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 A B S T R A C T

Hydrogen technologies are central to the transition toward more sustainable energy systems. Machine learning 
(ML) and artificial intelligence (AI) are emerging as key enablers across the hydrogen value chain, from 
production and transport to storage and utilization. This review synthesizes ML applications across these 
domains, mapping hydrogen technologies to ML task types and method families and assessing reported 
benefits and limitations. A systematic review of 314 peer-reviewed studies (2019–2024) shows rapid growth 
in ML-driven research, concentrated in production and material characterization, with transport, underground 
storage, and several utilization topics still underexplored. Predictive modeling dominates, typically using 
neural networks and tree-based ensembles, while optimization and hybrid physics-informed approaches are 
less common. The review highlights gaps in data availability, transparency, and explainability, and outlines 
priorities for standardized data reporting, adoption of physics-informed and explainable ML, and more rigorous 
cross-domain benchmarking.
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1. Introduction

1.1. Background

Hydrogen is emerging as a key enabler in the global energy transi-
tion, particularly in carbon-intensive industries such as heavy manufac-
turing and long-distance transportation. As countries aim to meet their 
net-zero carbon emission targets, hydrogen offers a versatile, cleaner 
solution for a range of energy systems. According to the International 
Energy Agency, low-emission hydrogen production could reach up to 
49 MTPA by 2030 [1], helping to reduce reliance on fossil fuels and 
limit global CO2 emissions. This versatility is due to hydrogen’s ability 
to be produced from diverse sources, including renewable sources like 
solar and wind, as well as its applications in a wide variety of industries.

Hydrogen’s potential lies not only in its role as a cleaner fuel 
but also as a long-term energy storage medium that can support grid 
stability by balancing intermittent renewable energy generation. Unlike 
conventional fossil fuels, hydrogen combustion does not produce any 
carbon emissions and has a higher calorific value on a mass basis, 
making it a sustainable energy carrier for industrial sectors requiring 
intensive heat generation. Moreover, green hydrogen, produced via 
water electrolysis using renewable electricity, represents a key pathway 
to decarbonize energy systems.

Governments worldwide are recognizing hydrogen’s potential, with 
countries such as the Netherlands [2], the US [3], and Japan [4] 
developing national strategies to accelerate the adoption of hydrogen 
technologies. These strategies reflect the broader trend toward a hy-
drogen economy, in which hydrogen plays a pivotal role in reducing 
reliance on carbon-intensive energy systems while boosting economic 
growth through the development of new infrastructures and industries. 
However, realizing hydrogen’s potential requires addressing techni-
cal, economic, and logistical challenges across its entire value chain, 
including production, transportation, storage, and end use.

1.2. The hydrogen value chain: From production to utilization

Each of these four stages presents unique optimization challenges. 
Hydrogen production can be divided into several methods, including 
fossil fuel-based processes such as steam methane reforming (SMR), and 
cleaner alternatives like electrolysis. SMR remains the most widely used 
process [1], but it is carbon-intensive unless combined with carbon 
capture, utilization, and storage (CCUS) technologies.

Green hydrogen from renewable-powered electrolysis is growing, 
but high cost and energy use create limitations. Once produced, hy-
drogen must be transported efficiently to end users via compression, 
liquefaction, or conversion into liquid carriers for easier handling. 
Each method comes with specific energy demands and infrastructure 
challenges, particularly concerning pipeline networks and refueling 
stations. Pipeline transport is feasible, but requires overcoming material 
2 
degradation and leakages from hydrogen embrittlement, where pro-
longed hydrogen exposure makes steels more brittle and crack-prone.

Hydrogen storage is critical for balancing supply and demand 
and can be done as compressed gas, liquid hydrogen, or solid-state 
(e.g., metal hydrides). Large underground options like salt caverns or 
depleted gas fields are promising but still limited by cost and site 
availability.

On the end-use side, hydrogen is being adopted in fuel cells for 
transport and stationary power, and is a candidate for hard-to-abate in-
dustries (e.g., steel, aviation). Yet its wide flammability range (4%–75% 
vol. in air) and very low ignition energy ( 0.02 mJ) raise safety 
requirements, so leak detection and strict protocols are essential. Across 
all stages, materials discovery, such as low–noble metal electrolysis 
catalysts and advanced storage materials like MOFs, aims to improve 
safety, efficiency, and cost [5,6].

1.3. Challenges in scaling hydrogen technologies

Despite its potential, the hydrogen sector faces significant chal-
lenges that hinder its widespread adoption. One of the primary barriers 
is the high cost of hydrogen production, particularly green hydrogen. 
Electrolysis, the most promising process for producing carbon-neutral 
hydrogen, remains expensive due to the cost of renewable electric-
ity and the capital investments required to manufacture electrolyzer 
systems. Currently, the cost of hydrogen produced via renewable-
powered electrolysis is in the range of 3–12 USD/kg H2, which is 
significantly higher than the cost of hydrogen produced via SMR, at 
0.8–5.7 USD/kg [1].

Another major hurdle is the limited infrastructure for hydrogen 
transport, storage, and distribution. In many regions, hydrogen refu-
eling stations and pipelines are either underdeveloped or nonexistent, 
significantly slowing the uptake of hydrogen as a viable fuel source. 
Moreover, existing natural gas transport infrastructure is not always 
compatible with hydrogen due to embrittlement and leakage risks.

