, incorporating a rolling horizon strategy, highlighting 
marked improvements in computational time and solution precision by 
sequentially refining scheduling decisions.

Parallel to methodological innovations, dynamic optimization tech
niques, especially rolling horizon approaches, have been increasingly 
applied to renewable-based energy systems to effectively manage un
certainties and intermittency in renewable energy availability and load 
demands. This technique decomposes complex scheduling problems into 
sequentially solvable smaller sub-problems, enabling ongoing re- 
optimization as updated data becomes available. Rullo et al. [34] 
effectively employed a rolling horizon strategy in an off-grid hybrid 
renewable system, significantly reducing storage requirements and 
operational costs. Malysz et al. [35] also leveraged rolling horizon-based 
MILP approaches to optimize battery storage operation, successfully 
achieving simultaneous economic benefits, peak shaving, and improved 
battery lifespan. Further advancements by Elkazaz et al. [36] and 
Erichsen et al. [30] confirmed the efficacy of rolling horizon method
ologies in enhancing renewable self-consumption, grid dependency 
management, and long-term storage preservation.

An additional layer of complexity arises from accurately representing 
critical nonlinear behaviors inherent in energy storage and conversion 
components, notably electrolyzer efficiency and battery degradation. To 
address these non-linearities within MILP frameworks, piecewise affine 
(PWA) linearizations have emerged as essential modeling techniques, 
allowing more precise operational scheduling and economic optimiza
tion [37–40]. Marocco et al. [41] applied PWA linearizations specif
ically to electrolyzer and fuel-cell efficiency curves, enhancing 
scheduling performance and resource utilization. Similarly, Neisen et al. 
[42] demonstrated that integrating PWA linearizations for electrolyzer 
efficiency significantly altered operational strategies, shifting operations 
towards more optimal efficiency ranges and positively impacting overall 
system economics. Gabrielli et al. [43] expanded on these methods by 
systematically validating PWA approximations against detailed non- 
linear models, highlighting their robustness in accurately capturing 
complex system dynamics, including temperature-dependent behavior 
and operational flexibility. Additionally, Keske et al. [44] and, 
Peñaranda et al. [45] successfully extended PWA modeling techniques 
specifically for battery degradation curves, demonstrating their efficacy 
in achieving accurate lifecycle assessments and economic optimization 
in energy arbitrage contexts.

Although previous studies have substantially advanced the state-of- 
art, several critical gaps remain. Specifically, a systematic and 
comprehensive comparative evaluation of alternative optimization 
strategies under realistic operating conditions, involving dynamic elec
tricity pricing, highly variable hydrogen demand patterns, and fluctu
ating renewable generation profiles, has not been thoroughly addressed. 
Such a comparison is essential to identify the most effective trade-offs 
between economic objectives, emission reductions, operational feasi
bility, and computational complexity.

Table A1 highlights the types of storage systems analyzed, the opti
mization approaches adopted, the nonlinear modeling strategies 
employed, and their relevance to the current work. However, the 
simultaneous integration of rolling horizon strategies and PWA lineari
zations within hybrid optimization frameworks – particularly for sys
tems combining battery and hydrogen storage and involving 
simultaneous optimization of component sizing and operational sched
uling – has not yet been comprehensively explored. While previous 
studies on battery degradation modeling using MILP-based approaches 
typically assumed fixed battery sizes, optimizing battery design 
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introduces significant complexities. Specifically, when battery size be
comes an optimization variable, the calculation of the state of charge 
(SOC) becomes inherently nonlinear, posing substantial challenges 
within MILP formulations traditionally adapted for linear problems.

This study explicitly addresses these critical methodological and 
practical gaps by rigorously comparing three distinct optimization 
configurations in a realistic, industrial-scale, grid-connected power-to- 
hydrogen (P2H) scenario: 

1. MILP for integrated sizing and scheduling: this configuration ensures 
precise control, exploiting MILP’s capability to efficiently handle 
linear constraints and discrete variables. Traditionally, MILP pro
vides exact optimal or near-optimal solutions within acceptable 
computational times for linear models. However, when non
linearities such as variable electrolyzer efficiency and battery 
degradation are introduced, MILP becomes computationally inten
sive and less scalable, as the solution deviates from true optimality 
due to necessary linear approximations.

2. Hybrid PSO-MILP (particle swarm optimization for sizing and MILP 
for operational scheduling): in this hybrid configuration, PSO is used 
to explore the sizing decisions, while MILP optimizes the scheduling 
tasks. The choice of PSO, specifically, is strongly supported by 
extensive literature evidence, which highlights its superior perfor
mance over other metaheuristic optimization algorithms, such as GA, 
ACO, and MFO, in terms of both convergence speed and solution 
quality. Thus, PSO’s effectiveness and robustness make it particu
larly suitable for efficiently navigating complex, nonlinear optimi
zation landscapes, thereby enhancing the overall performance of 
hybrid optimization strategies. Furthermore, the rolling horizon 
approach is integrated to enable real-time decision-making and 
adaptivity to variable demand and renewable generation forecasts, 
extending its traditional battery-only applications to battery- 
hydrogen hybrid systems.

3. PSO with rule-based energy management strategy (EMS): this 
method closely mirrors real-world engineering implementations 
where reduced computational burden and robustness in decision- 
making outweigh the pursuit of mathematical optimality. By 
relying on predefined operational rules and metaheuristic-based 
sizing, this configuration provides rapid, practical, and computa
tionally less demanding solutions suitable for applications where 
near-optimal performance is acceptable.

This research intentionally escalates the complexity of the problem 
to better approximate real-world conditions, particularly by introducing 
critical nonlinearities such as electrolyzer efficiency curves and battery 
degradation dynamics. While it is known from previous literature that 
MILP algorithms are specifically adapted to linear problems and typi
cally guarantee optimal solutions efficiently, their performance and 
computational demands increase significantly with the introduction of 
nonlinearities. Thus, the conventional view that MILP is always 
computationally less demanding than metaheuristics, needs reassess
ment under realistic operational complexities. In this regard, heuristic 
algorithms, although generally computationally intensive due to their 
reliance on population-based exploration methods, may provide solu
tions closer to real-world applicability by effectively handling highly 
nonlinear and complex system representations. In this context, hybrid 
optimization approaches, such as the combination of PSO and MILP, 
could effectively leverage the complementary strengths of both meth
odologies: the ability of metaheuristics to efficiently explore complex, 
nonlinear solution spaces, and the precision of MILP in solving linear
ized scheduling problems. Such hybrid approaches have the potential to 
achieve superior performance, balancing solution accuracy, computa
tional efficiency, and practical feasibility under realistic and complex 
operating conditions.

Given these considerations, this study provides a detailed compara
tive assessment of MILP-based, metaheuristic-based, and hybrid 

optimization approaches applied to P2H systems, incorporating variable 
renewable energy inputs, real-time electricity pricing, and fluctuating 
hydrogen demand profiles. The investigation focuses on how different 
optimization strategies behave under increased problem complexity, 
highlighting the computational trade-offs and solution quality impacts 
introduced by nonlinear modelling choices.

The main methodological contributions and innovations of this study 
are explicitly articulated as follows: 

• Systematic and comprehensive comparative analysis of MILP, hybrid 
MILP-PSO, and PSO-EMS optimization strategies under realistic 
industrial-scale operating conditions. This analysis explicitly evalu
ates the trade-offs between economic performance (levelized cost of 
hydrogen, LCOH), environmental objectives (carbon emission re
ductions), and computational complexity, providing clear guidelines 
on when a more complex and accurate model is justified and when 
simplified models suffice.

• Novel methodological integration of advanced PWA linearization 
techniques, specifically tailored for scenarios involving simultaneous 
optimization of battery sizing and operational scheduling. Unlike 
previous works that utilized fixed battery sizes to simplify battery 
degradation modelling, this study introduces an innovative approach 
to handle the nonlinearity arising from battery size-dependent state- 
of-charge calculations. This approach enables accurate modelling of 
both battery degradation dynamics and electrolyzer efficiency curves 
within the computationally manageable linear framework of MILP.

• Extension of rolling horizon optimization strategies to hybrid 
battery-hydrogen energy storage systems under real-time dynamic 
electricity pricing scenarios. This innovation significantly improves 
system adaptability, responsiveness, and operational feasibility, 
enabling better handling of renewable variability and demand fluc
tuations in practical applications.

• Integration of a multi-objective optimization framework, explicitly 
balancing economic objectives (LCOH minimization) with environ
mental goals (carbon emission intensity reduction). This dual- 
objective approach addresses a significant methodological gap, as 
previous studies often prioritized single-objective optimization 
without fully accounting for the inherent conflicts between economic 
and environmental targets, thus aligning this work with broader 
decarbonization and sustainability goals.

• Detailed and transparent methodological formulations and compu
tational strategies, explicitly designed to ensure reproducibility, 
facilitate further methodological refinement, and support practical 
adoption by researchers and industry practitioners. This trans
parency greatly enhances the utility and applicability of the pre
sented approaches, encouraging future adaptation in diverse 
scenarios, from industrial-scale hydrogen production to smaller-scale 
applications such as hydrogen refueling stations or domestic energy 
systems integrating fuel cells.

These contributions are validated through a comprehensive case 
study on an industrial-scale, grid-connected hydrogen production sys
tem. By explicitly incorporating realistic market conditions such as time- 
dependent electricity pricing, this work demonstrates how different 
optimization methods perform under conditions closely approximating 
actual industry operations.

Overall, this structured comparative framework provides practical 
insights and methodological innovations that substantially enhance the 
selection and deployment of suitable optimization strategies tailored 
specifically to complex, real-world renewable hydrogen production 
systems. Consequently, this study contributes significantly towards 
advancing methodological understanding, operational efficiency, and 
broader decarbonization efforts within sustainable energy systems.

The paper is organized as follows: Section 2 outlines the framework 
of the P2H system, detailing the data input and model configurations. 
Section 3 presents and discusses the results of the case study and 
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highlights the implications of different optimization approaches. 
Finally, Section 4 concludes the findings, and it offers insights into 
future research directions and practical applications.

