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Abstract

This study integrates reinforcement learning (RL) optimization and internet of things (IoT) monitoring within a MATLAB/Simulink simulation
framework for hydrogen infrastructure. IoT sensors provide real-time data, enabling dynamic adjustments, while RL optimizes hydrogen logistics,
reducing costs and emissions. This approach enhances predictive accuracy beyond conventional models, offering a scalable solution for
sustainability. IoT sensors improve model precision, identifying underground storage as the most economical. Renewable energy integration
lowered emissions by 97.8% (from 9.00 to 0.20 kg CO2-eq/kg H2) and reduced hydrogen costs by 40% (from US$5.50 to US$3.30/kg), while RL
optimization achieved US$15 000 in cost savings and a 30% emissions reduction.

Keywords: internet of things (IoT); hydrogen infrastructure; machine learning; simulation-based modeling; sustainable energy systems

Nomenclature and Abbreviations

Abbreviation/
Symbol

Description Units

CO2 Carbon dioxide g/km or kg
CH4 Methane g/km
GBM Gradient boosting machine –-
GHG Greenhouse gas CO2-eq, kg/kg H2
H2 Hydrogen kg
IoT Internet of things –
kWh Kilowatt-hour kWh
LP Linear programming –
ML Machine learning –
N2O Nitrous oxide g/km
PEM Proton exchange membrane –
RL Reinforcement learning –
SMR Steam methane reforming –
USD United States Dollar –

1 Introduction

Hydrogen is widely recognized as a promising alternative
to conventional fossil fuels due to its potential to signifi-
cantly reduce greenhouse gas (GHG) emissions, especially in

the transport sector [1–3]. As the world grapples with the
challenges posed by climate change, the need for cleaner,
sustainable energy sources has never been more urgent [4–
6]. Hydrogen, with its zero tailpipe emissions, offers a unique
solution to decarbonizing transportation, one of the most
carbon-intensive sectors globally [7, 8]. When used in fuel
cells, hydrogen produces only water vapor as a byproduct,
making it an environmentally friendly option for a wide range
of transportation modes, including road vehicles, buses, trains,
and ships [9, 10].

As nations strive to meet net-zero emissions targets, the
global energy transition has accelerated, with hydrogen rec-
ognized as a key enabler of decarbonization [11]. Policies
such as the Paris Agreement, the European Green Deal, and
national hydrogen strategies in countries like Japan, Ger-
many, and the United States emphasize hydrogen’s role in
reducing reliance on fossil fuels. Hydrogen supports energy
diversification, enhances grid stability through storage, and
enables sectoral integration, particularly in transportation and
industry. By aligning with these global initiatives, hydrogen
infrastructure development is critical for achieving a low-
carbon, resilient energy system [12]. Many countries have
committed to scaling up hydrogen production as part of
their decarbonization strategies, investing in research, infras-
tructure, and policies aimed at reducing the environmental
footprint of energy-intensive industries [13, 14].
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However, despite its potential, the hydrogen sector faces
several challenges that hinder its widespread adoption [15].
The development of greener hydrogen production technolo-
gies, such as electrolysis powered by renewable energy, is
crucial to make hydrogen truly sustainable [16, 17]. Addi-
tionally, the storage and distribution of hydrogen present
significant technical challenges. Hydrogen must be stored at
high pressures or in liquid form to be transported efficiently,
which requires advanced storage solutions that are both cost-
effective and safe [18]. Furthermore, the distribution infras-
tructure for hydrogen is still in its infancy, and the lack of a
robust network of refueling stations and pipelines limits its
scalability [19].

These challenges, however, have not deterred ongoing
efforts to unlock the full potential of hydrogen as a
sustainable energy source. Researchers and industries are
exploring innovative solutions that address these barriers,
leveraging technologies such as machine learning, internet
of things (IoT) integration, and advanced simulation tech-
niques to optimize production, storage, and distribution
processes [20]. By improving the efficiency and scala-
bility of hydrogen infrastructure, it is possible to make
hydrogen a central component of the future clean energy
landscape [21].

Despite the considerable advancements in hydrogen tech-
nologies, several critical gaps remain in the research and
development of efficient and sustainable hydrogen infrastruc-
ture. One of the most pressing issues is the inefficiency in
current hydrogen production methods, which continue to rely
heavily on carbon-intensive processes such as steam methane
reforming [22]. While cleaner methods like electrolysis are
emerging, they remain expensive and face challenges in scaling
up to meet global demand [23, 24]. Furthermore, hydrogen
storage and transportation systems are not yet optimized,
with existing solutions often being costly and inefficient,
particularly when it comes to high-pressure storage and the
transportation of hydrogen over long distances [18]. The lack
of a widespread and reliable refueling infrastructure further
limits the adoption of hydrogen-powered vehicles, creating a
significant barrier to its integration into the broader trans-
portation sector [25].

The need for cost-effective, low-emission solutions is
crucial in addressing these challenges [26]. Despite significant
advancements in hydrogen technologies, a critical gap remains
in the dynamic optimization of hydrogen infrastructure.
Most existing studies rely on static models, which fail
to adapt to real-time variations in production, storage,
and distribution. These models lack predictive adaptability,
leading to inefficiencies in cost and emissions reduction.
Moreover, the potential of integrating IoT-based real-
time monitoring with machine learning and reinforcement
learning (RL) for optimizing hydrogen logistics remains
underexplored. This study addresses this gap by developing
a simulation-based, AI-driven framework that enhances
efficiency, reduces emissions, and lowers operational costs,
paving the way for a more sustainable hydrogen economy
[27]. As the hydrogen economy continues to evolve, it
is clear that more innovative and adaptable solutions
are needed to make hydrogen a truly sustainable energy
source [28].

Machine learning, IoT integration, and simulation-based
modeling offer significant promise in addressing these gaps.
Machine learning algorithms can be applied to predict and

optimize key parameters such as hydrogen production costs,
emissions, and storage configurations [29]. By analyzing large
datasets, these algorithms can identify patterns and insights
that would be difficult to uncover using traditional methods
[30]. IoT sensors can further enhance the efficiency of hydro-
gen systems by providing real-time monitoring of operational
parameters, enabling better decision-making, and reducing
downtime [31]. Simulation-based modeling allows researchers
to test various scenarios and configurations in a controlled vir-
tual environment, offering valuable insights into how different
components of the hydrogen infrastructure can be optimized
without the need for costly real-world experimentation [32].
Together, these technologies can provide the necessary tools
to overcome the existing inefficiencies and drive the devel-
opment of a more cost-effective and sustainable hydrogen
economy.

This study aims to optimize hydrogen infrastructure by uti-
lizing machine learning, IoT, and simulation-based modeling.
The specific objectives are as follows:

1) Enhancing hydrogen production efficiency by using gra-
dient boosting models (GBMs) to predict costs and emis-
sions under different scenarios.

2) Optimizing hydrogen storage and distribution by
comparing compressed, liquid, and underground storage
methods to identify cost-effective, sustainable solutions.

3) Improving logistics efficiency using RL to dynamically
optimize transport routes, minimize costs, and reduce
emissions.

4) Integrating IoT-driven real-time monitoring to improve
hydrogen system adaptability, ensuring better predictive
accuracy over static models.

Through this AI-driven approach, the study provides a
scalable framework to support cost-effective, low-emission
hydrogen infrastructure development.

By employing predictive models, the study aims to evaluate
the economic feasibility of different hydrogen production
technologies and assess their GHG emissions, thereby offering
data-driven insights that can guide decision-making and
improve overall system performance. A further objective
of this research is to identify the most efficient and cost-
effective hydrogen storage and distribution solutions. By
leveraging machine learning techniques, the study will
predict optimal storage conditions and configurations across
various hydrogen storage methods, such as underground,
compressed, and liquid storage. The goal is to highlight the
most economical and environmentally sustainable options
for each stage of the hydrogen supply chain, ultimately
leading to a more efficient infrastructure. The novelty of
this study lies in its simulation-based approach, which
eliminates the need for real-world data. Rather than relying
on physical experiments, the research uses simulation models
to evaluate different scenarios and configurations, providing
actionable insights without the high costs and complexities
associated with real-world testing. This approach allows
for the exploration of a wide range of potential solutions
in a controlled virtual environment, offering flexibility
and depth in analyzing the hydrogen infrastructure. The
integration of machine learning, IoT, and simulation-
based modeling ensures that this study contributes to the
development of a more sustainable and optimized hydrogen
economy.
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2 Literature review

2.1 Hydrogen production, storage, and
distribution

Hydrogen production is a key component in realizing a sus-
tainable energy future, with several established and emerging
technologies vying for prominence [33]. The most common
traditional method is steam methane reforming (SMR), where
natural gas reacts with steam to produce hydrogen and carbon
dioxide [34]. Despite being the most widely used process
due to its lower costs, SMR is carbon intensive, leading to
increased GHG emissions, which presents a significant barrier
to achieving net-zero goals [35]. As a result, research efforts
have increasingly focused on cleaner production technologies,
with electrolysis being one of the most promising alternatives
[36]. Electrolysis splits water into hydrogen and oxygen using
electricity, and when powered by renewable energy sources, it
results in hydrogen with virtually no carbon emissions [37].
However, the high cost of electricity and the efficiency of
current electrolysis systems remain challenges that need to be
addressed for widespread adoption [38].

In addition to these production methods, hydrogen stor-
age is another critical aspect that determines the viability
of hydrogen as a fuel source [39]. The main storage tech-
nologies include compressed hydrogen, liquid hydrogen, and
underground hydrogen storage [40]. Compressed hydrogen is
typically stored at pressures of up to 700 bar, allowing for
relatively high energy densities but requiring robust, expensive
infrastructure [38]. Liquid hydrogen, on the other hand, has
a higher energy density by volume and is stored at cryogenic
temperatures [41]. While this method offers better volumetric
efficiency, it involves energy-intensive cryogenic processes that
reduce its overall efficiency [42]. Underground hydrogen stor-
age is an emerging option, where hydrogen is stored in caverns
or depleted gas fields [43]. This technology holds promise
for large-scale storage, offering cost advantages over other
methods, particularly when integrated into existing natural
gas infrastructure [44].