2. Methods

2.1. Modeling framework and comparative setup

The power system investigated in this work consists of a green- 
hydrogen generation plant that features a proton exchange membrane 
(PEM) electrolysis stack. This system is powered by an on-site photo
voltaic power plant, which was designed to meet the end-users’ 
hydrogen demand. A battery energy storage system and a compressed 
hydrogen storage system were integrated to provide flexibility and 
ensure a consistent supply, despite the variability of the PV generation 
and hydrogen demand, thereby enhancing the exploitation of the 
renewable energy resources. In grid-connected scenarios, electric power 
can be withdrawn from the grid whenever there is a lack of PV gener
ation, and any excess renewable power can be injected into the grid to 
boost the economic profitability of the plant. A schematic layout of the 
power-to-hydrogen system is shown in Fig. 1.

This modeling framework also introduces several methodological 
advances, including the adaptation of piecewise affine approximations 
for efficiency and degradation curves within a sizing context, and the 
implementation of a non-linear cycle-based degradation model in rule- 
based control, which enhances the realism and applicability of the 
proposed optimization strategies. Simulations were conducted over an 
entire year, considering an hourly time-step resolution, to compare 
different optimization models with varying levels of approximation for 
electrolyzer efficiency and battery degradation. The following scenarios 
were analyzed: 

I. MILP_NL: a MILP model was used for both the sizing of the 
components and operational scheduling, with the efficiency of 
the electrolyzer and battery degradation being approximated 
with piecewise linear functions.

II. MILP_C: a MILP model was employed for sizing and scheduling 
purposes, assuming constant electrolyzer efficiency and linear 
battery degradation.

III. PSO_MILP_NL: a PSO model was applied for sizing purposes, 
while a MILP model with a rolling horizon optimization algo
rithm was used for scheduling. Piecewise linear functions were 
adopted for the efficiency of the electrolyzer and for the battery 
degradation curves.

IV. PSO_MILP_C: a PSO model was applied for sizing purposes, while 
a MILP model with a rolling horizon optimization algorithm was 
used for scheduling, and constant electrolyzer efficiency and 
linear battery degradation were assumed.

V. PSO_RB: a PSO model was adopted for sizing, along with a rule- 
based energy management strategy, in which non-linear func
tions were incorporated for electrolyzer efficiency and battery 
degradation.

The previous five scenarios were designed to systematically inves
tigate the trade-offs between modeling fidelity, computational effi
ciency, and practical feasibility in both component sizing and 
operational scheduling. By varying the representation of key system 
dynamics, such as the efficiency of the electrolyzer and battery degra
dation (non-linear vs. constant/linear), and by testing different sched
uling frameworks (single-horizon MILP, rolling horizon MILP or rule- 
based EMS), the analysis enables a clear quantification of the impact 
of each factor on the costs, emissions, and operational feasibility of the 
system. The inclusion of a rule-based EMS provides a computationally 
efficient and robust baseline that reflects realistic industrial imple
mentations. This comparative framework supports the broader objective 
of identifying conditions under which a more sophisticated, higher- 
fidelity model would be justified and when a reduced-complexity 
formulation may offer sufficient accuracy at lower computational cost.

The hydrogen demand profile (PH2,load) was derived from the final, 
natural-gas demand for industry reported in [46], and it was scaled to 
reflect the average, potential, hydrogen consumption in energy- 
intensive industrial processes, and to cover both high-temperature 
heat generation and feedstock needs. On the basis of data reported by 
Neuwirth et al. [47], a hydrogen consumption of 2 MWh per ton and a 
plant capacity of 100,000 tons per year were assumed (Fig. 2a). In 
addition to the hydrogen demand, the solar PV capacity factor profile, i. 
e. the ratio of the actual energy generated by the PV system (PPV) over 
the installed nominal power, was integrated into the model to account 

Fig. 1. Layout of the power-to-hydrogen system.
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for renewable energy production (Fig. 2b). This profile was obtained 
from the EU Photovoltaic Geographical Information System (PVGIS) 
[48] for a vertical axis tracking PV system with 14 % system loss, 
installed at a site in Italy. Finally, the average electricity price for the 
Italian market was calculated, to account for the cost variability of 
electricity withdrawn from the grid, by averaging the hourly profiles of 
the last 5 years (2019–2023), as sourced from the GME (Manager of the 
Energy Market) website [49]. These values were then adjusted by 
multiplying them by a factor of 1.7 to account for taxes and charges for 
industrial end-users, as reported by ARERA (Regulatory Authority for 
Energy Networks and the Environment) [50] (Fig. 2c).

The purpose of the objective function of the model (Eq. (1)) is to 
minimize the levelized cost of hydrogen within the P2H system (Eq. (2)), 
while simultaneously minimizing the carbon emission intensity (Eq. 
(5)). This optimization involves determining the optimal sizing of the 
system components and defining an EMS to dictate the production, 
storage, and energy delivery scheduling, thereby specifying the power 
consumption for each timestep. 

fobj = min
{

wa⋅fobj,a + wb⋅fobj,b

}
(1) 

fobj,a = LCOH =

∑
i,t(C

ann
inv,i(t) + CO&M(t)i− R(t))
∑

H2demand(t)
[€/kg] (2) 

where Cann
inv is the annualized capital cost of system component i, i.e. the 

equivalent annual cost of the capital investment, including both recov
ery of the initial expenditure (Cinv) and of the interest rate (r) over a 
specific payback period (n). This metric is calculated according to Eq. 
(3), using the capital recovery factor (CRF(r,n)) which spreads the cost 
of the investment over the useful lifetime of the components. 

Cann
inv = CRF(r, n)⋅Cinv =

r(1 + r)n

(1 + r)n
− 1

⋅Cinv

[ €
MW

or
€

MWh

]
(3) 

The operation and maintenance costs (CO&M) encompass both fixed and 
variable expenditures. Fixed O&M costs include repairs and mainte
nance as well as component replacement. Variable O&M costs cover 
such utilities as electricity withdrawal and the purchase of hydrogen, 
which, in this case, was priced at 750 €/MWh. Additionally, revenues 
(R) can be derived from any surplus, renewable energy injected into the 
grid. The hydrogen selling price is calculated by adding 60 % to the 
green-hydrogen, levelized, production cost for Italy [51] to account for 
storage, transportation, taxes and profit margins. This approach 

discourages purchasing hydrogen in favor of on-site, hydrogen 
production.

The annualized value of all the replacement expenses (Cann
rep ) that 

occur over the lifetime of a project is calculated according to Eq. (4)
[52,53]. 

Cann
rep = SFF(r, y)⋅Crep⋅Frep =

r
(r + 1)y

− 1
⋅Crep⋅Frep

[ €
MW

or
€

MWh

]
(4) 

where SFF(r, y) represents the sinking fund factor, which is used to 
compute the future value of a series of equal annual cash flows, y is the 
lifetime of a component, and Frep is the number of replacements required 
during the lifetime of the project.

The carbon emission intensity is calculated according to Eq. (5). 

fobj,b =
∑

t
PGrid,buy(t)⋅ICO2 [ktCO2/yr] (5) 

where PGrid,buy represents the amount of energy withdrawn from the 
electric grid, ICO2 is the average carbon emission intensity in Europe, 
which is set to 250 gCO2/kWh [54], and the scalar coefficients wa and wb 
represent the weighting factors used in the weighted sum method to 
balance the two objectives [55].

The main techno-economic data assumed as model input parameters 
are summarized in Table 1.

The electrolyzer system efficiency (ηEL) is evaluated according to Eq. 
(6). 

ηEL =
PEL,out

PEL,in + PEL,aux
=

nH2⋅LHVH2

PEL,in + 0.1⋅PEL,in
[%] (6) 

Where PEL,in,PEL.out and PEL,aux represent the electrolyzer input, output, 
and auxiliary power, respectively. nH2 is the number of moles of 
hydrogen generated while accounting for Faraday (or parasitic) current 
losses, and LHVH2 is the lower heating value of hydrogen. The term 0.1 •

PEL,in accounts for the auxiliary energy demand for fans, pumps, cooling, 
and control systems, which is set to 10 % of the electrolyzer power 
consumption [63]. PEL,in and nH2 are evaluated according to the cur
rent–voltage characteristics of the electrolyzer, which were derived 
from the polarization curve described by Rozzi et al. [60]. Further de
tails on the parameters involved in this equation can be found in Section 
S.1 of the Supplementary Material.

The BESS degradation curve resulting from aging is computed using 
an empirical degradation function, adapted from the work of Grimaldi 
et al. [61]. A ninth-order polynomial equation has been adopted to 

Fig. 2. Input data used for the model: a) hydrogen demand, (b) PV power capacity, and (c) electricity price. The left side shows the datasets for the entire year, while 
the right side presents the data profiles for a 5-day period.
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accurately represent the remaining capacity as a percentage of the initial 
capacity (SOCBESS,rem), and as a function of the number of cycles (cyc) 
performed by the battery (Eq. (7)). 

SOCBESS,rem = 100 − 5.613− 32⋅cyc9 + 3.121− 27⋅cyc8 − 6.353− 23⋅cyc7

+ 6.630− 19⋅cyc6 − 3.987− 15⋅cyc5 + 1.435− 11⋅cyc4

− 3.070− 8⋅cyc3 + 3.746− 5⋅cyc2 − 0.0277⋅cyc [%] (7) 

The output variables returned by the models include both design and 
operational parameters, which are crucial for defining the performance 
of the P2H system.

The design parameters specify the sizes of the system components, 
including the nominal power of the PV system (PPV,nom), BESS (PBESS,nom), 
and the electrolyzer (PEL,nom), as well as the nominal energy capacity of 
BESS (EBESS,nom) and the CGH2 system (ECGH2 ,nom). Each of these design 
variables is constrained to a maximum of 200 MW (for power ratings) or 
200 MWh (for energy capacities).