Transporting hydrogen presents its own set of challenges,
primarily due to its low energy density by volume and
the need for specialized infrastructure [39]. Hydrogen can
be transported either through pipelines or by road, using
trucks that carry compressed or liquid hydrogen [45].
Pipelines for hydrogen transport, often considered a long-
term solution, require significant capital investment for
installation and maintenance, and hydrogen embrittlement—
where hydrogen weakens metals—poses potential risks to
the integrity of pipeline systems [46]. In contrast, road
transport of liquid or compressed hydrogen is more flexible
but comes with logistical challenges, such as the need for
highly specialized vehicles and refueling stations. Moreover,
the energy required to compress or liquefy hydrogen can
offset some of the environmental benefits associated with its
use [39].

Together, the technologies for hydrogen production, stor-
age, and distribution are central to realizing hydrogen as a
mainstream energy solution. However, each stage faces its
own technical and economic hurdles, which can hinder the
scalability of hydrogen infrastructure [47]. These challenges
call for integrated, innovative approaches that optimize the
entire hydrogen value chain, addressing production efficiency,
storage effectiveness, and logistical costs to pave the way for
a sustainable hydrogen economy.

2.2 Machine learning in energy systems

Machine learning has become an essential tool in energy
systems research, offering significant improvements in cost
prediction, emissions forecasting, and system optimization
[48]. A growing body of literature demonstrates how machine
learning techniques have been successfully applied to enhance
the performance and efficiency of various energy systems
[49, 50]. In particular, machine learning algorithms are
increasingly used to model complex energy systems and
predict key metrics such as production costs and GHG emis-
sions [48, 51]. These applications are crucial for identifying
cost-effective strategies for energy generation, consumption,
and distribution, while also helping to meet sustainability
goals [52].

One of the widely used machine learning techniques in the
energy sector is GBMs [52]. GBMs are particularly effective in
scenarios where complex, nonlinear relationships exist, which
is often the case in energy systems [53]. Previous studies
have utilized GBMs for cost prediction in renewable energy
systems, such as wind and solar power, where predicting
energy generation costs and optimizing operational strategies
are challenging due to the variability in resource availability
[53]. GBMs have also been employed for forecasting emissions
in power plants and transportation systems, offering robust
models that account for multiple factors influencing emissions
outputs [54]. For instance, a study by Munir et al. [55] applied
GBMs to predict the carbon emissions of various energy
generation technologies, finding that GBMs outperformed
traditional regression models in accuracy. This approach has
become a critical tool in assisting energy planners in making
informed decisions that balance environmental impact with
economic feasibility.

In addition to GBMs, RL is another machine learning tech-
nique that has gained traction in energy system optimization
[56]. RL has emerged as a powerful tool for optimizing energy
systems by dynamically adjusting operational strategies based
on real-time feedback. It has been successfully applied in elec-
tricity grid management to optimize energy dispatch, demand
response, and renewable integration, as well as in energy
storage optimization to determine optimal charging and dis-
charging cycles. In logistics and transportation, RL-based
dynamic routing algorithms have significantly reduced fuel
consumption and emissions by adapting to real-time traffic
conditions and delivery constraints. However, its application
in hydrogen infrastructure remains limited, as most existing
models rely on static routing and heuristic methods that
fail to adapt to real-time demand fluctuations, infrastruc-
ture constraints, and cost variations. Moreover, previous RL-
based studies in hydrogen logistics often focus on isolated
aspects, such as refueling station placement or vehicle routing,
without considering broader supply chain dynamics. This
study addresses these gaps by integrating RL-based transport
optimization with IoT-driven real-time monitoring, enabling
dynamic adjustments in hydrogen distribution routes, vehicle
allocation, and scheduling. By bridging real-time data collec-
tion with adaptive decision-making, this approach enhances
cost-efficiency, reduces emissions, and provides a scalable AI-
driven framework for optimizing hydrogen transport [57].
For example, RL algorithms have been used to optimize the
charging and discharging cycles of energy storage systems,
ensuring that energy is used most efficiently while minimizing
costs and emissions [58]. A notable study by Zhang et al. [59]
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demonstrated the use of RL for optimizing the integration
of renewable energy into the grid, showing how RL can
dynamically adjust energy supply and demand in real time
to minimize both costs and carbon emissions. By continually
learning from interactions with the system, RL-based models
can adapt to changing conditions and improve long-term
decision-making, making them particularly useful for evolving
energy systems.

Several optimization approaches have been explored for
hydrogen infrastructure, including traditional mathematical
models, machine learning techniques, and RL. Traditional
methods, such as linear programming (LP) and heuristic
approaches, efficiently minimize costs but rely on static
assumptions, making them ineffective in handling real-time
variability. ML techniques, particularly gradient boosting
machines (GBMs), offer high predictive accuracy for cost
and emission estimation but lack real-time adaptability for
optimization. RL has emerged as a dynamic approach for
optimizing hydrogen distribution by continuously learning
from system interactions to adjust transport routes and
storage strategies in real time. However, RL models face
challenges related to computational cost and hyperparameter
sensitivity. Despite these advancements, existing studies
often apply ML and RL separately without integrating
real-time monitoring and predictive analytics. This study
bridges this gap by combining GBMs for cost prediction,
RL for logistics optimization, and IoT-driven monitoring
within a comprehensive simulation framework, enabling a
scalable, cost-effective, and adaptive solution for hydrogen
infrastructure [60].

As the energy sector continues to transition toward more
sustainable practices, machine learning will play a pivotal role
in ensuring that energy systems are efficient, cost-effective,
and aligned with global emission reduction goals. The grow-
ing body of research highlights the potential of ML to rev-
olutionize the way energy systems are managed, offering
novel approaches for tackling long-standing challenges in
the field.

2.3 IoT for energy management

The integration of IoT in energy systems has significantly
improved performance, efficiency, and operational optimiza-
tion by enabling real-time monitoring of critical parameters
such as energy consumption, pressure levels, and emissions
output. In the electricity sector, IoT-enhanced smart grids and
energy storage systems have optimized load balancing and
charge/discharge cycles, improving reliability and reducing
costs. Similarly, in hydrogen infrastructure, IoT has been
applied to production monitoring, storage safety, and logistics,
enhancing efficiency and minimizing risks. However, most
IoT applications in hydrogen systems remain isolated, lacking
integration with predictive analytics and optimization models.
This disconnect limits real-time decision-making, leading to
inefficiencies in hydrogen production, storage, and distribu-
tion. Additionally, large-scale IoT deployment in hydrogen
supply chains faces computational and infrastructural chal-
lenges. To address these limitations, this study develops an
integrated IoT-driven optimization framework that combines
real-time monitoring with GBMs for predictive modeling
and RL for dynamic logistics optimization. By linking IoT
data collection with AI-driven decision-making, this approach
enhances cost-efficiency, reduces emissions, and improves the
adaptability of hydrogen infrastructure [61]. IoT enables the

continuous monitoring of energy parameters through the
deployment of sensors and connected devices that collect real-
time data across various components of an energy system [62].
This data-driven approach is particularly beneficial for energy
management, as it allows for the detection of inefficiencies,
predictive maintenance, and timely adjustments to operations,
all of which contribute to cost savings and sustainability [63].

One of the key advantages of IoT in energy management
is its ability to provide real-time feedback on energy
consumption and operational conditions [52]. By embedding
sensors in energy-consuming devices or systems, IoT can
track variables such as temperature, pressure, flow rates, and
energy usage, transmitting these data to centralized platforms
for analysis. For instance, smart meters and sensors can
measure electricity consumption in real time, providing users
with insights into their energy usage patterns [64]. These
data can be used to identify peak demand periods, inform
decisions about load management, and optimize energy
consumption. A notable example of this application is the use
of smart grids, which incorporate IoT technology to improve
the reliability and efficiency of electricity distribution [65].
Smart grids can detect faults, balance supply and demand
dynamically, and integrate renewable energy sources more
effectively, leading to a more resilient and efficient grid
system [66].

IoT also plays a critical role in the optimization of energy
storage systems [67]. By monitoring storage parameters such
as charge levels, temperature, and discharge rates, IoT helps
ensure that energy storage systems operate at peak efficiency.
This capability is especially important in systems that rely on
renewable energy, where generation can be intermittent. IoT-
enabled monitoring allows for better management of energy
flows between generation, storage, and consumption, helping
to reduce energy waste and ensure that stored energy is used
when it is needed the most [68]. For example, IoT sensors in
battery storage systems can relay data to operators, allowing
them to optimize charging and discharging cycles based on
current and predicted energy demands [69].

Furthermore, IoT facilitates predictive maintenance by
enabling condition-based monitoring of equipment [70].
In energy systems, the failure of key components such as
turbines, generators, or transformers can result in significant
operational disruptions [71]. With IoT-enabled sensors,
operators can continuously monitor the health of these
components and detect anomalies that may indicate impend-
ing failures. This allows for preventive measures, reducing
downtime and extending the lifespan of the equipment.
Studies have shown that integrating IoT with predictive
analytics can reduce maintenance costs and improve the
reliability of energy systems, making them more cost-effective
and less prone to unexpected failures [72].

The ability of IoT to provide real-time data and feedback
has proven to be a game changer for energy management
across various sectors, from industrial and residential
applications to grid operations and renewable energy systems.
By enhancing system visibility and providing actionable
insights, IoT technologies enable more informed decision-
making, improve operational efficiency, and contribute to
the transition toward more sustainable energy systems.
As the IoT ecosystem continues to evolve, its role in
energy management is likely to grow, offering even greater
potential for optimization and efficiency improvements in the
energy sector.
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Table 1. Key simulation parameters and configurations (source: authors’ simulation)

Component Model/algorithm used Parameters simulated Purpose

Hydrogen production Electrolysis model (Simulink) Energy input, hydrogen output,
efficiency

Evaluate energy requirements and
production efficiency.

Hydrogen storage Compressed, liquid, and
underground

Storage capacity, cost, efficiency Compare storage methods for
cost-effectiveness.

Hydrogen distribution RL (MATLAB) Route optimization, emissions,
transportation costs

Optimize logistics for sustainable
distribution.

IoT integration Simulated sensor data
(MATLAB)

Pressure, temperature, flow rate Enable real-time monitoring and
control.