The operational parameters describe the energy management strat
egy, i.e. the operational scheduling computed for each timestep of the 
simulation period, and they include the following: 

i. The input power to the electrolyzer (PEL,in) and the output power 
generated by the electrolyzer (PEL,out)

ii. The power exchanged with the BESS, that is, both charged and 
discharged (PBESS,ch,PBESS,dc)

iii. The energy stored in the BESS (EBESS,stored)
iv. The remaining energy capacity of BESS (EBESS,rem)
v. The hydrogen exchanged with the hydrogen storage system, both 

charged and discharged (PCGH2 ,ch,PCGH2 ,dc)
vi. The hydrogen stored in the CGH2 system (ECGH2 ,stored)

vii. The power exchanged with the electric grid, including both 
withdrawal and injection (PGrid,buy,PGrid,sell)

viii. The purchased hydrogen (PH2,buy)

2.2. MILP modeling and optimization

The model was developed in the Python environment using the 
Pyomo framework [64], and was solved using the GurobiTM solver [65]. 
The computations were performed on a workstation equipped with an 
Intel(R) Core(TM) i7-10700 K CPU and 32 GB of RAM. The maximum 
allowable relative MIP gap tolerance was set at 1%. The model utilized 
parallel processing across 16 threads, with a specified Cuts level set to 3. 
Additionally, a time limit of 48 h was imposed, and the No Relaxation 
heuristic parameter (NoRelHeurWork), which specifies the maximum 
time elapse between two iterations of the heuristic process, was set to 
1000 s.

As shown in Fig. 1, the system is denoted by two nodes: one for the 
exchange of electric power and one for balancing the hydrogen energy. 
The electric power exchange node manages the flows of electric power 
generation and consumption (Eq. (8)), while the hydrogen energy bal
ance node oversees hydrogen production, storage, and consumption (Eq. 
(9)). These power balances should be satisfied simultaneously at each 
time step. 

PPV(t)+PBESS,dc(t) + PGrid,buy(t) = PEL,in(t)+PBESS,ch(t)+PGrid,sell(t)[MW]

(8) 

PEL,out(t)+PCGH2 ,dc(t)+PH2,buy(t) = PCGH2 ,ch(t) + PH2,load(t)[MW] (9) 

A detailed formulation of the MILP model, including all component- 
specific constraints and the objective function, is presented in Section 
S.2 of the Supplementary Material.

2.2.1. 2.2.1Piecewise functions
The non-linear behavior of the efficiency of the electrolyzer in the 

MILP problem and the BESS degradation curves were modeled by 
introducing piecewise affine (PWA) linearization functions. This 
approach approximates non-linear curves in linear segments. The 
method proposed by Marocco et al. [41] was employed for the efficiency 
of the electrolyzer. In this method, the normalized output power 
(ηEL⋅PEL,in/PEL,nom) is computed as a function of the normalized input 
power (PEL,in/PEL,nom). As can be seen in Fig. 3a, this curve is divided into 
three linear segments defined by four breakpoints. Fig. 3b illustrates the 
resulting efficiency curve after the PWA linearization of the power 

Table 1 
Techno-economic parameters used for the P2H model.

Parameter Value Reference

PV system
CAPEX 1200 €/kW* Utility-scale, one-axis, tracking 

systems [56]
OPEX 2 % Utility-scale, one-axis, tracking 

systems [56]
Lifetime Project lifetime ​
Capacity bounds 0–200 MW ​

Electrolyzer
CAPEX 900 €/kW 100 MW electrolyzer [57] + 10 

% installation costs [58,59]
OPEX 3 % [57]
Replacement cost 40 % [57]
Stack lifetime 10 y [57]
Lifetime BOP Project lifetime ​
Operating range 5–100 % of nominal power [60]
Efficiency Efficiency curve 

Constant: 62.5 %
Based on the polarization curve 
model [60]

Capacity bounds 0–200 MW ​

Hydrogen storage
CAPEX 10 €/kWh [57]
OPEX 2 % [57]
Lifetime Project lifetime ​
Operating range 10–100 %** ​
Initial state-of-fill 50 % ​
Capacity bounds 0–200 MWh ​

Battery energy storage system
CAPEX 300 €/kWh + 150 €/kW Battery with a 200 MWh/50 

MW energy capacity [57]
OPEX 2 % [57]
Replacement 

costs
50 % [57]

Module lifetime 7000 cycles End of life 65 %, obtained on 
the basis of the degradation 
curve [61]

Lifetime BOP Project lifetime ​
Operating range 15–95 % of the nominal 

capacity
[54]

Initial state-of- 
charge

50 % ​

Efficiency Battery efficiency:93 % 
Inverter efficiency: 96 %

[57,61]

Self-discharging 0.008 %/h [56]
Degradation Degradation curve 

Linear:1 − 5.02 10− 5 cyc
[61]

Capacity bounds 0–200 MWh ​

Other economic parameters
Electricity 

purchase price
Hourly data [49,50]

Electricity selling 
price

40 % of the hourly 
electricity price

[62]

Discount rate 5 % [54]
Project lifetime 20 y [62]
Hydrogen 

purchase cost
750 €/MWh [51]

* Exchange rate: 1 USD = 0.92 EUR.
** The hydrogen storage system operates at a maximum pressure of 30 bar, 

which is the output pressure of the electrolyzer. Moreover, the pressure 
requirement for the end-user is set at 3 bar.
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output curve.
A similar approach was applied to the BESS degradation curve. The 

remaining capacity is described as a function of the number of cycles, by 
three linear segments defined by four breakpoints (Fig. 4).

The number of breakpoints is a balance between the approximation 
error (root mean square error) and increased computational time. The 
quality of the fit was evaluated by computing the root mean square error 
(RMSE) and the coefficient of determination (R2). For the battery 
degradation curve, the linear approximation resulted in an RMSE of 
2.79 % and an R2 of 0.89, while the PWA model significantly improved 
the fit, achieving an RMSE of 0.52 % and an R2 of 0.996. For the 

electrolyzer efficiency curve, the PWA approximation yielded an RMSE 
of 0.16 % and an R2 greater than 0.999, indicating an excellent corre
spondence with the original non-linear profile. In contrast, assuming a 
contrast electrolyzer efficiency of 62.5 % results in a significantly higher 
RMSE of approximately 1.77 %. Nonetheless, this constant efficiency 
value was selected as it represents a typical average efficiency for 
commercially available electrolyzers [57]. These results confirm the 
high accuracy of the PWA approach, particularly when compared to 
simpler linear representations. Additional details on the PWA lineari
zation are presented in Section S.3 of the Supplementary Material.

2.2.2. Rolling horizon
The rolling horizon approach allows a continuous re-optimization to 

be made by dividing the simulation period into smaller intervals and 
repeatedly solving the optimization problem over a shifting time win
dow (optimization horizon H). Initially, optimization horizon H is cho
sen, and a size U step, which determines the extent of the shift for each 
iteration (update interval), is set. The optimization problem is solved for 
the current optimization horizon, H, using the latest available data. This 
involves determining the optimal scheduling and dispatching of re
sources within the optimization horizon. The first part of the solution, 
which covers U hours, is implemented and saved as the problem solu
tion. The optimization horizon is then moved forward by the size Ustep, 
and the system state is updated with the most recent data. The optimi
zation process is again repeated for the new optimization horizon until 
the final scheduling period is reached.

Fig. 5 illustrates the scheduling mechanism for the rolling time ho
rizon approach with an optimization horizon of 48 h and a step size of 
24 h. A 24-hour update period is selected to capture the cyclic nature of 

Fig. 3. Non-linear model and PWA linearization of the efficiency of the electrolyzer: a) normalized output power as a function of the normalized input power, b) 
efficiency of the electrolyzer as a function of the normalized input power. The markers indicate the breakpoints of the PWA segments.

Fig. 4. Non-linear model and PWA linearization of the BESS degradation curve. 
The markers indicate the breakpoints of the PWA segments.
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the PV systems, while a 48-hour optimization horizon is considered to 
account for next-day effects, while avoiding the excessive computational 
time associated with longer horizons [40].

The rolling horizon approach, which breaks down the optimization 
period into smaller intervals, is unsuitable for optimizing such design 
variables as the size of system components. This is because it focuses on 
short-term decisions within each time window, thereby preventing the 
adjustment of design variables across different horizons. For this reason, 
a two-layer optimization strategy is implemented. In this approach, PSO 
is used to optimize the component sizes (design variables), while MILP 
handles the operational scheduling (Fig. 6). Details on the PSO algo
rithm implementation are reported in Section 2.2.

2.3. PSO modeling and optimization

The particle swarm optimization algorithm is a stochastic meta- 
heuristic technique that is implemented in Python using the pyswarms 
framework [66]. PSO seeks the global optimum by iteratively refining 
candidate solutions, which are represented as particles. These particles, 
which are influenced by their individual experiences (cognitive 
behavior) and the collective influence of their neighbors (social 
behavior), explore the search space. The algorithm adjusts the velocity 
and position of each particle according to Eq. (10) and Eq. (11), and thus 
drives the swarm toward an optimal solution. 

vij(k + 1) = w⋅vij(k) + c1⋅r1j(k)⋅
[
yij(k) − xij(k)

]
+ c2⋅r2j(k)⋅

[
ŷj(k)

− xij(k)
]

(10) 

xij(k+1) = xij(k)+ vij(k + 1) (11) 

where the subscript i refers to a specific particle in the swarm, j indicates 
a specific dimension in the search space, and k represents the iteration. 
The hyperparameters w, c1 and c2 control the momentum of the parti
cles, and they balance the exploration (searching new areas) and 
exploitation (refining the current best solutions); w influences the inertia 
of the particles and impacts their tendency to continue in their current 
direction; c1 affects the cognitive behavior and guides the particles to
ward their individual, best-known positions; c2 influences the social 
behavior and directs particles toward the global best-known position 
discovered by the swarm. The xij(k + 1) position is updated by adding a 
new velocity, vij(k+ 1), to the current position, xij(k). The new velocity 
is computed on the basis of the previous velocity of the particle, vij(k), 
the cognitive component influenced by the individual best position of 
the particle, yij(k), and the social component influenced by the global 
best position, ŷj(t). The random values r1j(k) and r2j(k), which are uni
formly distributed between 0 and 1, introduce stochastic behavior into 
the particle paths.

In this study, the problem search space consisted of 5 dimensions, 
which corresponded to the design variables that had to be optimized. 
The PSO algorithm parameters – including population size (number of 
particles), number of iterations, inertia weight (w), and cognitive (c1) 
and social (c2) acceleration coefficients – were carefully selected based 
on a systematic analysis conducted through a structured grid search 
approach. The optimal parameter selection considered multiple criteria 
simultaneously: the quality of the obtained solution (best objective 
function value), computational time required for convergence, and 
practical feasibility of the resulting solutions. The complete set of PSO 
parameters explored in the grid search, along with the corresponding 
tested ranges and the final selected optimal settings, are summarized in 
Table B1. A linear adjustment of the acceleration coefficients and inertia 
weight facilitates a gradual shift from exploration to exploitation, and it 
enhances the convergence of the algorithm while preserving the 

Fig. 5. Schematic diagram of the rolling horizon model.

Fig. 6. Schematic of the two-layer, optimization framework that combines PSO 
for design optimization and MILP with a rolling horizon for opera
tional scheduling.
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exploration of a solution in the early iterations. The search space was 
bounded by design variable limits, ranging from 0 to 200 MW (or MWh).

In the specific case of the PSO_RB configuration, the optimization 
process is coupled with a rule-based energy management strategy, 
rather than an embedded scheduling model. At each time step, the 
model updates the relevant state variables to track the available 
renewable energy, the energy directed toward storage, and the energy 
used to meet the load demand. The core of the simulation logic revolves 
around allocating the available renewable energy, while focusing on 
whether the hydrogen load can be met directly by power from the 
electrolyzer or whether hydrogen needs to be drawn from storage.

When the hydrogen load is positive, the model checks if it can be 
satisfied by the power made available by the electrolyzer. If so, it cal
culates the power delivered to the electrolyzer, updates the energy 
storage levels, and determines any excess renewable energy. If the 
hydrogen load is not met fully by direct production, the model attempts 
to supplement it with stored hydrogen. When the stored hydrogen is 
insufficient to meet the demand, additional hydrogen is purchased. The 
system prioritizes powering the electrolyzer with PV energy, and any 
additional required energy is supplied by the battery. If the battery ca
pacity is insufficient, the remaining energy is drawn from the grid. After 
meeting the load requirements, any excess energy is stored in available 
storage devices (battery or hydrogen storage). When these storage de
vices are at full capacity, any excess PV electricity is sent to the grid. The 
electrolyzer efficiency and battery degradation are both modeled ac
cording to the non-linear functions presented above. The complete 
schematic of the flowchart for this model is detailed in Section S.4 of the 
Supplementary Material.

2.4. Performance indicators

Certain key performance indicators (KPI) were introduced to 
compare the proposed models: four design indices and three scheduling 
indices. The design indices include the import index, which measures 
the ratio of electricity purchased from the grid to the total load, calcu
lating according to Eq. (12). 

ImportIndex =

∑
PGrid,buy(t)

∑
PH2,load(t)

[%] (12) 

The PV surplus index evaluates the proportion of surplus energy 
generated by the PV panels that is injected into the grid, as repS.5re
sented by Eq. (13). 

PVsurplus =

∑
PGrid,sell(t)
∑

PPV(t)
[%] (13) 

Additionally, the storage utilization factors indicate the ratio of energy 
consumed from the battery, or the hydrogen storage, to their nominal 
capacity, defined as per Eq. (14) and Eq. (15). 

BESSutilization =

∑
PBESS,dc(t)⋅Δt
EBESS,nom

[%] (14) 

CGH2utilization =

∑
PCGH2 ,dc(t)⋅Δt
ECGH2 ,nom

[%] (15) 

Instead, the scheduling indices consist of the average state of charge or 
state of fill (SOCBESS,ave, SOFCGH2 ,ave), which reflects the average charge 
level of the storage systems over time (Eqs. (16)–(17)), and the average 
efficiency of the electrolyzer (ηEL,ave), which indicates the average effi
ciency achieved during its operation (Eq. (18)). 

SOCBESS,ave = mean
(

EBESS,stored(t)
EBESS,nom

)

[%] (16) 

SOFCGH2 ,ave = mean
(

ECGH2 ,stored(t)
ECGH2 ,nom

)

[%] (17) 

ηEL,ave = mean(ηEL(t))[%] (18) 

3. Results

The results of the comparative assessment of the optimization algo
rithms used for the design and operational management of the P2H 
system are presented in the following sections. The analyzed models are 
summarized in Table 3. The optimization variables, along with the 
techno-economic input parameters and constraints applied in the 
modeling framework, are detailed in Section 2.1 and Table 1.

The objective function of this optimization problem attempts to 
minimize both the levelized cost of hydrogen and carbon emissions. 
Fig. 7 presents the outcomes obtained for the objective function for the 
algorithms, while Fig. 8 illustrates the component sizing and electricity 
exchanges with the grid, including imports and exports.

The comparative analysis revealed significant differences in the 
optimization outcomes, component sizing, and grid reliance of the 
different models. The PSO_RB model, which used a rule-based energy 
management strategy, achieved the lowest level of CO2 emissions (14.3 
kt/y), which resulted in a 27–45 % reduction, compared to the other 
models. This outcome largely resulted from its minimized grid imports 
(57 GWh), as the rule-based approach only drew power from the grid 
when no other energy source was available. However, this strategy led 
to an 8–26 % increase in LCOH. The higher LCOH was attributed to the 
need for a larger battery power rate (94 MW) to maintain system au
tonomy, together with a 20 % increase in PV capacity (196 MW) and a 
70 % increase in battery cycles, compared to the MILP_C model. This 
heavy reliance on PV and battery storage raised the investment and 
operational costs relative to battery degradation, thereby impacting 
LCOH.

The MILP_NL and MILP_C models, which employed mixed-integer 
linear programming for both sizing and scheduling, adopted a 
different approach that involved depending more heavily on grid im
ports (103 GWh and 84 GWh, respectively). This reduced their PV re
quirements and grid exports (91 GWh and 100 GWh, respectively). 
MILP_NL operated with a PV capacity of 150 MW and a 49 MW battery 
power rate, while MILP_C relied on a slightly larger PV system (165 MW) 
and a substantially higher power rating (127 MW). Both models 
employed the maximum available hydrogen and battery storage energy 
capacity (200 MWh), with electrolyzer sizes of 150 MW for MILP_NL and 
200 MW for MILP_C. Although this strategy lowered the need for in
ternal energy resources, the increased grid dependence resulted in 
32–45 % higher CO2 emissions than PSO_RB, thus making these models 
less environmentally favorable. It should be noted that, despite the 
objective function having been defined to minimize both the LCOH and 
CO2 emissions, these models prioritized an LCOH reduction at the 
expense of increased CO2 emissions. As a result, the rule-based PSO_RB 
model performed better, in terms of environmental impact, thereby 
highlighting the trade-offs inherent to the optimization objectives of the 
MILP models.

The PSO_MILP_NL and PSO_MILP_C models, which combined parti
cle swarm optimization for sizing with MILP and rolling horizon opti
mization for scheduling, provided a more balanced approach. These 
models showed moderate grid imports (79 GWh and 81 GWh, respec
tively) and significantly higher grid exports (153 GWh and 122 GWh) 
than the MILP-only models, and this contributed to lowering CO2 
emissions and achieving higher revenues from electricity sales. These 
models, which optimized PV capacities of 179 MW and 197 MW, 
respectively, reduced dependency on the grid, without the need for 
oversized battery storage capacities, which remained at 168 MWh and 
134 MWh with minimal power ratings (10 MW and 9 MW). This strategy 
achieved a 9–14 % reduction in LCOH, compared to the MILP_NL and 
MILP_C models. The rolling horizon optimization facilitated an efficient 
use of the resources, and a balancing of the costs and emissions, without 
an excessive reliance on grid power or oversized storage solutions.
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Fig. 9 summarizes the results of the import and PV surplus indicators 
for analyzed models.

An analysis of the Import Index and PV surplus values provided 
further insights into the reliance of each model on the grid and the ef
ficiency of the utilization of renewable energy. As can be observed in the 
figure, the PSO_RB model, which has the lowest Import Index, that is, 29 
%, demonstrates the lowest dependence on grid imports, consistent with 
its minimized grid reliance (57 GWh), and the lowest CO2 emissions. 
This reduced Import Index is coupled with a moderate PV surplus of 31 
%, thus suggesting an effective management of the excess solar gener
ation to meet the demand, without any significant overproduction. 
Instead, the MILP_NL model exhibits the highest Import Index, that is, 
49 %, thereby reflecting a greater dependency on grid power (100 
GWh). Despite this, its PV surplus remains similar to that of PSO_RB, 
which is at 31 %, thus suggesting that much of the generated PV power is 
either directly utilized or stored. The other models fall within an Import 
Index range of 40 % and 41 %, with PV surplus values varying from 29 % 
for MILP_C to 37 % for PSO_MILP_C.

Fig. 10 shows the key performance indicators for hydrogen and 
battery energy storage.

The BESS and CGH2 utilization metrics reveal the extent of battery 
and hydrogen storage usage across the models. As can be seen in Fig. 10, 
the PSO_RB model has the highest BESS utilization with 173 cycles, 
which would seem to indicate an intensive battery use, due to its low 
grid dependence. Instead, MILP_NL shows a significantly lower BESS 
utilization, with only 16 cycles, which is aligned with its heavy reliance 
on grid imports and limited battery power (49 MW). This low utilization 
suggests that 200 MWh BESS is an inefficient solution, as it does not 
justify the capital expenditure. The PSO_MILP_C and PSO_MILP_NL 
models achieve intermediate BESS utilization levels of 162 and 140 
cycles, respectively, thereby striking a balance between grid reliance 
and storage use, without the excessive cycling that would increase 
operational costs. Despite the potential for a higher utilization, the 
significant costs associated with battery degradation and the option of 
utilizing hydrogen storage contribute to the underutilization of the 
battery system.

Table 3 
Optimization strategy, electrolyzer efficiency, and battery degradation assumptions of the five case studies.