3 Materials and Methods

3.1 Simulation framework

This study employed MATLAB/Simulink to simulate the
hydrogen production, storage, and distribution infrastructure.
MATLAB/Simulink is a widely recognized platform for
modeling dynamic systems, offering a robust environment
to analyze energy flows, efficiency, and system interactions.
The MATLAB/Simulink simulation framework was designed
to provide a realistic representation of hydrogen production,
storage, and distribution, incorporating machine learning
algorithms and IoT-based monitoring. To ensure model
accuracy and applicability, several assumptions were made
regarding energy inputs, operational constraints, and system
conditions. For hydrogen production, the model assumed
that electrolysis was powered by three primary energy
sources: solar, wind, and grid electricity. The availability of
renewable energy sources fluctuated based on simulated daily
variations, while grid electricity follows a time-dependent
pricing structure, reflecting real-world electricity market
trends. Electrolyzer efficiency was set between 60% and
80%, varying based on the type of electrolyzer (proton
exchange membrane [PEM] or alkaline), consistent with
industry standards. For hydrogen storage, the simulation
modeled three storage methods: (i) compressed, (ii) liquid, and
(iii) underground storage. Each storage method had specific
capacity constraints, with compressed hydrogen stored at
350–700 bar, liquid hydrogen at cryogenic temperatures of
−253◦C, and underground storage capacities varying based
on site availability. For hydrogen distribution, the RL-based
optimization considered logistics constraints such as fuel
availability, transport distance limitations (50–500 km per
delivery route), and vehicle capacity. The model assumed
dynamic demand fluctuations of ±15% daily, simulating
real-world variations in hydrogen consumption. Additionally,
probabilistic failure rates for key components (electrolyzers,
compressors, and storage systems) were incorporated into
the model, ensuring that operational uncertainties were
accounted for.

In the hydrogen production phase, Simulink models elec-
trolysis systems, capturing the energy requirements and pro-
duction efficiency under varying operational conditions. For
hydrogen storage, the simulation included multiple methods—
compressed, liquid, and underground storage—providing
insights into their cost-effectiveness and energy efficiency.
The transportation and distribution models optimize logistics
using RL algorithms integrated with MATLAB, ensuring
minimal emissions and reduced costs.

To enhance accuracy, IoT sensor data streams were sim-
ulated within MATLAB to replicate real-time monitoring

and control. This approach enabled dynamic adjustments
to parameters like pressure, temperature, and flow rates,
simulating operational scenarios in a virtual environment.
The integration of IoT in this framework allows for continu-
ous optimization, mimicking real-world feedback mechanisms
without reliance on actual infrastructure. A detailed overview
of the simulation parameters and configurations is presented
in Table 1, ensuring reproducibility and clarity.

This simulation framework leveraged MATLAB/Simulink’s
advanced capabilities, combining dynamic system modeling
with machine learning and IoT technologies. By replicating
real-world scenarios virtually, it provided actionable insights
into hydrogen infrastructure without requiring physical exper-
imentation.

3.2 Description of the applied infrastructure

The hydrogen infrastructure applied in this simulation-based
study was designed to cover the entire lifecycle of hydro-
gen, encompassing production, storage, and distribution. Each
stage was virtually modeled to enable dynamic simulation of
various parameters and operational scenarios, ensuring the
framework aligned with real-world complexities. The produc-
tion unit focuses on simulating hydrogen generation using
electrolysis, powered by renewable energy sources such as
solar and wind. Two types of electrolyzers, PEM and alkaline
electrolyzers, were included to evaluate efficiency and output
under different conditions. The system also accounted for key
inputs, such as renewable electricity and water, and outputs,
primarily hydrogen gas (Table 2).

The storage infrastructure comprised three primary meth-
ods: (i) compressed storage in high-pressure tanks (350–
700 bar), (ii) liquid storage in cryogenic tanks at −253◦C, and
(iii) underground storage in facilities such as salt caverns or
depleted gas reservoirs. Each method was assessed for its stor-
age capacity, energy requirements, and potential leakage rates.
Distribution was modeled through a network of pipelines
and transport vehicles, including tanker trucks and hydrogen
trailers, to simulate delivery to various demand points. The
system evaluated critical factors such as flow rates, pressure,
distance, and load capacity to optimize transportation costs
and emissions.

To enhance the realism and accuracy of the simulation, IoT
sensors were integrated across all stages of the infrastruc-
ture. These sensors provided real-time data on operational
parameters, including pressure, temperature, flow rates, and
energy consumption. This enabled dynamic monitoring and
control, allowing the simulation to reflect adaptive changes in
hydrogen production, storage, and distribution under varying
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Table 2. Virtual infrastructure design (source: authors’ design)

Component Modeled unit Key parameters Purpose

Production Electrolyzers Energy input, hydrogen output, efficiency Simulate hydrogen generation process.
Compressed tanks Pressure (350–700 bar), capacity Analyze energy and cost-efficiency of compressed

storage.
Liquid tanks Temperature (−253◦C), energy input for

liquefaction
Evaluate feasibility of cryogenic storage.Storage

Underground caverns Volume, geophysical characteristics Identify cost-effective long-term storage solutions.
Pipelines Distance, flow rate, pressure Assess emissions and cost for local delivery.

Distribution Tanker trucks Load capacity, distance, fuel consumption Model long-distance hydrogen distribution
logistics.

IoT integration Simulated sensors Pressure, temperature, flow rate Enable dynamic control and monitoring of
infrastructure.

conditions. The infrastructure operated under diverse sce-
narios, such as peak renewable energy availability, fluctuat-
ing seasonal hydrogen demand, and different geographical
contexts. This comprehensive design created a robust virtual
environment, facilitating actionable insights into optimizing
hydrogen systems for sustainable energy solutions.

3.3 Integration of IoT

The integration of IoT technology played a crucial role in
enhancing the accuracy and adaptability of the simulation
framework for hydrogen infrastructure. IoT sensors were
employed to collect real-time operational data across all
stages of the hydrogen lifecycle, including production, storage,
and distribution. IoT sensors played a crucial role in this
study by providing real-time monitoring of key parameters
across the hydrogen production, storage, and distribution
stages. These sensors continuously collected operational data,
which was then used to inform machine learning models—
GBMs for predictive analytics and RL for dynamic logistics
optimization.

During hydrogen production, IoT sensors measured energy
input, hydrogen output rate, electrolysis efficiency, and tem-
perature fluctuations. These real-time data streams allowed
the GBM model to predict production costs and emissions
by identifying patterns in energy consumption, production
efficiency, and variations in renewable energy availability. The
predictive capability of GBM enabled proactive adjustments
in production parameters, ensuring cost-effective and sustain-
able hydrogen generation.

In hydrogen storage, IoT sensors tracked storage pressure,
temperature, and leakage detection for compressed, liquid,
and underground storage methods. These data were critical
in assessing storage efficiency and informs GBM predictions
on storage costs and losses. Additionally, real-time monitoring
helped prevent pressure fluctuations or inefficiencies, ensuring
stable storage conditions.

For hydrogen distribution, IoT sensors collected real-time
GPS tracking, fuel consumption, transport distances, and
route conditions. These data points were fed into the RL opti-
mization model, allowing it to dynamically adjust transport
routes, vehicle allocation, and scheduling based on changing
traffic conditions, fuel constraints, and demand fluctuations.
By integrating IoT sensor data with RL, the model contin-
uously learnt and refined distribution strategies, leading to
optimal route selection, reduced transportation costs, and
minimized emissions.

This integration of real-time IoT data with ML-based opti-
mization models is a key innovation of this study. By continu-
ously feeding high-resolution sensor data into predictive and
optimization algorithms, the system ensures adaptive, real-
time decision-making across the hydrogen supply chain.

These sensors provided key inputs such as hydrogen pro-
duction rates, storage temperatures, pressure levels, and flow
rates, enabling the system to dynamically adjust to varying
conditions. Additionally, data on transport logistics, including
route efficiency, load optimization, and energy consumption,
were captured to refine the distribution models.

The collected data were processed and fed into machine
learning models to improve prediction accuracy for produc-
tion costs, emissions, and storage efficiency. IoT-based real-
time monitoring facilitated the detection of anomalies and
performance variations, ensuring the virtual infrastructure
operated under realistic and adaptive conditions. For example,
pressure and temperature sensors in storage systems allowed
the simulation to evaluate the impact of environmental fluc-
tuations on storage stability and safety. Similarly, production
data, such as electrolyzer efficiency and renewable energy
availability, were continuously updated to simulate opera-
tional scenarios under varying resource inputs.

To ensure seamless data integration, a central IoT gateway
was modeled to aggregate sensor data and transmit it to
the simulation platform. This allowed for real-time feedback
loops, where predictive models adjusted operational parame-
ters based on the latest data, resulting in a more responsive
and efficient system. This approach not only enhanced the
reliability of the simulation outputs but also provided insights
into how IoT-driven optimization can be implemented in real-
world hydrogen infrastructure (Table 3).

The inclusion of IoT enabled the simulation to mimic
dynamic and complex behaviors in hydrogen systems, provid-
ing a robust framework for exploring cost-effective and low-
emission solutions in a virtual environment.

3.4 Machine learning algorithms
3.4.1 Gradient boosting machine
GBMs were utilized as a core component for predicting hydro-
gen production costs and associated GHG emissions. The
model was trained and validated using a combination of
simulated datasets derived from the infrastructure and IoT
parameters outlined in the study. GBMs were selected due to
their robust ability to handle complex, nonlinear relationships
and their high accuracy in predictive tasks involving struc-
tured datasets.
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Table 3. IoT-simulated parameters in hydrogen infrastructure (source: authors’ design)

Parameter Description Simulated values Unit

Production rate Rate of hydrogen production in the system 50–200 kg/hour
Storage temperature Temperature maintained in the hydrogen storage tanks −253 ◦C
Pressure level Pressure in storage tanks or pipelines 350–700 bar
Transportation distance Average distance covered during distribution 50–500 km
Energy consumption Power required for storage and transportation 20–80 kWh/kg
GHG emissions Emissions generated during hydrogen logistics 0.2–1.5 kg CO2-e/kg

Table 4. Key features and importance in the GBM model (source: authors’ analysis)

Feature Description Relative importance (%)

Production rate Hydrogen output rate from production facilities 25
Energy consumption Energy required for hydrogen production and storage 20
Storage pressure Pressure levels in storage systems 15
Renewable energy share Contribution of renewable energy to the process 12
Transportation distance Average distance for hydrogen distribution 10
Grid electricity emissions Carbon intensity of grid electricity 8
Storage temperature Cryogenic storage temperature 5
Other operational factors Auxiliary factors influencing costs and emissions 5

The GBM model was trained and tested using synthetic
datasets generated within the MATLAB/Simulink framework,
ensuring consistency with the simulated hydrogen infrastruc-
ture. To assess model performance, the dataset was split into
training and validation subsets, with validation conducted
using standard model evaluation techniques. The validation
process focused on predicting hydrogen production costs and
emissions under different operational scenarios, ensuring that
the model generalizes well across varying conditions. To verify
the reliability of the GBM model, its predictions were com-
pared against benchmark values derived from industry reports
and existing literature on hydrogen production cost estimates
and emissions factors. This external comparison ensured that
the model provides realistic predictions aligned with practical
hydrogen infrastructure dynamics. Additionally, the GBM
model’s performance was evaluated based on its ability to
capture cost variations across different production meth-
ods and energy input sources, ensuring it accurately reflects
the impact of operational changes on hydrogen cost and
emissions.

The training process involved splitting the dataset into
training and validation subsets in an 80:20 ratio to ensure
unbiased evaluation. Key features used as inputs for the model
included production rates, storage temperatures, pressure lev-
els, energy consumption, and transportation distances, as well
as parameters related to energy sources, such as renewable
energy share and grid electricity emissions intensity. These
features were normalized to maintain consistency and prevent
model bias arising from varying scales.

The GBM algorithm employed an iterative approach, where
decision trees were sequentially built to minimize prediction
errors. Hyperparameters, such as learning rate, number of
trees, and maximum tree depth, were optimized using a grid
search and cross-validation method to ensure optimal model
performance (Table 4).

This predictive framework provided valuable insights into
cost-effective and low-emission hydrogen infrastructure, con-
tributing to the development of sustainable energy systems.

3.4.2 Reinforcement learning
The RL model used in this study optimizes hydrogen transport
logistics by dynamically adjusting route selection, vehicle
allocation, and distribution scheduling based on cost and
emissions minimization. The RL framework was implemented
using a Q-learning approach with function approximation,
which allows the model to efficiently handle high-dimensional
state-action spaces. The RL agent was trained using a Deep Q-
Network (DQN), which enhances traditional Q-learning by
incorporating experience replay and neural network function
approximation to improve learning stability. The DQN was
optimized using the Adam optimizer with a learning rate
of 0.001, and the discount factor (γ ) was set to 0.95 to
ensure future rewards were considered while maintaining
decision-making efficiency. The model used ε-greedy explo-
ration, where the exploration rate (ε) was initially set to 1.0
and decayed over time to 0.05 to balance exploration and
exploitation. To accelerate convergence, a mini-batch size of
64 was used for experience replay, and the replay buffer size
was 10 000 past experiences. The RL model was trained over
50 000 episodes, ensuring sufficient exploration of possible
transport decisions. These hyperparameters were fine-tuned
through grid search experiments, optimizing for both cost
savings and emissions reduction. By implementing Q-learning
with function approximation and DQN, the RL framework
ensures adaptive, data-driven decision-making in hydrogen
transport, leading to optimized logistics that reduce costs and
emissions.

In the RL setup, the state represented the current condition
of the hydrogen transport system, including variables such
as the distance between hydrogen production and demand
centers, fuel type and consumption of transport vehicles, and
the status of storage facilities. Actions referred to decisions
such as selecting optimal transport routes, vehicle types, and
distribution schedules. The reward signal incentivized strate-
gies that minimized costs and emissions, with penalties applied
for high emissions, excessive costs, or inefficiencies in delivery
timelines.
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Table 5. Components of the RL framework for hydrogen transport logistics (source: authors’ design)

Component Description

State Distance, vehicle fuel type, storage status, and demand location
Actions Route selection, vehicle assignment, distribution scheduling
Reward Minimization of costs and emissions, penalties for inefficiency
RL algorithm Q-learning with function approximation for high-dimensional scenarios
Environment features Simulated transport network, energy consumption rates, and emission factors

Table 6. Simulated parameters and their ranges [9, 13, 73]

Parameter Description Simulated range Purpose

Hydrogen production rate Rate of hydrogen generation (kg/h) 50–500 Training cost and emission prediction models
Storage pressure Pressure in storage tanks (bar) 200–700 Evaluating storage efficiency and safety
Transport distance Average transport distance (km) 50–1000 Optimizing transport logistics
Temperature in storage Storage temperature (◦C) −20 to 50 Assessing energy requirements and losses
Vehicle emission factors CO2 emissions per km (g CO2/km) 10–50 Calculating total transport emissions

The RL algorithm used a Q-learning-based approach,
where the agent iteratively learned the optimal policy through
interactions with the environment. A simulated environment
was developed to model the transport logistics, incorporating
real-world constraints such as vehicle capacities, energy
consumption rates, and emission factors. The RL agent
evaluated multiple transport scenarios, leveraging feedback in
the form of rewards to improve its policy. Hyperparameters,
such as learning rate and discount factor, were fine-tuned
through experimentation to ensure effective convergence and
avoid suboptimal policies (Table 5).

Through iterative training, the RL model demonstrated
the ability to identify cost-effective and low-emission trans-
port strategies. For instance, the model optimized routes to
reduce average travel distances and prioritized vehicles with
lower emission profiles. Validation results showed significant
reductions in total emissions and costs compared to tradi-
tional static routing approaches, underscoring the potential of
RL in achieving sustainable transport solutions in hydrogen
logistics.

3.5 Data collection and simulation

In this study, all data were generated exclusively within a
simulation environment to ensure a controlled and repro-
ducible framework. The simulated scenarios were carefully
designed to reflect real-world conditions, incorporating val-
idated parameters and realistic constraints to achieve credible
outcomes. IoT data were integrated into the simulation to
fine-tune critical parameters, such as hydrogen production
rates, storage conditions, and transportation logistics. This
approach eliminated the need for real-world data while main-
taining a high level of accuracy in modeling practical hydrogen
infrastructure operations.

The virtual scenarios leveraged dynamic inputs based on
IoT-simulated sensors, which provided operational parame-
ters such as temperature, pressure, and production flow rates.
These inputs were crucial in adjusting the models to bet-
ter emulate real-world conditions, ensuring that the insights
derived were applicable to practical situations. The simula-
tion environment enabled the generation of diverse datasets,
encompassing hydrogen production, storage, and distribution,
to train and validate the machine learning models effectively.

This method allowed for extensive experimentation with-
out the logistical and ethical constraints of using real-world
data. Table 6 provides an overview of the key data parame-
ters used in the simulation environment and their respective
ranges, which were designed to reflect real-world variability
[9, 13, 73].

By leveraging these simulated datasets, the study established
a robust framework for analyzing hydrogen infrastructure
while preserving its focus on virtual modeling. The integration
of IoT-supported adjustments further enhanced the fidelity
of the simulated scenarios, providing actionable insights into
the feasibility and optimization of hydrogen systems. This
approach underscores the value of combining advanced sim-
ulation tools with IoT-inspired parameter tuning to achieve
practical, reliable, and scientifically valid results.

4 Results and discussions

4.1 Simulation scenarios and their impact on
hydrogen infrastructure performance

In this study, five simulation scenarios were designed to com-
prehensively assess the performance of hydrogen infrastruc-
ture under different conditions. Each scenario was tailored to
evaluate specific elements of the system, such as production
costs, emissions, and storage solutions. The advantage of using
multiple scenarios lies in their ability to provide insights into
how varying operational and environmental factors affect
overall system efficiency. The scenarios were as follows:

• Scenario 1 (Base Case Scenario): The base case scenario
served as the control scenario, where hydrogen produc-
tion was carried out using conventional methods and
existing infrastructure. This scenario provided a bench-
mark for comparison, offering insights into the baseline
performance of the system, including production costs,
emissions, and efficiency. The advantage of this scenario
lies in its simplicity, as it represents current industry stan-
dards, allowing for comparisons with more advanced or
optimized configurations.

• Scenario 2 (High Efficiency Scenario): In the high effi-
ciency scenario, the focus was on implementing advanced
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technologies and operational strategies designed to max-
imize hydrogen production efficiency. This included opti-
mizing production methods, improving energy conversion
rates, and enhancing storage solutions. The advantage
of this scenario is that it allows us to assess the poten-
tial benefits of technological advancements in hydrogen
production and infrastructure, focusing on minimizing
production costs and emissions while improving overall
system performance.

• Scenario 3 (Low Efficiency Scenario): The low efficiency
scenario involved simulating a less optimized hydrogen
production system, characterized by suboptimal opera-
tional practices or outdated technologies. This scenario
provides valuable insights into the potential drawbacks
of inefficient hydrogen infrastructure, highlighting the
impacts of inefficiencies on cost and emissions. Its advan-
tage lies in showing the importance of efficiency improve-
ments and the risks associated with maintaining current
systems without upgrading them.

• Scenario 4 (Renewable Input Scenario): The renewable
input scenario focused on utilizing renewable energy
sources, such as solar or wind power, for hydrogen
production through electrolysis. This scenario is advan-
tageous as it aligns with sustainability goals, offering a
cleaner alternative to traditional hydrogen production
methods. By evaluating this scenario, the study explores
the potential for reducing emissions and enhancing the
environmental benefits of hydrogen production, even
though the initial cost may be higher due to the need
for renewable infrastructure.

• Scenario 5 (High Emission Scenario): In the high emission
scenario, hydrogen production relied on more carbon-
intensive methods, such as SMR without carbon capture
technologies. This scenario is essential for evaluating the
worst-case emissions scenario, providing insights into the
environmental impact of hydrogen production if emis-
sions reduction technologies are not implemented. The
advantage of this scenario is that it highlights the impor-
tance of cleaner production methods and the significant
role they play in achieving sustainability targets.

Each scenario was constructed to examine specific aspects
of hydrogen infrastructure, enabling a comprehensive under-
standing of how various factors affect the overall performance
and sustainability of the system. The results from these scenar-
ios provided critical insights into the trade-offs between cost,
emissions, and efficiency, guiding the development of future
hydrogen infrastructure solutions.

4.2 GBM simulation outcomes

The GBM demonstrated a robust capability to predict hydro-
gen production costs and emission levels, offering valuable
insights into optimizing production strategies. The model was
trained and validated on simulated datasets that replicated
real-world conditions, including variations in production
efficiency, energy input types, and operational parameters.
The results highlight the significant potential for cost and
emissions reductions when hydrogen production systems are
optimized.

Figure 1 shows that Scenario 4 (Renewable Input) achieves
a 97.8% reduction in GHG emissions, lowering emissions
from 9.00 kg CO2-eq/kg H2 (Scenario 5—High Emission)

Figure 1. GHG emissions by scenario.

Figure 2. Efficiency trends across scenarios.

to 0.20 kg CO2-eq/kg H2. This highlights the environmental
benefits of renewable energy integration, as hydrogen produc-
tion powered by renewables significantly reduces the carbon
footprint compared to fossil-fuel-based methods.