Case Name Optimization strategy adopted for component 
sizing

Optimization strategy adopted for operational 
scheduling

Electrolyzer efficiency Battery degradation

1 MILP_NL MILPa MILP Piecewise linear 
function

Piecewise linear 
function

2 MILP_C MILP MILP Constant Linear function
3 PSO_MILP_NL PSOb MILP Piecewise linear 

function
Piecewise linear 
function

4 PSO_MILP_C PSO MILP Constant Linear function
5 PSO_RB PSO RBc Non-linear function Non-linear function

a MILP: mixed-integer linear programming.
b PSO: particle swarm optimization
c RB: rule-based energy management strategy.

Fig. 7. Objective function metrics: levelized cost of hydrogen (LCOH) and 
CO2 emissions.

Fig. 8. Component size for the different models.
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In terms of CGH2 utilization, PSO_MILP_C exhibits the highest 
hydrogen storage usage with 423 cycles, while the PSO_RB and MILP_NL 
models show lower utilization levels with 297 cycles. This difference 
reflects the trade-off between battery and hydrogen storage as energy 
buffers. PSO_MILP_C achieves a higher CGH2 utilization by optimizing 
both storage and dispatching, thereby reducing grid dependency while 
efficiently using hydrogen as an alternative storage medium. Moreover, 
its higher utilization in MILP_C and PSO_MILP_C could also be partially 
attributed to the efficiency of the electrolyzer. Models that demonstrate 
greater hydrogen storage utilization typically exhibit more consistent 
and higher efficiency than other MILP models. This enhanced efficiency 
enables a better conversion of excess renewable energy into hydrogen, 
thereby further optimizing the overall energy management strategy.

The remaining BESS capacity also varies for the different models. 
Degradation in the MILP_NL and MILP_C models is only calculated on 
the basis of the cycle count, without considering the SOC levels. As a 
result, even though the BESS utilization in the MILP_NL model is only 16 
cycles, the remaining capacity is calculated considering partial cycles 
(103 for MILP_NL and 334 for MILP_C), thus leading to a lower 
remaining capacity than what is utilized. Moreover, the models that 
employ linear degradation functions, such as MILP_C and PSO_MILP_C, 
may underestimate the initial steep degradation curve, and this results 
in a slight overestimation of the capacity remaining after one year. This 
simplification is reflected in their relatively high remaining capacities 
(0.983 and 0.990, respectively) compared to what could be expected for 
an equivalent number of cycles using non-linear degradation functions. 
For instance, although the cycle counts of the PSO_RB model (173 cy
cles) and PSO_MILP_C model (162 cycles) are similar, the remaining 

BESS capacity in the PSO_RB model is only 0.956 lower than the 0.99 of 
the PSO_MILP_C model. However, it is important to note that this 
reduction in battery capacity has less impact than the financial impli
cations of degradation costs.

Finally, the state of charge of BESS and the state-of-fill of CGH2 
illustrate the average utilization levels of each storage type. PSO_RB 
shows the highest average SOC for BESS (56 %), thereby indicating a 
preference for maintaining higher energy reserves in the battery, due to 
its rule-based strategy, which minimizes grid imports. MILP_NL, with a 
high grid dependency, operates with a moderately high SOC of 60 % for 
BESS, but it shows a relatively low BESS utilization, thus suggesting that, 
although energy is stored, it is less frequently cycled. The SOF for CGH2 
remains consistent across most of the models, hovering around 50–53 %, 
with PSO_MILP_C and MILP_C utilizing a slightly higher fill level, which 
is aligned with their higher CGH2 usage.

An analysis of the electrolyzer efficiency revealed that the PSO_RB 
model achieved the highest average electrolyzer efficiency, that is, 63.6 
%. This is primarily because it operated closer to the nominal power 
more frequently than the other models, thanks to its rule-based strategy, 
which prioritized electrolyzer utilization. Consequently, the PSO_RB 
model demonstrated a more stable and efficient use of the electrolyzer 
over time. On the other hand, the MILP_NL and PSO_MILP_C models 
exhibited a lower average electrolyzer efficiency, that is, of around 60 
%, thus indicating that their operational conditions were not consis
tently optimal, and this resulted in a less effective performance than the 
PSO_RB model.

Fig. 11 and Fig. 12 illustrate the electrical and hydrogen energy 
balances of the different models. Positive values represent power supply 
variables (red line), including RES power production (bright yellow fill), 
battery discharge power (dark yellow fill), and grid withdrawal power 
(orange fill). Conversely, negative values correspond to power demand 
variables (dark blue line), such as electrolyzer power (light blue fill), 
battery charge power (teal fill), and grid-injected power (light cyan fill). 
Section A in Fig. 11 highlights the various strategies that can be adopted 

Fig. 9. Performance index of the imports and PV surplus.

Fig. 10. Performance indicators of the hydrogen and battery energy storage.
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to manage the electricity demand when PV production is absent. In the 
MILP_and PSO_MILP_models, the electrolyzer operates continuously at 
different power levels, that is, it adapts to the available energy. How
ever, the battery is rarely used in the MILP_NL and MILP_C models, as 
can be deduced from previous results, and this leads to a greater reliance 
on grid imports to satisfy the demand. The PSO_MILP_NL and PSO_
MILP_C models instead show a clear preference for battery usage, 
whenever it is available; these models only resort to the grid to cover 
peak loads when the BESS state of charge reaches its minimum. The 
PSO_RB model adopts yet another approach: in the hours leading up to 
PV production, the battery is discharged to meet the demand, while after 
PV production, hydrogen storage − charged during PV generation − is 
used to satisfy the energy needs. It should be noted that this model 
avoids grid imports completely during these periods and relies solely on 
internally stored resources.

Section B in Fig. 11 further emphasizes the distribution of PV energy 
between the electrolyzer, battery charging, and grid exports. In the 
MILP_NL and MILP_C models, PV energy is primarily shared between 
powering the electrolyzer and injecting any surplus into the grid, with 
minimal battery charging. The PSO_MILP_NL, PSO_MILP_C, and PSO_RB 
models instead allocate a portion of surplus PV energy to battery 
charging. The PSO_MILP_NL model, in which electrolyzer efficiency is 
affected by the operating point, tends to operate the electrolyzer close to 
its nominal capacity, albeit for shorter periods. On the other hand, 
PSO_MILP_C does not account for power-dependent efficiency for 
hydrogen production, and this results in a steadier operation for less 
power. The electrolyzer in the PSO_RB model initially operates at 
nominal power, until the compressed hydrogen storage reaches full ca
pacity, and it then adjusts to meet the demand as needed, as demon
strated in Fig. 12.

As far as the hydrogen balance in Fig. 12 is concerned, section A 
reveals a notable difference in hydrogen load coverage among the 
models. The PSO_RB model emerges as the only model that is capable of 
meeting the hydrogen demand solely from CGH2 stored during periods 
without PV production. The other models instead mainly rely on 
hydrogen storage, but part of their demand is still supplied by the 
electrolyzer, which operates at minimal power, thereby leading to 
reduced efficiency.

Fig. 12 also illustrates how the operation of the electrolyzer is 

affected by the state of filling of hydrogen storage. Section B reflects the 
patterns that were observed in the electrical energy balance. A distinc
tive feature of the PSO_RB model is that hydrogen storage is charged at 
the start of PV production and remains fully charged throughout the PV 
generation period, only to be fully discharged during non-solar hours. 
Instead, hydrogen storage typically charges more gradually in the other 
models, often reaching a partial peak halfway through PV production, 
due to temporary drops in the PV output, before completing the charge 
cycle later on during the day.

In addition to energy, economic and environmental performance, the 
computational efficiency of each optimization strategy was assessed. 
The MILP-based models required up to 48 h to return results, with 
MIPGap values remaining above 30 % in complex scenarios. The hybrid 
PSO-MILP models achieved convergence within 27–35 h with MIPGap 
values below 1 %, thanks to the use of a rolling horizon approach. The 
PSO_RB model, relying on rule-based control, completed its optimiza
tion in only 1.5 h. These findings underscore the importance of 
balancing solution quality with computational feasibility, particularly in 
applications where scalability and response time are critical.

4. Discussion

This section discusses the broader implications of the results by 
analyzing how different optimization strategies and modeling choices 
influence system performance. Special attention is given to the trade- 
offs between cost, emissions, and computational burden, as well as to 
the impact of specific techniques such as piecewise affine linearization 
and rolling horizon control.

4.1. Computational performance and scalability of optimization models

MILP algorithms are generally expected to provide a high accuracy 
level for the models analyzed in this work, due to their being based on 
exact mathematical optimizations. These algorithms can ensure an 
optimal or nearly-optimal solution within a specific tolerance (MIP 
Gap), particularly for linear and piecewise linear problems [67]. How
ever, as the size and complexity of a problem increase, MILP models can 
become computationally demanding and, in some cases, impractical. In 
this study, for example, the MILP_NL and MILP_C models had to face 

Fig. 11. Electric balance of the different models.
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significant computational challenges, and this led to suboptimal results, 
even after 48 h of computation. This computational burden in part arises 
because MILP requires a simultaneous optimization of design and 
scheduling over the entire time horizon, which leads to a large number 
of variables and constraints. Additionally, the need to piecewise- 
linearize the efficiency of the electrolyzer and account for battery 
degradation adds further complexity [68].

This scalability issue was particularly evident in the MILP_NL and 
MILP_C models analyzed in this study. Indeed, the computational time 
required to solve these problems was very high, and even after 48 h of 
computation, an optimal solution had still not been reached, thus 
resulting in suboptimal outcomes. The complexity of the computation 
was in particular increased by the need to track battery cycles and to 
compute degradation. For example, in the cases with constant efficiency 
and no degradation, the model achieved an MIPGap of less than 1 % 
within 30 s. However, when linear degradation was introduced, the 
model only achieved an MIPGap of 30 % after 48 h of computation. 
Additionally, the MILP_NL and the MILP_C models both had to face the 
limitation of not accounting for the depth of discharge of the battery in 
the degradation calculations. This simplification was necessary to avoid 
introducing non-linearities, which means that both sizing and sched
uling were optimized under the assumption that the battery degradation 
only depended on the number of cycles and not on the state of charge.