GHG emissions from hydrogen production are directly
influenced by the energy source and process efficiency. Renew-
able energy eliminates emissions during production, while
fossil fuels inherently generate CO2 during combustion or
conversion processes. The high emissions in Scenario 5 may
also stem from inefficiencies or higher carbon-intensity inputs.

Figure 2 illustrates that Scenario 4 (Renewable Input)
achieves the highest hydrogen storage efficiency (94%) and
overall system efficiency (90%), demonstrating superior
energy utilization compared to conventional production
methods. In contrast, Scenario 3 (Low Efficiency) exhibits
the lowest system efficiency at 80%, underscoring the inef-
ficiencies in hydrogen value chains when optimal conditions
are not met.

Efficiency metrics are critical for evaluating the viability of
hydrogen production and utilization systems. Higher system
efficiencies in Scenario 4 indicate better energy utilization with
fewer losses, likely due to optimized production and storage
processes. In Scenario 3, lower efficiencies suggest energy
losses, which may correlate with higher energy consumption
and emissions. The high efficiencies observed in Fig. 2—
storage efficiencies of up to 94% and system efficiencies
approaching 90%—are based on optimized configurations
using near-future PEM electrolyzers (assuming cell-level effi-
ciencies of 90%–94%, in line with lab-scale benchmarks)
and low-loss storage systems. While current commercial elec-
trolyzers operate around 80%–82% efficiency, near-future
advancements are expected to push this higher [74]. Under-
ground or high-pressure storage can achieve round-trip effi-
ciencies in the 60%–80% range under ideal conditions [75].
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Figure 3. Hydrogen production cost versus GHG emissions.

Our simulations assume minimal losses (e.g. short storage
durations and optimized infrastructure), justifying the high-
efficiency range reported.

Figure 3 reveals an inverse relationship between cost
and environmental impact. For example, Scenario 4 (low
GHG emissions) has one of the lowest production costs
(US$3.30/kg), emphasizing that renewable-driven hydrogen
production can be both cost-effective and environmentally
friendly. In contrast, Scenario 5 (high GHG emissions) incurs
higher production costs (US$5.10/kg), highlighting the dual
disadvantage of fossil-fuel-based methods.

Figure 3 illustrates the inverse relationship between hydro-
gen production costs and GHG emissions, where scenarios
with lower emissions tend to have lower production costs.
The observed trend suggests that transitioning to renewable-
driven hydrogen production (Scenario 4) not only reduces
emissions but also improves cost-efficiency. However, a closer
analysis reveals that the relationship between cost reduction
and emissions mitigation is not strictly linear and instead
shows signs of diminishing returns as both metrics are min-
imized. In high-emission scenarios (Scenarios 1, 3, and 5),
cost reductions are accompanied by significant emissions
reductions, indicating that replacing carbon-intensive pro-
cesses (e.g. SMR without carbon capture) with more effi-
cient electrolysis-based methods leads to proportionally large
improvements in both cost and environmental impact. How-
ever, as the transition progresses toward ultra-low emissions
hydrogen (Scenario 4), the cost–benefit ratio starts to exhibit
diminishing returns. The shift to renewable-powered elec-
trolysis provides the largest emissions reductions (down to
0.20 kg CO2-eq/kg H2), but the cost improvements plateau
at around $3.30/kg. This pattern suggests that early-stage
optimizations (e.g. shifting from SMR to partially renewable
energy sources) yield the most substantial cost and emis-
sions reductions, while moving toward fully renewable, near-
zero-emission hydrogen production leads to marginal cost
benefits. The main reason for this diminishing effect is that
renewable energy infrastructure, electrolyzer efficiency limits,
and grid integration challenges introduce higher capital and
operational costs, which slow down further cost reductions
despite significant emissions improvements. Therefore, while
the overall relationship between cost and emissions is strongly
negative, the trend follows a diminishing returns model, where
the first stages of decarbonization yield higher cost sav-
ings per unit of emissions reduced, whereas near-complete
decarbonization requires significantly higher investments with
smaller marginal cost reductions. These findings suggest that
policymakers and industry stakeholders should balance cost-
efficiency with emissions targets, ensuring that hydrogen pro-

Figure 4. Comparison of costs and emissions.

duction transitions toward lower-carbon methods without
incurring excessive financial burdens.

Production cost in hydrogen systems often reflects the
energy input and feedstock type. Renewable energy-driven
hydrogen benefits from lower operating costs over time (e.g.
solar and wind), while fossil-based systems bear the burden
of higher fuel costs and potential carbon taxes. These findings
suggest that transitioning to renewable inputs can reduce both
costs and emissions simultaneously.

Figure 4 underscores the complex interplay between pro-
duction cost, GHG emissions, and transport cost. Scenario 4
achieves the best balance, with low production and transport
costs and minimal emissions. Scenario 1 (Base Case) has mod-
erate costs and emissions, serving as a baseline for compari-
son. Scenario 3 incurs high transport costs (US$1.80/km) and
emissions (8.20 kg CO2-eq/kg H2), possibly due to inefficient
transport logistics or fossil-heavy supply chains.

Hydrogen transport costs depend on factors like distance,
compression, and infrastructure. Inefficient systems (e.g. Sce-
nario 3) may require additional resources, such as cooling
or liquefaction, leading to higher costs and emissions. These
results highlight the need for optimized logistics and infras-
tructure in hydrogen value chains.

Figure 5 depicts the performance of GBM model in simu-
lation of critical parameters over time. Both GBM-predicted
costs and real costs show a consistent downward trend over
the 30 days. The initial difference between predicted ($3.50)
and real costs ($3.55) on day 1 is minimal, narrowing further
as the timeline progresses. By day 30, the predicted cost is
$3.35, while the real cost is $3.37. The GBM model slightly
underestimates costs across the timeline, with an average
deviation of US$0.02–0.05 (Fig. 5a). The predicted and real
emissions also show a steady decline, mirroring the trends
observed in costs. Initial values are close: 200 g CO2 (pre-
dicted) versus 205 g CO2 (real) on day 1. By day 30, predicted
emissions drop to 170 g CO2, while real emissions decrease
to 175 g CO2. The GBM predictions slightly underestimate
emissions across all time points, with an average deviation of
4–5 g CO2 per kg H2 (Fig. 5b).

The declining cost trend reflects the expected economies
of scale in hydrogen production. Over time, operational
efficiency improvements (e.g. process optimization, reduced
energy losses) and infrastructure stabilization lower produc-
tion costs. The narrowing gap between GBM predictions
and real costs demonstrates the robustness of the predictive
model in learning and approximating cost trends. Factors
such as pricing of feedstock, technological advancements, and
operational efficiencies are likely incorporated into the GBM
model. The cost of hydrogen production is heavily influenced
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Figure 5. GBM simulation: (a) cost of hydrogen production, and (b)
emissions per unit of hydrogen produced.

by factors like energy input, feedstock prices, and process
efficiencies. Predictive models like GBM excel in scenarios
with structured historical data, leveraging relationships
among such variables. The consistent underestimation could
stem from the model’s training data or an oversimplified
representation of minor cost-driving factors like maintenance
or unexpected downtime, which are reflected in the real data
(Fig. 5a). The reduction in emissions aligns with progressive
improvements in process efficiencies and potential integration
of cleaner energy sources during production. Similar to costs,
the slight underestimation in predictions might indicate that
the model does not fully capture some variables affecting
emissions, such as fluctuating carbon intensity of the energy
mix. Emissions reductions in hydrogen production are
often achieved through energy efficiency improvements,
reduced reliance on fossil fuel inputs, and shifts toward
renewable energy sources. Predictive models like GBM
use historical correlations between emissions drivers (e.g.
energy mix, technology efficiency) and observed outputs to
generate forecasts. However, real-world complexities such
as periodic spikes in fossil energy reliance or variations in
equipment performance might account for the discrepancies
observed (Fig. 5b).

There is a direct correlation between reductions in costs
and emissions over time. Both metrics decline concurrently,
underscoring the relationship between energy efficiency and
economic viability. For example, on day 1, costs are $3.50–
$3.55, with emissions at 200–205 g CO2. By day 30, costs
have fallen to $3.35–$3.37, while emissions are down to
170–175 g CO2. This correlation suggests that investments
in energy-efficient hydrogen production technologies yield
dual benefits: cost savings and emissions reductions. This
reinforces the economic and environmental advantages of
transitioning to cleaner and more efficient hydrogen pro-
duction pathways. Hydrogen production costs and emissions
are intrinsically linked because both depend on the energy
input and its source. Cleaner, renewable energy reduces the

Figure 6. Base case versus optimized cost across scenarios.

carbon intensity of hydrogen while also lowering variable
energy costs over time. The observed correlation validates the
hypothesis that adopting energy-efficient technologies leads
to synergistic benefits for both economic and environmental
performance.

4.3 RL optimization outcomes

The integration of RL algorithm into hydrogen transport
logistics demonstrated significant potential for reducing both
costs and emissions. By modeling the transport system as a
dynamic optimization problem, the RL framework adjusted
transport routes, schedules, and vehicle allocation in response
to simulated environmental and operational conditions. The
results highlighted the transformative role of RL in optimiz-
ing logistics while balancing economic and environmental
objectives. Figure 6 offers a comprehensive analysis of the
cost reduction potential across various optimization scenar-
ios. The RL-based transport optimization resulted in a 30%
reduction in logistics costs, with total cost savings reaching
$15 000 compared to the base case. This was achieved through
optimized route selection, vehicle allocation, and dynamic
scheduling adjustments, demonstrating the effectiveness of AI-
driven decision-making in hydrogen distribution.

Figure 6 juxtaposes the Base Case Cost and the Optimized
Costs across the scenarios. The Base Case Cost remains con-
stant at $50 000, serving as a reference point for evaluating the
optimized costs. The results demonstrate a clear downward
trend in optimized costs, with reductions of $10 000, $12 000,
and $15 000 in Optimized Cases 1, 2, and 3, respectively.
This indicates a progressive improvement in cost-efficiency
as the optimization measures become more effective. The
gradual reduction in costs across scenarios underscores the
success of tailored strategies, which are likely based on factors
such as better resource allocation, process streamlining, or
technological advancements. From a practical standpoint,
such cost reductions could translate to significant financial
benefits for an organization. By reallocating the saved funds,
companies can reinvest in other areas like research and devel-
opment, workforce enhancement, or operational scaling, fos-
tering long-term growth.

The observed trends can be justified by principles rooted
in operations research and economic theory. Optimization
models, whether they are based on LP, simulation, or machine
learning algorithms, are designed to identify and exploit inef-
ficiencies. The consistent cost reductions across scenarios
reflect the effective application of such models in reduc-
ing waste, improving resource utilization, or adopting cost-
effective technologies. Moreover, the progressive nature of the
improvements suggests iterative refinement in optimization
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Figure 7. Emissions breakdown by gas across scenarios.

strategies. In practice, this could involve integrating feedback
mechanisms that analyze the outcomes of each scenario and
adapt accordingly. For instance, in logistics or supply chain
contexts, route optimization algorithms may initially elimi-
nate redundant pathways and later refine delivery schedules
or inventory management processes, resulting in the kind of
incremental improvements illustrated here.

Figure 7 offers a multidimensional analysis of emissions
reduction efforts across various optimization scenarios.

Figure 7 illustrates the progressive reduction in CO2,
CH4, and N2O emissions across the optimized transport
scenarios. The observed reductions can be attributed to
several key technological and operational improvements
implemented through RL-based optimization strategies.
The largest reduction is observed in CO2 emissions, which
decreased from 500 tons (Base Case) to 350 tons in
Optimized Case 3 (a 30% reduction). This is primarily due
to optimized hydrogen distribution routes, which reduced
transport distances and fuel consumption. By dynamically
adjusting vehicle allocation and selecting the most fuel-
efficient delivery routes, the RL model minimized unnecessary
travel, thereby lowering diesel or hydrogen fuel usage
and cutting CO2 emissions. Additionally, by prioritizing
low-carbon energy sources for hydrogen compression and
transport, the system achieved further reductions in carbon
intensity. CH4 emissions (methane) were reduced from 150
tons to 105 tons (30% reduction). This reduction is primarily
linked to improved storage and transport efficiency, which
minimized hydrogen losses and leakages during transit.
In conventional systems, fugitive hydrogen emissions can
contribute to indirect methane emissions due to methane
slip in reforming-based hydrogen production or grid-based
electricity generation. The transition to renewable-powered
electrolysis (Scenario 4) and the reduction of hydrogen
losses during transport led to a substantial decrease in CH4-
related emissions. N2O emissions (nitrous oxide) showed
a proportional decrease from 50 tons to 35 tons (30%
reduction). This can be attributed to lower fuel consumption
and reduced reliance on nitrogen-based energy sources, such
as certain ammonia-derived hydrogen fuels. The optimization
of vehicle utilization and load balancing played a crucial role
in reducing overall energy demand, indirectly lowering N2O
emissions associated with hydrogen logistics. Overall, the
RL-based transport optimization contributed significantly
to the 30% reduction in total emissions, primarily by
reducing transport distances, optimizing fuel efficiency,
and transitioning toward cleaner hydrogen logistics. The
combination of smart routing, predictive vehicle allocation,
and storage efficiency improvements ensured that emissions

Figure 8. Cost and emissions over iterations.

reductions were achieved across all GHGs, reinforcing the
effectiveness of AI-driven logistics in sustainable hydrogen
distribution.

Figure 7 highlights the contributions of each GHG (CO2,
CH4, and N2O) to the total emissions across the scenarios.
In the Base Case, the combined emissions from these gases
amount to 700 tons, with CO2 being the largest contributor
(500 tons), followed by CH4 (150 tons) and N2O (50 tons). As
optimization scenarios are introduced, emissions for all gases
show consistent reductions. For instance, in Optimized Case
3, CO2 emissions are reduced to 350 tons, CH4 to 105 tons,
and N2O to 35 tons, resulting in a total of 490 tons. This
visualization underscores the importance of addressing emis-
sions across multiple sources. The proportional reductions
across all gases suggest a balanced approach to optimization,
where strategies are applied uniformly rather than focusing
exclusively on a single pollutant. Such balance is crucial for
comprehensive environmental management, as each gas has a
distinct impact on climate change. For instance, while CO2 is
the most abundant, CH4 and N2O have significantly higher
global warming potentials, making their reduction critical
for mitigating climate impacts. Emissions reductions were
observed across all RL-optimized scenarios, with total GHG
emissions decreasing from 700 tons (Base Case) to 490 tons in
Optimized Case 3. Specifically, CO2 emissions were reduced
from 500 tons to 350 tons, CH4 emissions decreased from 150
tons to 105 tons, and N2O emissions dropped from 50 tons to
35 tons. This demonstrates the substantial environmental ben-
efits of AI-driven transport logistics optimization in hydrogen
distribution.

The results can be justified using environmental science
and systems optimization principles. GHG emissions are often
the result of energy-intensive processes, resource inefficiencies,
or outdated technologies. Optimization strategies such as
transitioning to renewable energy sources, improving energy
efficiency, or adopting advanced emissions capture technolo-
gies can significantly reduce emissions, as observed in these
scenarios. Additionally, the proportional reductions across all
gases indicate an integrated approach to emissions manage-
ment, which is consistent with best practices in climate science.
Addressing all GHGs is critical, given their varying impacts
on radiative forcing and atmospheric lifetimes. The results
also highlight the scalability of emissions reduction efforts, as
demonstrated by the steady increase in percentage reductions
across scenarios.

Figure 8 provides a detailed exploration of the dynamics
of cost and emissions reduction across iterative optimization
processes.

Figure 8 illustrates the concurrent decline of both cost and
emissions over five iterations. Initially, costs start at $50 000
with emissions at 700 tons. Each iteration brings a reduction
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Figure 9. Trends in route efficiency metrics.

in both metrics, culminating in $40 000 and 560 tons at
Iteration 5. This steady decrease indicates a highly effective
optimization process where improvements in operational effi-
ciency yield dual benefits. The chart underscores the potential
of integrated optimization strategies. For instance, process
efficiencies, such as better energy use or waste reduction,
can simultaneously lower operating costs and emissions. The
linearity of the decline suggests that the optimization process
follows a systematic, predictable trajectory, which may be gov-
erned by scientific models or algorithms designed to balance
cost and environmental goals.

The results align with key principles in optimization the-
ory and environmental science. Iterative optimization often
employs techniques such as LP, machine learning models, or
heuristic algorithms. These tools systematically identify and
eliminate inefficiencies, ensuring that each subsequent itera-
tion builds on the progress of the previous one. The observed
patterns suggest the use of a robust optimization framework,
likely incorporating feedback mechanisms to refine the pro-
cess dynamically. From an environmental perspective, the
reduction in emissions highlights the application of cleaner
technologies, energy-efficient processes, or waste minimiza-
tion strategies. These measures not only reduce environmental
harm but also lower costs by minimizing input requirements,
energy expenditures, or regulatory penalties associated with
emissions.

Figure 9 provides a thorough visualization of the impact of
route optimization on key efficiency metrics—distance trav-
eled, travel time, and fuel consumption—across four scenar-
ios, including the base case and three levels of optimization.

Figure 9 presents a side-by-side comparison of distance,
travel time, and fuel consumption across the scenarios. The
Base Case represents the highest values across all three metrics,
with a distance of 1000 km, a travel time of 25 hours, and
a fuel consumption of 300 l. As optimization progresses,
all three metrics exhibit substantial reductions. In Optimized
Case 3, the distance decreases to 750 km, travel time to
18 hours, and fuel consumption to 220 liters. This visualiza-
tion underscores the effectiveness of optimization measures
in reducing both operational costs (fuel consumption) and
environmental impact (reduced fuel usage translates to lower
emissions). The proportional reductions in all metrics suggest
that the optimization strategy holistically addresses multiple
factors rather than focusing exclusively on a single metric.

The results are consistent with established principles in
logistics optimization and transportation science. Reducing
travel distance is a foundational strategy for improving route
efficiency, as shorter distances inherently require less time and
fuel. Advanced optimization techniques, such as geographic

Table 7. Cost versus emissions trade-off (source: authors’ analysis)

Scenario Cost reduction (%) Emissions reduction (%)

Optimized Case 1 20 20
Optimized Case 2 24 24
Optimized Case 3 30 30

Figure 10. Trends in vehicle utilization across scenarios.

information systems (GIS), machine learning models, or LP,
are often employed to identify these optimal routes. These
tools use data on road networks, traffic patterns, and vehicle
performance to achieve significant reductions in all metrics.
Fuel consumption reductions are particularly significant from
both economic and environmental perspectives. Fuel use cor-
relates with distance traveled and driving conditions, such as
traffic or terrain. Optimized routes that minimize stop-and-go
traffic or avoid hilly terrains can lead to lower fuel consump-
tion. This is further supported by eco-driving strategies, where
vehicles maintain optimal speeds and reduce unnecessary
acceleration and braking, as reflected in the consistent decline
in fuel consumption across scenarios.

Table 7 provides a comprehensive analysis of the trade-
offs between cost reduction and emissions reduction across
three optimization scenarios. The results demonstrate a con-
sistent alignment between economic and environmental ben-
efits, indicating the effectiveness of the applied optimization
strategies.

Table 7 highlights the parallel trends in cost reduction
and emissions reduction percentages across the scenarios.
Both metrics increase proportionally, with values starting
at 20% for Optimized Case 1 and reaching 30% for
Optimized Case 3. This trend underscores the synergistic
nature of the optimization process, where improvements
in cost-efficiency inherently lead to environmental benefits.
The proportional alignment indicates that the strategies
employed are well balanced, addressing both financial and
ecological objectives simultaneously. Such consistent propor-
tionality suggests the application of integrated optimization
models, where decision-making factors include both cost and
emissions. For instance, strategies such as energy efficiency
improvements or process streamlining often result in lower
operational costs while simultaneously reducing emissions.
This alignment is particularly significant for industries or
organizations aiming to meet sustainability goals without
compromising financial performance. Also, this table provides
a complementary perspective by visualizing the direct
relationship between cost and emissions reductions. Each
scenario is represented as a point along a diagonal line,
emphasizing the strong correlation between the two metrics.
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Table 8. Sensitivity analysis of key variables (source: authors’ analysis)

Variable Baseline scenario +10% Change −10% Change Sensitivity observation

Renewable energy share (%) 80% Cost: +8%;
emissions: −15%

Cost: −6%;
emissions: +12%

Higher renewable share reduces
emissions but increases cost.

Transport distance (km) 300 km Cost: +5%;
emissions: +10%

Cost: −4%;
emissions: −8%

Longer transport distances
increase both cost and emissions.

This visualization illustrates that as cost reductions increase,
emissions reductions follow at an equal rate, reaffirming that
neither objective is prioritized at the expense of the other. The
diagonal alignment suggests that the optimization strategies
leverage shared mechanisms to achieve dual benefits. For
example, adopting advanced technologies or transitioning to
renewable energy sources reduces fuel and energy costs while
simultaneously cutting GHG emissions. This balance is crucial
for organizations looking to maximize returns on investment
in optimization initiatives, as it ensures that cost savings align
with sustainability targets.