Compared to non-linear formulations (e.g., MINLP), the adoption of 
piecewise affine linearization significantly improves the computational 
tractability of the MILP framework by enabling the representation of 
complex system behaviours within a linear structure. However, this 
inherently introduces an approximation of non-linear dynamics, leading 
to a trade-off between model fidelity and optimization feasibility that 
must be carefully considered. In this study, the PWA functions were 
designed to balance accuracy and computational efficiency, as sup
ported by the low RMSE and high R2 values reported in Section 2.2.1. 
Nevertheless, a full validation against high-fidelity non-linear models 
was not conducted, as such simulations would substantially increase the 
computational burden and fall beyond the scope of this work. Future 
studies could incorporate a direct comparison between MILP-PWA and 
MINLP formulations to quantify the impact of such approximations on 
system behaviour and economic outcomes. This direction is supported 

by previous findings − for example, Grimaldi et al. [61] showed that 
MILP-based simplifications yielded results with limited deviation from 
full non-linear formulations, while reducing computation times by more 
than an order of magnitude.

The model was adapted to a MILP, combined with a PSO framework 
with rolling horizon optimization, to mitigate this issue and reduce the 
computational time. In this way, the scheduling problem was broken 
down into smaller, more manageable, sub-problems over shorter time 
intervals. By optimizing these sub-problems sequentially, the rolling 
horizon approach was able to significantly reduce the computational 
burden, thus making the problem more manageable, although it still 
provided high-quality results. The PSO_MILP_NL and PSO_MILP_C 
models achieved a MIPGap of 1 % after 35 and 27 h, respectively. The 
PSO_RB model instead managed to optimize the design variables by 
relying on predefined rules for the energy management strategy, and it 
required only 1.5 h to converge on the optimal solution. A summary of 
computation time, convergence metrics, and PSO iteration settings is 
reported in Table S.4of the Supplementary Material.

These results may appear to contradict the conventional view that 
MILP is computationally more efficient than metaheuristic algorithms. 
However, such a view holds primarily for strictly linear or moderately 
sized problems. In this study, the need to approximate nonlinear be
haviors (e.g., electrolyzer efficiency, battery degradation) with piece
wise functions, coupled with the simultaneous optimization of design 
and scheduling over long horizons, leads to MILP formulations with a 
high number of variables and constraints. As a result, the computational 
cost of MILP becomes comparable to, or even exceeds, that of heuristic 
methods, particularly when solution accuracy (e.g., low MIP gap) is 
required. Conversely, metaheuristics like PSO, while inherently 
approximate and reliant on population-based search, can more flexibly 
accommodate nonlinearities and discontinuities in the system model, 
potentially yielding solutions that are closer to real-world operational 
feasibility. This reinforces the notion that algorithmic efficiency must be 
assessed in light of the actual problem formulation, not in abstract 
terms.

A more detailed analysis of the convergence behavior of the PSO- 
based models is provided in Fig. S.5 and Fig. S.6 of the Supplementary 
Material. These figures illustrate how the LCOH evolves throughout the 

Fig. 12. Hydrogen balance of the different models.
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optimization process. In particular, Fig. S.6 shows that all PSO models 
exhibit a clear and stable convergence trend within the specified number 
of iterations, confirming the reliability of the solution. Indeed, the 
number of particles (30) and iterations (50) were selected to ensure a 
balance between convergence and computational effort. As expected, 
the PSO_RB model converges faster due to its reduced problem dimen
sionality, while the hybrid PSO-MILP models require more iterations to 
refine the solution in a higher-dimensional, constrained design space.

It is worth noting that, although PSO was selected for its demon
strated robustness and performance, a wider comparison across multiple 
metaheuristic algorithms − including Grey Wolf Optimization, Har
mony Search, Constrained PSO, Flower Pollination Algorithm [69–71], 
and emerging strategies such as the Mayfly or Arctic Puffin optimization 
[72,73] − could provide further insights into trade-offs between 
convergence, scalability, and model interpretability. In this context, 
incorporating comparative experiments with additional advanced al
gorithms may further extend the research scope and strengthen the 
generalization of the conclusions. Future studies may explore such al
gorithms to expand on the optimization landscape presented in this 
work and validate the performance robustness of the proposed hybrid 
strategies.

4.2. Cost-emission trade-offs, operational strategies, and environmental 
performance

A key trade-off highlighted by the aforementioned results is the 
balance between minimizing the levelized cost of hydrogen and 
reducing greenhouse gas emissions. To further explore this balance, a 
Pareto front was constructed based on all solutions generated during the 
PSO_RB optimization process. As illustrated in Fig. S7 of the Supple
mentary Material, the resulting front delineates a clear non-linear rela
tionship between the levelized cost of hydrogen and CO2 emissions. 
Solutions located at the lower end of the emissions spectrum are asso
ciated with markedly higher production costs, while those achieving 
minimal LCOH values tend to exhibit significantly greater environ
mental impacts. This distribution underscores the absence of a single 
optimal solution, instead revealing a continuum of Pareto-efficient 
outcomes that enable flexible prioritization between competing objec
tives. The selected PSO_RB configuration is located on this front, thereby 
confirming its status as a cost-effective and environmentally responsible 
compromise within the feasible design space.

In order to meet the EU’s renewable hydrogen threshold, the GHG 
emission intensity must be below 3 kgCO2 per kg of hydrogen produced 
[54]. Only the PSO_RB model satisfied this standard, with an emission 
intensity of 2.38 kgCO2/kgH2, while the other models approached but did 
not meet the threshold. PSO_MILP_NL and PSO_MILP_C showed emission 
intensities of between 3.2 and 3.3 kgCO2/kgH2, whereas MILP_C and 
MILP_NL reached even higher values of 3.4 and 4.1 kgCO2/kgH2, 
respectively. These findings suggest that, although the models attemp
ted to balance cost and emissions, they did not always achieve the 
required environmental standard levels, thereby highlighting the ne
cessity of trade-offs to achieve the pre-determined LCOH and CO2 
emission levels.

The CO2 intensity of electricity imported from the grid was assumed 
to be constant at 250 gCO2/kWh, reflecting the average European grid 
value [54]. While real-world grid emission intensity is time-varying and 
dependent on the hourly mix of generation technologies, the use of a 
static emission factor was motivated by the need to maintain compu
tational tractability and methodological consistency across models. 
Incorporating dynamic marginal emission profiles would have required 
additional data processing and significantly increased model complexity 
and solver time, particularly for MILP-based models already character
ized by long computation durations. Moreover, given the objective of 

comparing different optimization strategies under consistent boundary 
conditions, a fixed emission factor ensured a fair and controlled 
assessment. Nevertheless, future work could explore the impact of time- 
varying CO2 intensities on the environmental performance of hybrid 
systems by leveraging country-specific marginal emission datasets or 
real-time grid mix data.

The LCOH results ranged from 10.1 to 10.7 €/kg for the MILP_NL and 
MILP_C models, from 9.7 to 9.2 €/kg for the PSO_MILP_NL and PSO_
MILP_C models and reached 11.6 €/kg for the PSO_RB model. These 
values are broadly aligned with findings in the pertinent literature but 
reflect certain differences, due to their underlying assumptions. Stolte 
et al. [54] reported LCOH values that ranged between 2.5 and 9 €/kg, 
with corresponding emission intensities ranging from 14.2 kgCO2/kgH2, 
for high electricity prices, to as low as 0.1 kgCO2/kgH2, for optimal 
conditions with low electricity prices and high renewable penetration. 
The lower LCOH values may partially have resulted from their inclusion 
of wind power, which typically features a higher capacity factor than 
solar PV, thereby reducing the overall cost of the electricity used for 
hydrogen production.

Similarly, Abomazid et al. [74] analyzed the cost of hydrogen of a 
system that integrates BESS and solar PV and reported LCOH values of 
between 5.39 and 8.74 €/kg, which were slightly lower than the results 
of this study. This discrepancy can be attributed to their assumption of a 
battery cost of 100 $/kWh, which was significantly lower than the cost 
considered in this study. Furthermore, neither of the aforementioned 
authors accounted for the impact of battery degradation on the perfor
mance and costs of the system, which is explicitly modeled in this work. 
The inclusion of battery degradation introduced additional operational 
constraints and increased the lifecycle costs, thereby resulting in higher 
LCOH values.

It should be recalled that the outcomes of this study (like any other 
study of this kind) are inherently sensitive to external market conditions, 
such as the electricity purchase and sale price ratios, as well as storage 
costs. Changes in these market dynamics could lead to different opti
mization strategies and potentially alter the results observed herein. 
Moreover, including revenues from electricity sales to the grid in the 
LCOH objective function, could incentivize the oversizing of the PV 
capacity to maximize grid sales, as previously highlighted in the liter
ature [54,62]. However, in this work, this type of oversizing was miti
gated by several key factors. These include the constraints imposed on 
the maximum PV capacity, the disparity between the purchase and sale 
prices of electricity, and the degradation and inefficiency costs associ
ated with energy storage systems. Collectively, these constraints ensured 
that the optimization process remained focused on hydrogen production 
and efficient storage management, rather than overly prioritizing grid 
sales.

The power limit of 200 MW adopted for the PV system reflects 
practical considerations related to the size of the installation. A 200 MW 
PV plant would occupy an area of approximately 6–8 km2, assuming a 
standard land-use efficiency of around 25–35 MW per km2 for utility- 
scale solar farms, depending on the efficiency and layout of the panels 
[75]. This capacity is aligned with the typical range adopted for utility- 
scale plants, which are often designed to deliver power over the 
100–500 MW range, thereby ensuring feasibility while accommodating 
land constraints [76].

Similarly, the energy storage capacities were capped at 200 MWh 
because of space-related considerations. This value corresponds to a 
volume of approximately 2,000–2,500 m3 for hydrogen storage at 30 
bar, depending on the design and storage capacity of the tank. A value of 
200 MWh represents a substantial footprint for BESS, given the energy 
density of modern lithium-ion batteries, which typically have an esti
mated physical volume of 1000 m3 for the required capacity (volumetric 
energy density of 200 kWh/m3 [77]). These limitations ensure the 
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feasibility of their integration in industrial-scale applications, while 
remaining consistent with the typical operational and economic con
straints of large-scale renewable energy systems. Moreover, these sizes 
are aligned with the benchmarks for utility-scale technologies, as re
ported by NREL (National Renewable Energy Laboratory) in their 2024 
Annual Technology Baseline Database [78], which provides standard
ized references for the modeling and design of energy systems.

Although the considered optimizer theoretically has the flexibility to 
draw energy from any source − PV, BESS or the grid − it exclusively 
utilizes PV energy for resale to the grid. This outcome is primarily driven 
by economic factors: the selling price to the grid is lower than the cost of 
purchasing electricity, thus any grid-to-grid interaction is effectively 
excluded from consideration. Additionally, the costs associated with 
battery degradation, which are compounded by conversion in
efficiencies during the charging and discharging cycles, make it 
economically unfeasible to resell stored energy. Indeed, the marginal 
financial benefit of selling battery-stored power is outweighed by the 
associated losses. As a result, the optimizer prioritizes more cost- 
effective strategies, such as that of directly using or selling surplus PV 
energy, and it avoids scenarios in which stored energy is discharged for 
sale on the grid.

Another important aspect of optimization is that the battery utili
zation rates underscore the trade-offs between grid reliance, battery 
size, and degradation. The rule-based PSO_RB model exhibited higher 
battery utilization, that is, around 173 cycles per year, thus reflecting its 
minimal dependence on grid imports and its attempt to maximize the 
use of the available stored energy. Conversely, the MILP_NL model, with 
only 16 battery cycles per year, relied more heavily on grid imports, 
which resulted in a lower battery usage and, therefore, underutilization 
of the battery investment. The PSO_MILP_NL and PSO_MILP_C models 
achieved more balanced results, with battery cycles of 140 and 162 per 
year, respectively. These findings are aligned with the existing literature 
on energy arbitrage. Grimaldi et al. [61], for instance, suggested cycle 
frequencies that ranged from 155 to 450 per year, depending on the 
degradation costs. Similarly, Cetinkaya et al. [79] calculated battery 
cycle frequencies of between 325 and 390 per year, with an aging of 
1.08–1.2 %.

Given a battery lifespan of 20 years and 7000 cycles, the optimal 
cycle frequency would be around 350 cycles per year. Utilization rates 
below this threshold would suggest that the full potential of the battery 
investment is not being exploited. Indeed, investing in an expensive 
battery, but underutilizing it, could lead to suboptimal returns, espe
cially since BESS costs are expected to decrease in the future.

While the present analysis is based on deterministic inputs for load, 
PV generation, electricity prices, and hydrogen demand, future work 
could incorporate uncertainty modeling through stochastic optimization 
or scenario-based approaches. This would support a more robust 
assessment of the trade-offs between cost, emissions, and reliability, 
thereby improving the resilience of the selected optimization strategies.

4.3. Implementation costs and practical feasibility

Finally, transitioning from a rule-based control system, which is 
typically implemented on a Programmable Logic Controller (PLC), to an 
advanced optimization-based approach that utilizes mixed-integer 
linear programming with a rolling horizon, presents a significant shift 
in both capital and operational expenditures. Although PLC-based 

systems are relatively cheap and suitable for routine, low-level control 
tasks, a MILP-based approach requires considerably more computational 
resources and incurs higher initial and operational costs.

In general, a PLC designed for industrial applications costs between 
€500 and €5,000, depending on its processing power, input/output ca
pabilities, and communication features. These controllers are energy- 
efficient and are built for rugged environments, thus making them 
highly reliable and requiring limited maintenance. Operating such a 
system is relatively cheap, as PLCs are optimized for continuous oper
ation and have minimal computational overheads.

On the other hand, a system designed to handle MILP-based opti
mization, particularly one that is capable of performing real-time or 
near-real-time computations, requires a significantly more powerful 
computational setup. The hardware costs for a basic workstation capable 
of handling moderate MILP problems can start at around €1,000 and 
may reach up to €10,000 for high-performance workstations with 
advanced multi-core CPUs, extensive RAM, and fast storage options. 
More powerful setups, such as dedicated servers or high-performance 
computing systems, may be necessary for applications that involve 
large-scale MILP problems or time-sensitive optimization. Such systems 
can range from €10,000 to €30,000, depending on the specific pro
cessing and memory requirements.

Additionally, MILP-based optimization requires specialized software 
and solver licenses, thereby adding to the overall cost. Industrial-grade 
MILP solvers, such as Gurobi, CPLEX, or MOSEK, often have annual 
licensing fees that can range from €5,000 to €20,000, depending on the 
computational scale and the number of used cores. Further costs can 
arise if custom software development or integration with demand 
forecasting models is required, especially when accurate demand and PV 
production predictions are essential for system optimization. Incorpo
rating forecasting introduces additional costs for data acquisition, sensor 
networks, and machine learning models, which further increases both 
the computational demands and the licensing expenses.

The overall costs of a PLC-based, RB system versus an optimized, 
MILP-PSO system are summarized in Table 4. The table provides a cost 
comparison that includes both hardware and software expenditures.

Apart from the initial setup and licensing costs, MILP-PSO systems 
also have higher operational costs, due to their increased energy con
sumption. Although PLCs typically consume around 10–50 W, the high- 
performance computing systems that are required for MILP can consume 
hundreds of watts, thereby impacting the long-term energy expenses. 
Moreover, MILP optimization is inherently more complex, and it re
quires regular updates, predictive data inputs, and maintenance of both 
the hardware and software components, all of which adds further costs.

Although the MILP-based strategies employed in this study rely on 
full-year simulations with perfect foresight, such formulations are pri
marily intended as reference benchmarks to evaluate the theoretical 
performance of different optimization paradigms. In real-world appli
cations, these strategies are impractical for real-time implementation 
due to their substantial computational demands and the requirement for 
complete a priori knowledge of system inputs. In contrast, heuristic 
methods or hybrid MILP approaches embedded within rolling horizon 
frameworks are more suitable for deployment, as they can incorporate 
updated forecasts and respond adaptively to time-varying system con
ditions under uncertainty.

Table 4 
Comparison of the overall costs of plc-based, rule-based models and milp-pso optimized systems.

System Estimated Hardware Cost [€] Estimated Software/ License Cost [€] Total Estimated Cost [€]

PLC (Rule-Based) 500–5,000 None or Low 500–5,000
MILP Workstation 1,000–10,000 5,000–20,000 6,000–30,000
High-End MILP Server 10,000–30,000 10,000–30,000 20,000–60,000
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5. Conclusions

This study has compared multiple optimization strategies – MILP, 
PSO, and hybrid approaches − for the design and operational manage
ment of hybrid hydrogen systems, with particular attention to algo
rithms performance under increasing model complexity, including 
nonlinear efficiency and degradation effects.. The results have revealed 
substantial differences in the economic and environmental perfor
mances of the systems, depending on the chosen optimization strategy.

Beyond the comparative analysis, this work introduces several 
methodological innovations, including the use of piecewise affine line
arization for electrolyzer efficiency and battery degradation in a sizing 
context, the extension of rolling horizon control to hybrid battery- 
hydrogen storage systems under dynamic pricing, and a structured 
evaluation of trade-offs between cost, emissions, and computational 
burden.

The PSO-based model with a rule-based energy management strategy 
(PSO_RB) demonstrated the best environmental performance, as it 
achieved the lowest CO2 emissions. Although this approach led to an 
8–26 % higher levelized cost of hydrogen, compared to the other 
models, it proved effective in reducing grid dependence and minimizing 
emissions. This trade-off highlights the importance of a comprehensive 
optimization approach that balances costs and environmental impacts. 
On the other hand, the MILP-based models (MILP_NL and MILP_C) were 
more cost-efficient, with lower LCOH values, but resulted in higher CO2 
emissions and a greater reliance on the grid.

The hybrid PSO-MILP models (PSO_MILP_NL and PSO_MILP_C) pre
sented balanced solutions, as they reduced both grid imports and CO2 
emissions, while maintaining competitive LCOH values. These models, 
which benefited from the integration of rolling horizon optimization, 
improved the responsiveness to dynamic energy needs, thereby opti
mizing the balance between energy production, storage, and 
consumption.

Energy management strategies play a critical role in reducing grid 
dependence. The PSO_RB model effectively maximized the use of 
renewable energy sources (such as PV) and stored energy (batteries and 
hydrogen), thereby minimizing imports from the grid. The MILP models 
instead were more reliant on grid power, which affected their overall 
sustainability. Additionally, the PSO_RB model achieved the highest 
electrolyzer efficiency. Moreover, it operated closer to its nominal 
power levels and optimized renewable energy utilization. Hydrogen 
storage utilization was also found to be the most efficient for the PSO_RB 
model, which prioritized maintaining a full hydrogen capacity during 
PV production. This allowed the model to meet the energy demands 
during non-solar hours, without the need for grid imports, thus illus
trating the importance of optimizing both battery and hydrogen storage 
to obtain the maximum efficiency of the system and a reduced LCOH.

These findings emphasize the need for a balancing of both the 
operational costs and carbon emissions when optimizing hybrid 
hydrogen systems. A hybrid approach that combines the strengths of 
MILP and PSO, along with advanced energy management strategies, 

appears to be the most promising solution for large-scale, hydrogen- 
production systems.

Further research could explore integrating non-linear functions, such 
as electrolyzer degradation and component investment cost functions on 
the basis of size, to improve the accuracy of the models. However, this 
would significantly increase the computational time, particularly for 
MILP models, due to the need for linearizing non-linear curves, which 
would add complexity to the optimization process and only provide 
marginal improvements to the results. Additionally, longer time hori
zons could be considered to assess the performance of long-term, energy- 
storage systems, although this would drastically increase the computa
tional times, potentially making such analyses impractical for large- 
scale systems.