The results align with principles of systems optimization
and environmental economics. Many optimization models
incorporate multi-objective approaches, where cost and emis-
sions are treated as interdependent variables. For example,
Pareto efficiency principles ensure that improvements in one
metric (e.g. cost reduction) do not compromise the other (e.g.
emissions reduction). The proportional trends observed in
these charts are indicative of such balanced optimization pro-
cesses. From a scientific standpoint, the correlation between
cost and emissions reductions can also be explained by their
shared dependence on resource efficiency. Reducing energy
consumption, for instance, decreases costs associated with
energy procurement while simultaneously lowering emissions.
Similarly, waste minimization strategies reduce disposal costs
and GHG emissions from waste decomposition. These inter-
dependencies are well documented in sustainability science,
where cost-effective measures often deliver environmental
benefits as co-benefits.

Figure 10 highlights the significant improvements achieved
through systematic optimization strategies, demonstrating a
clear upward trend in utilization across all vehicles.

Figure 10 complements the bar chart by illustrating the
trends in utilization for each vehicle across the scenarios. The
upward trajectories of all three lines highlight the consistent
improvement in utilization rates as optimization progresses.
Notably, the lines remain close together throughout the sce-
narios, indicating a coordinated approach to optimization
that benefits all vehicles equally. This balanced improvement
reduces the risk of underutilization or overburdening specific
vehicles. The steady upward trend reflects an iterative refine-
ment process, where each scenario builds on the previous
one. The systematic nature of this progression suggests the
use of advanced algorithms or models, such as load-balancing
algorithms, to distribute workloads efficiently across the fleet.
The results also demonstrate the scalability of the optimiza-
tion strategy, as the improvements persist even as utilization
approaches near-maximum levels.

The observed improvements in vehicle utilization can be
explained by principles of operations research and logistics
optimization. Efficient fleet management often employs tools
like LP, heuristic methods, or machine learning to allocate
resources optimally. These methods consider multiple vari-

ables, such as demand, vehicle capacity, and route constraints,
to achieve balanced utilization. From a scientific perspective,
higher vehicle utilization rates contribute to greater oper-
ational efficiency. By minimizing idle time and maximiz-
ing load capacities, organizations can reduce variable costs,
such as fuel and driver hours, while achieving faster delivery
cycles. Additionally, increased utilization translates to lower
environmental impact per unit of service provided, as fewer
vehicles are required to perform the same workload. This
aligns with sustainability goals by reducing emissions and fuel
consumption.

4.4 Sensitivity analysis

To assess the robustness of the results, a sensitivity analysis
was conducted on two of the most influential variables in
hydrogen infrastructure optimization:

• Energy Mix for Hydrogen Production—The share of
renewable energy versus fossil-based sources in hydrogen
production.

• Transport Distance—The average distance between pro-
duction sites and distribution centers, affecting fuel con-
sumption and emissions.

The results of the sensitivity analysis are summarized in
Table 8, where changes in these variables were analyzed to
determine their effect on hydrogen production cost and GHG
emissions.

The analysis shows that increasing the renewable energy
share from 80% to 90% leads to a 15% reduction in emis-
sions but an 8% increase in production costs, highlighting
the trade-off between sustainability and economic feasibility.
Conversely, reducing the renewable share to 70% results in
a 12% increase in emissions but reduces production costs by
6%, indicating that lower-cost, fossil-based hydrogen produc-
tion comes at an environmental expense.

For transport logistics, increasing the transport distance
by 10% (from 300 to 330 km) leads to a 5% increase in
hydrogen cost and a 10% rise in emissions, emphasizing the
importance of strategic placement of hydrogen production
facilities near demand centers to minimize both economic and
environmental burdens.

This sensitivity analysis highlights that hydrogen infras-
tructure performance is highly sensitive to energy mix and
transport logistics, reinforcing the importance of optimized
renewable energy integration and AI-driven logistics planning
to balance cost and sustainability.

5 Conclusions

This study comprehensively evaluated hydrogen infrastruc-
ture performance, cost dynamics, emissions reduction, and
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logistical optimization through simulation, machine learning,
and IOT frameworks. By employing scenario-based assess-
ments, predictive modeling, and iterative optimization pro-
cesses, critical insights into improving the sustainability and
efficiency of hydrogen production and distribution systems
were provided. The findings offer a robust foundation for
transitioning to cleaner, more cost-effective hydrogen infras-
tructures. The key findings are summarized as follows:

• Scenario-based simulations demonstrated the multifaceted
impact of operational and environmental factors on
hydrogen production and storage. The renewable input
scenario (Scenario 4) achieved the lowest GHG emis-
sions (0.20 kg CO2-eq/kg H2) and the highest system
efficiency (90%), underscoring the potential of integrating
renewable energy into hydrogen production. In contrast,
high-emission systems (Scenario 5) were associated
with significant environmental and financial drawbacks,
highlighting the importance of prioritizing clean energy
technologies.

• The GBM model effectively predicted trends in hydrogen
production costs and emissions, achieving high accuracy
with minimal deviations. A direct correlation between
cost and emissions reductions over time was observed,
reinforcing the economic and environmental advantages
of efficiency improvements. These findings validate the
use of predictive analytics to guide decision-making in
hydrogen infrastructure planning.

• RL-based optimization demonstrated substantial cost and
emissions reductions in hydrogen transport logistics. By
dynamically adjusting routes, schedules, and vehicle allo-
cations, RL achieved progressive cost-efficiency, with up
to $15 000 in savings in Optimized Case 3. Similarly,
emissions reductions of 30% were achieved, emphasizing
the value of AI-driven logistics optimization in achieving
sustainability goals.

• Iterative optimization processes reduced both costs
and emissions over five iterations, reflecting systematic
improvements in operational efficiency. The proportional
reduction in metrics like distance, travel time, and fuel con-
sumption further validated the effectiveness of advanced
optimization frameworks. Additionally, vehicle utilization
improved consistently across scenarios, achieving near-
maximum efficiency while balancing workloads across
the fleet.

While this study provides substantial insights, several
limitations must be acknowledged. First, the simulation
scenarios were constrained by idealized conditions and
assumptions, which may not fully capture the complexities of
real-world hydrogen systems. Variations in geographic,
economic, and policy factors could affect the generalizability
of the findings. Second, the GBM and RL models were trained
on simulated data, and their accuracy may decline when
applied to dynamic, real-world scenarios with unforeseen
variables. Third, our analysis primarily focused on operational
and logistical aspects, with limited consideration of broader
socioeconomic factors, such as market dynamics and
regulatory frameworks.

Future research should address these limitations by incor-
porating real-world datasets and testing the models under
diverse conditions. Expanding the scope of analysis to include
socioeconomic and policy dimensions could provide a more

holistic understanding of hydrogen infrastructure dynamics.
Additionally, exploring hybrid optimization approaches that
combine predictive analytics with RL may further enhance
decision-making accuracy. Finally, investigating the integra-
tion of hydrogen systems with broader energy networks, such
as grid balancing and renewable storage, could unlock addi-
tional synergies and accelerate the transition to a sustainable
energy future.
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60. Franić N, Pivac I, Barbir F. A review of machine learning
applications in hydrogen electrochemical devices. Int J Hydro-
gen Energy 2025;102:523–44. https://doi.org/10.1016/j.ijhyde
ne.2025.01.070.

61. Bedi G, Venayagamoorthy GK, Singh R. et al. Review of inter-
net of things (IoT) in electric power and energy systems. IEEE
Internet Things J 2018;5:847–70. https://doi.org/10.1109/JIO
T.2018.2802704.

62. Ahmad T, Zhang D. Using the internet of things in smart energy
systems and networks. Sustain Cities Soc 2021;68:102783. https://
doi.org/10.1016/j.scs.2021.102783.

63. Ahmad T, Madonski R, Zhang D. et al. Data-driven probabilistic
machine learning in sustainable smart energy/smart energy sys-
tems: key developments, challenges, and future research oppor-
tunities in the context of smart grid paradigm. Renew Sus-
tain Energy Rev 2022;160:112128. https://doi.org/10.1016/j.rse
r.2022.112128.

64. Mathunjwa BM, Chen Y-F, Tsai T-C. et al. A lifestyle monitoring
system for older adults living independently using low-resolution
smart meter data. Sensors 2024;24:3662. https://doi.org/10.3390/
s24113662.

65. Abdelkader S, Amissah J, Kinga S. et al. Securing mod-
ern power systems: implementing comprehensive strategies to
enhance resilience and reliability against cyber-attacks. Results Eng
2024;23:102647. https://doi.org/10.1016/j.rineng.2024.102647.

66. Khalid M. Smart grids and renewable energy systems: per-
spectives and grid integration challenges. Energy Strategy Rev
2024;51:101299. https://doi.org/10.1016/j.esr.2024.101299.

67. Qayyum F, Jamil H, Iqbal N. et al. IoT-orchestrated optimal
nanogrid energy management: improving energy trading per-
formance and efficiency via virtual operations. Int J Electr
Power Energy Syst 2024;155:109668. https://doi.org/10.1016/j.ije
pes.2023.109668.

68. El-Afifi MI, Sedhom BE, Padmanaban S. et al. A review of IoT-
enabled smart energy hub systems: rising, applications, challenges,
and future prospects. Renew Energy Focus 2024;51:100634.
https://doi.org/10.1016/j.ref.2024.100634.

69. Jia L, Li Z, Hu Z. Applications of the internet of things in renewable
power systems: a survey. Energies 2024;17:4160. https://doi.o
rg/10.3390/en17164160.

70. Yousuf M, Alsuwian T, Amin AA. et al. IoT-based health mon-
itoring and fault detection of industrial AC induction motor for
efficient predictive maintenance. Meas Control 2024;57:1146–60.
https://doi.org/10.1177/00202940241231473.

71. Mohanty A, Ramasamy A, Verayiah R. et al. Power sys-
tem resilience and strategies for a sustainable infrastructure: a
review. Alex Eng J 2024;105:261–79. https://doi.org/10.1016/j.ae
j.2024.06.092.

72. Gidiagba JO, Nwaobia NK, Biu PW. et al. Review on the evo-
lution and impact of iot-driven predictive maintenance: assess-
ing advancements, their role in enhancing system longevity, and
sustainable operations in both mechanical and electrical realms.
Comput Sci IT Res J 2024;5:166–89. https://doi.org/10.51594/csi
trj.v5i1.716.