Overall, this analysis demonstrates that model formulation and 
algorithmic strategy are deeply intertwined: the choice of optimization 
approach must be aligned not only with the design objectives (cost, 
emissions, reliability), but also with the level of model fidelity appro
priate for the application context. While MILP-based strategies offer 
potential long-term cost savings in terms of LCOH, their performance is 
strongly affected by the complexity of the model. Contrary to conven
tional expectations, MILP formulations in this study resulted in longer 
computational times than heuristic approaches due to the high dimen
sionality and the need to approximate nonlinear behaviors. This con
firms that algorithmic efficiency cannot be assessed independently of 
model structure and fidelity.
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Appendix A. Comparative overview of MILP-Based and metaheuristic optimization approaches for hybrid energy storage systems

Table A1 
Comparative summary of MILP-based and metaheuristic optimization strategies for hybrid storage systems, highlighting linearization techniques, application scope, 
and integration of hydrogen technologies.

Ref. Storage Type Optimization Algorithm Purpose Rolling 
Horizon

Non- 
linearities

Focus Notes

[22] H2 + BESS Metaheuristics Sizing No No Comprehensive review Environmental and socio-political 
parameters

[23] H2 + BESS PSO, ABC, BBO, GA, HS, 
IWO, SCE, TBLO

Sizing No No Algorithm comparison PSO outperforms on convergence 
and cost

[80] H2 + BESS ABC, CS, BB-BC, IC Sizing No No Hybrid storage 
comparison

Solar/wind + BESS more cost- 
effective

[24] H2 + SC PSO, MFO, GA, DA, 
GIA, SSA, ALO, GWO

Sizing No No Microgrid cost 
minimization

MFO most stable, PSO fastest

[25] H2 + BESS MFO, GWO, MVO. 
AVOA

Sizing No No Thermal plant 
replacement

Hybrid config reduces sizing needs

[26] H2 + BESS PSO Sizing No No Production cost 
minimization

Waste fermentation/natural gas 
reforming

[81] H2 + BESS +
SC

Hybrid JSPSOBAT 
(Jellyfish, PSO, BAT)

Scheduling No No EMS strategy testing Multi-algorithm hybridization

[17] H2 + BESS MILP Scheduling No No Cost minimization Linear battery degradation, H2 
prioritization

[25] H2 + BESS +
Thermal

MILP Scheduling No No Emission and cost 
reduction

Focus on hybrid multi-energy 
microgrid

[21] H2 + BESS MILP Scheduling No No Cost/emissions trade- 
off

PEM/SOEC comparison

[11] H2 + BESS MILP Scheduling Yes No Forecast-based 
operation

Uses extra-day forecast info

[42] H2 + BESS MILP Scheduling Yes PWA Efficiency impact Scheduling shifts to higher 
efficiency

[31] BESS MILP Scheduling Yes No Microgrid scheduling Confidence-weighted forecasts
[35] BESS MILP Scheduling Yes No Multi-objective control Economic dispatch, BESS costs, 

peak shaving
[36] BESS MILP Scheduling Yes No BESS control in smart 

grid
Two-stage method for RES self- 
consumption

[32] BESS MILP Scheduling Yes QP Smart home energy 
optimization

Real-time pricing; dynamic load 
management

[33] BESS MILP Scheduling Yes No Interval length 
sensitivity

SOC preservation vs early depletion

[30] BESS MILP Scheduling Yes Parametric Uncertainty-aware 
EMS

EV-integrated microgrid

[43] H2 + BESS MILP Scheduling Yes PWA Electrolyzer/fuel cell 
modeling

Includes temperature dynamics in 
PWA

[44] BESS MILP Scheduling Yes PWA Battery degradation PWA of damage per cycle vs DOD
[45] BESS MILP Scheduling No PWA Degradation and 

conversion loss
2D PWA for SOC and power

[38] BESS MILP Scheduling Yes PWA Cycle-counting 
integration

Real-time cycle counting for 
degradation

[39] BESS MILP Scheduling Yes PWA Cycle counting Convexity-based real-time RCA
[40] BESS MILP Scheduling Yes No Cycle counting RCA vs conventional cycle counting
[13] H2 + BESS MILP + Stochastic Scheduling No No Uncertainty-aware 

EMS
Multiple sources and demand 
response

[14] H2 + BESS MILP + Stochastic Scheduling No No Renewables 
uncertainty

MILP with stochastic model (Monte 
Carlo)

[15] H2 + BESS +
Heat

MILP + Stochastic Scheduling No No Demand response 
integration

Two-stage risk-constrained model

[27] BESS +
Pump hydro

MILP + PSO Scheduling No PWA Hybrid optimization 
for microgrid

MILP for initialization, PSO for 
refinement

[82] BESS + Heat MILP + PSO Scheduling Yes PWA Multi-scale operation 
planning

MILP for plan, PSO for daily 
adjustment

[83] BESS MILP + PSO Scheduling Yes PWA Hierarchical 
scheduling

MILP for internal, PSO for inter- 
microgrid

[84] H2 + BESS MILP + PSO Scheduling No No Integrated energy 
systems

Scheduling with hybrid model

[85] H2 + BESS MISOCP, MILP Sizing +
Scheduling

No MISOCP Techno-economic 
analysis

MISOCP vs MILP using nonlinear 
efficiencies

[18] H2 + BESS MILP Sizing +
Scheduling

No No Two-step optimization Min system costs and max energy 
stored

[19] H2 + BESS MILP Sizing +
Scheduling

No KKT Multi-microgrid co- 
optimization

Bi-layer model optimizing profits 
and costs

[10] H2 + BESS MILP Sizing +
Scheduling

No Linearized 
MINLP

Electric and thermal 
load

Binary-continuous product 
linearization

[16] H2 + BESS MILP Sizing +
Scheduling

No PWA Real-time pricing and 
planning

Seawater electrolysis substitutes 
BESS

(continued on next page)
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Table A1 (continued )

Ref. Storage Type Optimization Algorithm Purpose Rolling 
Horizon 

Non- 
linearities 

Focus Notes

[41] H2 + BESS MILP Sizing +
Scheduling

No PWA Electrolyzer/fuel cell 
efficiency

PWA for efficiency and investment 
cost

[12] H2 + BESS MILP + GA Sizing +
Scheduling

Yes No EMS strategy 
comparison

Short-term forecasting uncertainties

[34] H2 + BESS MILP + GA Sizing +
Scheduling

Yes No Off-grid system 
optimization

GA for sizing, rolling horizon-MILP 
for EMS

[86] − MILP vs PSO Sizing +
Scheduling

No LinDistFlow Comparative 
performance

MILP (GAMS) vs PSO (pypower)

[87] H2 + BESS MILP + PSO Sizing +
Scheduling

Yes No Energy management MILP/LP for scheduling; PSO for 
BESS sizing

[88] − MILP + PSO Sizing +
Scheduling

No No Multi-year 
optimization

PSO for capacity, MILP for 
operation

[28] H2 + BESS MILP + PSO Sizing +
Scheduling

Yes No Bi-level co- 
optimization

PSO for sizing, MILP for scheduling

[29] H2 + BESS MILP + PSO Sizing +
Scheduling

Yes PWA EMS strategy 
comparison

Rolling horizon vs single-layer MILP

This study H2 + BESS MILP + PSO Sizing +
Scheduling

Yes PWA Optimization 
algorithms comparison

Rolling horizon and PWA for BESS 
degradation and electrolyser 
efficiency

MISOCP: Mixed Integer Second Order Conic Programming
AVOA: African Vulture Optimization Algorithm
ABC: Artificial Bee Colony
BBO: Biogeography-Based Optimization
HS: Harmony Search
SCE: Shuffled Complex Evolution
TLBO: Teaching–Learning Based Optimization
CS: Cuckoo Search
BB-BC: Big Bang-Big Crunch
IC: Imperialist Competitive
DA: Dragonfly Algorithm
SSA: Salp Swarm Algorithm
ALO: Ant Lion Optimizer
GWO: Grey Wolf Optimizer
GOA: Grasshopper Optimization Algorithm
IWO: Invasive Weed Optimization
MVO: Multi-Verse Optimizer
KKT: Karush-Kuhn-Tucker
SC: Supercapacitor
QP: Quadratic Programming

Appendix B. ¡ Hyperparameter calibration for PSO Algorithm

The selection of PSO hyperparameters was based on a multi-phase calibration process aimed at balancing solution quality and computational cost. 
The procedure, applied to the PSO_RB model due to its reduced simulation time compared to PSO_MILP, began with a grid search over constant values 
for the cognitive coefficient (c1), social coefficient (c2), and inertia weight (w), followed by the evaluation of time-dependent decay strategies. Linear 
decay, decreasing c1 and w while increasing c2 over time, consistently yielded better convergence behavior and was therefore retained. Subsequent 
tests fine-tuned the decay profiles and assessed the impact of swarm size and iteration count, confirming that larger configurations provided only 
marginal improvements at the cost of significantly increased runtime. Finally, velocity- and boundary-handling strategies were compared, with 
“unmodified” and “periodic” offering the most stable and efficient results. The tested ranges and selected values are reported in Table B1, and detailed 
results are available in the supplementary Excel file.

Table B1 
PSO parameter selection via grid search: tested ranges and optimal parameter settings.

Parameter category Parameter Values tested Optimal selected

Acceleration coefficients and inertia 
weight

Cognitive coefficient Constant values between 0.5 and 2.5, and decay schemes (linear, non-linear, 
exponential) in the same range

Linear decay: from 2.5 to 
0.5

Social coefficient Constant values between 0.5 and 2.5, and decay schemes (linear, non-linear, 
exponential) in the same range

Linear increase: from 0.5 
to 2.5

Inertia weight Constant values between 0.1 and 1, and decay schemes (linear, non-linear, 
exponential) in the same range

Linear decay: from 1 to 0.1

Number of particles and iterations Number of particles 30, 50, 100, 150 30
Number of iterations 50, 100, 150, 200, 300 50

Velocity handling strategy Velocity handling 
method

unmodified, adjust, invert, zero unmodified

Boundary handling strategy Boundary handling 
method

periodic, nearest, random, shrink, reflective, intermediate periodic
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Appendix B. Supplementary material

Supplementary data to this article can be found online at https://doi.org/10.1016/j.enconman.2025.120306.

Data availability

Data will be made available on request.
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