73. Energieagentur I. Global Hydrogen Review 2023. OECD Publish-
ing, Paris 2023.

74. Swiegers GF, Terrett RN, Tsekouras G. et al. The prospects of
developing a highly energy-efficient water electrolyser by elimi-
nating or mitigating bubble effects. Sustain Energy Fuels 2021;5:
1280–310. https://doi.org/10.1039/D0SE01886D.

75. Ge G, Wang H, Li R. et al. A reliable operation strategy on the
compressed-air-regulates-pressure underground pumped storage
system and its thermo-economic investigation. J Energy Storage
2023;74:109295. https://doi.org/10.1016/j.est.2023.109295.

© The Author(s) 2025. Published by Oxford University Press. This is an Open Access article distributed under the terms of the Creative Commons Attribution License (https://creativecommons.org/licenses/by/4.0/), which permits unrestricted reuse, distribution, and reproduction in any
medium, provided the original work is properly cited.
International Journal of Low-Carbon Technologies, 2025, 20, 1554–1570
https://doi.org/10.1093/ijlct/ctaf103

Original Article

D
ow

nloaded from
 academ

ic.oup.com
/ijlct/article/doi/10.1093/ijlct/ctaf103/8242482 by guest on 28 Septem

ber 2026

https://doi.org/10.1016/j.egyr.2024.08.019
https://doi.org/10.1016/j.egyr.2024.08.019
https://doi.org/10.1016/j.egyr.2024.08.019
https://doi.org/10.1016/j.egyr.2024.08.019
https://doi.org/10.1016/j.egyr.2024.08.019
https://doi.org/10.1016/j.ijhydene.2024.02.166
https://doi.org/10.1016/j.ijhydene.2024.02.166
https://doi.org/10.1016/j.ijhydene.2024.02.166
https://doi.org/10.1016/j.ijhydene.2024.02.166
https://doi.org/10.1016/j.ijhydene.2024.02.166
https://doi.org/10.1016/j.ijhydene.2024.02.166
https://doi.org/10.1016/j.rser.2024.114572
https://doi.org/10.1016/j.rser.2024.114572
https://doi.org/10.1016/j.rser.2024.114572
https://doi.org/10.1016/j.rser.2024.114572
https://doi.org/10.1016/j.rser.2024.114572
https://doi.org/10.1016/j.rser.2024.114572
https://doi.org/10.3390/su14084832
https://doi.org/10.3390/su14084832
https://doi.org/10.3390/su14084832
https://doi.org/10.3390/su14084832
https://doi.org/10.1016/j.rser.2022.112651
https://doi.org/10.1016/j.rser.2022.112651
https://doi.org/10.1016/j.rser.2022.112651
https://doi.org/10.1016/j.rser.2022.112651
https://doi.org/10.1016/j.rser.2022.112651
https://doi.org/10.1016/j.rser.2022.112651
https://doi.org/10.1109/TAP.2022.3225532
https://doi.org/10.1109/TAP.2022.3225532
https://doi.org/10.1109/TAP.2022.3225532
https://doi.org/10.1109/TAP.2022.3225532
https://doi.org/10.1109/TAP.2022.3225532
https://doi.org/10.1109/TEMC.2022.3161298
https://doi.org/10.1109/TEMC.2022.3161298
https://doi.org/10.1109/TEMC.2022.3161298
https://doi.org/10.1109/TEMC.2022.3161298
https://doi.org/10.1109/TEMC.2022.3161298
https://doi.org/10.51594/estj.v5i8.1517
https://doi.org/10.51594/estj.v5i8.1517
https://doi.org/10.51594/estj.v5i8.1517
https://doi.org/10.51594/estj.v5i8.1517
https://doi.org/10.51594/estj.v5i8.1517
https://doi.org/10.1016/j.jenvman.2024.120392
https://doi.org/10.1016/j.jenvman.2024.120392
https://doi.org/10.1016/j.jenvman.2024.120392
https://doi.org/10.1016/j.jenvman.2024.120392
https://doi.org/10.1016/j.jenvman.2024.120392
https://doi.org/10.1016/j.jenvman.2024.120392
https://doi.org/10.1016/j.jenvman.2024.120392
https://doi.org/10.1016/j.oceaneng.2022.112826
https://doi.org/10.1016/j.oceaneng.2022.112826
https://doi.org/10.1016/j.oceaneng.2022.112826
https://doi.org/10.1016/j.oceaneng.2022.112826
https://doi.org/10.1016/j.oceaneng.2022.112826
https://doi.org/10.1016/j.oceaneng.2022.112826
https://doi.org/10.1016/j.oceaneng.2022.112826
https://doi.org/10.1109/ACCESS.2024.3418967
https://doi.org/10.1109/ACCESS.2024.3418967
https://doi.org/10.1109/ACCESS.2024.3418967
https://doi.org/10.1109/ACCESS.2024.3418967
https://doi.org/10.1109/ACCESS.2024.3418967
https://doi.org/10.3390/electricity4040020
https://doi.org/10.3390/electricity4040020
https://doi.org/10.3390/electricity4040020
https://doi.org/10.3390/electricity4040020
https://doi.org/10.3390/electricity4040020
https://doi.org/10.3390/electricity4040020
https://doi.org/10.3390/electricity4040020
https://doi.org/10.1038/s41598-024-81769-1
https://doi.org/10.1109/ACCESS.2022.3176446
https://doi.org/10.1109/ACCESS.2022.3176446
https://doi.org/10.1109/ACCESS.2022.3176446
https://doi.org/10.1109/ACCESS.2022.3176446
https://doi.org/10.1109/ACCESS.2022.3176446
https://doi.org/10.1016/j.enconman.2020.113063
https://doi.org/10.1016/j.ijhydene.2025.01.070
https://doi.org/10.1016/j.ijhydene.2025.01.070
https://doi.org/10.1016/j.ijhydene.2025.01.070
https://doi.org/10.1016/j.ijhydene.2025.01.070
https://doi.org/10.1016/j.ijhydene.2025.01.070
https://doi.org/10.1016/j.ijhydene.2025.01.070
https://doi.org/10.1109/JIOT.2018.2802704
https://doi.org/10.1109/JIOT.2018.2802704
https://doi.org/10.1109/JIOT.2018.2802704
https://doi.org/10.1109/JIOT.2018.2802704
https://doi.org/10.1109/JIOT.2018.2802704
https://doi.org/10.1016/j.scs.2021.102783
https://doi.org/10.1016/j.scs.2021.102783
https://doi.org/10.1016/j.scs.2021.102783
https://doi.org/10.1016/j.scs.2021.102783
https://doi.org/10.1016/j.scs.2021.102783
https://doi.org/10.1016/j.rser.2022.112128
https://doi.org/10.1016/j.rser.2022.112128
https://doi.org/10.1016/j.rser.2022.112128
https://doi.org/10.1016/j.rser.2022.112128
https://doi.org/10.1016/j.rser.2022.112128
https://doi.org/10.1016/j.rser.2022.112128
https://doi.org/10.3390/s24113662
https://doi.org/10.3390/s24113662
https://doi.org/10.3390/s24113662
https://doi.org/10.3390/s24113662
https://doi.org/10.1016/j.rineng.2024.102647
https://doi.org/10.1016/j.rineng.2024.102647
https://doi.org/10.1016/j.rineng.2024.102647
https://doi.org/10.1016/j.rineng.2024.102647
https://doi.org/10.1016/j.rineng.2024.102647
https://doi.org/10.1016/j.rineng.2024.102647
https://doi.org/10.1016/j.rineng.2024.102647
https://doi.org/10.1016/j.esr.2024.101299
https://doi.org/10.1016/j.esr.2024.101299
https://doi.org/10.1016/j.esr.2024.101299
https://doi.org/10.1016/j.esr.2024.101299
https://doi.org/10.1016/j.esr.2024.101299
https://doi.org/10.1016/j.ijepes.2023.109668
https://doi.org/10.1016/j.ijepes.2023.109668
https://doi.org/10.1016/j.ijepes.2023.109668
https://doi.org/10.1016/j.ijepes.2023.109668
https://doi.org/10.1016/j.ijepes.2023.109668
https://doi.org/10.1016/j.ijepes.2023.109668
https://doi.org/10.1016/j.ijepes.2023.109668
https://doi.org/10.1016/j.ref.2024.100634
https://doi.org/10.1016/j.ref.2024.100634
https://doi.org/10.1016/j.ref.2024.100634
https://doi.org/10.1016/j.ref.2024.100634
https://doi.org/10.1016/j.ref.2024.100634
https://doi.org/10.1016/j.ref.2024.100634
https://doi.org/10.3390/en17164160
https://doi.org/10.3390/en17164160
https://doi.org/10.3390/en17164160
https://doi.org/10.3390/en17164160
https://doi.org/10.1177/00202940241231473
https://doi.org/10.1177/00202940241231473
https://doi.org/10.1177/00202940241231473
https://doi.org/10.1016/j.aej.2024.06.092
https://doi.org/10.1016/j.aej.2024.06.092
https://doi.org/10.1016/j.aej.2024.06.092
https://doi.org/10.1016/j.aej.2024.06.092
https://doi.org/10.1016/j.aej.2024.06.092
https://doi.org/10.51594/csitrj.v5i1.716
https://doi.org/10.51594/csitrj.v5i1.716
https://doi.org/10.51594/csitrj.v5i1.716
https://doi.org/10.51594/csitrj.v5i1.716
https://doi.org/10.51594/csitrj.v5i1.716
https://doi.org/10.51594/csitrj.v5i1.716
https://doi.org/10.1039/D0SE01886D
https://doi.org/10.1039/D0SE01886D
https://doi.org/10.1039/D0SE01886D
https://doi.org/10.1039/D0SE01886D
https://doi.org/10.1039/D0SE01886D
https://doi.org/10.1039/D0SE01886D
https://doi.org/10.1016/j.est.2023.109295
https://doi.org/10.1016/j.est.2023.109295
https://doi.org/10.1016/j.est.2023.109295
https://doi.org/10.1016/j.est.2023.109295
https://doi.org/10.1016/j.est.2023.109295
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/

	 Integrating machine learning and IoT in hydrogen production, storage, and distribution for a decarbonized transport future
	1 Nomenclature and Abbreviations
	 1Introduction
	 2Literature review
	 3Materials and Methods
	 4Results and discussions
	 5Conclusions
	 Acknowledgements
	 Author contributions
	 Funding