From a technical standpoint, material durability and efficiency are 
critical concerns. For example, current materials employed in elec-
trolyzers and fuel cells suffer degradation, resulting in a consequent 
drop in performance. Improving the safety of hydrogen technologies is 
equally important. Public concerns over the flammability and handling 
of hydrogen, reinforced by incidents involving hydrogen leaks and fires, 
have created barriers to its adoption. These issues, combined with 
challenges around public acceptance and awareness, must be addressed 
to ensure that hydrogen plays a significant role in the future energy 
landscape.

1.4. Machine learning for advancing hydrogen technologies

Artificial intelligence (AI) and machine learning (ML) have sig-
nificant potential to address many of the challenges associated with 
hydrogen technologies. These data-driven techniques can optimize hy-
drogen production processes by improving electrolyzer efficiency and 
identifying optimal operating conditions through predictive modeling.
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Nomenclature

MAE Mean Absolute Error
MAPE Mean Absolute Percentage Error
RMSE Root Mean Square Error
Hydrogen

AEM Anion Exchange Membrane
ATR Autothermal Reforming
BoP Balance of Plant
CCUS Carbon Capture, Utilization, and Storage
DFT Density Functional Theory
FCV Fuel Cell Vehicles
HER Hydrogen Evolution Reaction
MEC Microbial Electrolysis Cell
MOF Metal-Organic Framework
PEM Proton Exchange Membrane
PEMFC Proton Exchange Membrane Fuel Cell
PEMWE Proton Exchange Membrane Water Electrol-

ysis
POX Partial Oxidation
PV Photovoltaic
SCWG Supercritical Water Gasification
SE-SMR Sorption-enhanced SMR
SMR Steam Methane Reforming
SO Solid-Oxide
UHS Underground Hydrogen Storage
Machine Learning
AE Autoencoder
AI Artificial Intelligence
ANFIS Adaptive Neuro-Fuzzy Inference System
ANN Artificial Neural Network
AR Autoregressive
CNN Convolutional Neural Network
DT Decision Tree
ELM Extreme Learning Machine
ERT Extremely Randomized Trees
GB Gradient Boosting
GPR Guassian Process Regression
k-NN k-Nearest Neighbors
KRR Kernel Ridge Regression
LR Linear Regression
LSTM Long Short-Term Memory
ML Machine Learning
MLR Multiple Linear Regression
PCA Principle Component Analysis
PIML Physics-Informed Machine Learning
RBF Radial Basis Function
RF Random Forest
RL Reinforcement Learning
RNN Reccurent Neural Network
RR Ridge Regression
SR Symbolic Regression
SVM Support Vector Machine
3 
Optimization

BO Bayesian Optimization
DE Differential Evolution
GA Genetic Algorithm
NSGA Non-dominated Sorting Genetic Algorithm
PSO Particle Swarm Optimization
WOA Whale Optimization Algorithm

In the transport and storage sectors, ML can be used for predictive 
maintenance to prevent equipment failures and ensure safe operation 
by mapping the risk of leaks and fractures along transport pipelines.

ML algorithms are also increasingly applied to model complex 
hydrogen systems, such as cryogenic storage systems or electrolyzers, 
where they can improve performance by predicting degradation pat-
terns and optimizing usage scenarios. Additionally, ML can assist in 
the integration of hydrogen with broader energy infrastructure, such 
as balancing hydrogen production with renewable energy availability.

To structure this rapidly developing field, ML applications in hydro-
gen technologies can be grouped by both hydrogen value-chain stage 
and ML task. In this review, we focus on four broad stages — produc-
tion, transport, storage, and utilization — and on three main classes 
of ML tasks: prediction and forecasting, optimization and control, and 
discovery and design. Within each stage, we analyze how specific ML 
methods (e.g., tree-based ensembles, neural networks, deep learning, 
and hybrid models) are used to address concrete technical challenges 
such as efficiency, degradation, safety, and system integration.

1.5. Research questions

Given the rapidly evolving landscape of hydrogen technologies and 
the huge potential of data-driven techniques, understanding the role of 
ML (and more broadly AI) is crucial. This review seeks to assess the 
current state of ML applications in the hydrogen sector, focusing on 
trends, limitations, and opportunities for improvement. The objective 
is to explore how these technologies are being utilized across the 
hydrogen value chain and to identify emerging techniques that could 
unlock new efficiencies and safety measures. Hence, this review aims 
to highlight key gaps in the literature and provide recommendations 
for future research, based on the following research questions:

• RQ1: What are the current ML techniques being applied in the 
hydrogen sector, and which areas do they primarily target?

• RQ2: What benefits do ML applications bring to the hydrogen 
sector in terms of cost reduction, energy efficiency, scalability, 
reliability, and safety, as reported in the existing literature?

• RQ3: What are the main technical challenges and limitations of 
applying ML in the hydrogen sector?

• RQ4: Which emerging data-driven approaches show promise for 
future development?

To guide our analysis, we formulate the following working hy-
potheses. First, we expect ML adoption to be concentrated in data-
rich subdomains, particularly hydrogen production and certain storage 
applications. Second, we hypothesize that explainability, hybrid mod-
eling, and physics-informed ML are underutilized relative to the safety-
critical nature of many hydrogen technologies. Third, we anticipate that 
performance reporting and benchmarking are fragmented, with limited 
use of standardized metrics and external validation.

The remainder of this review article is organized as follows: Sec-
tion 2 explains the methodology used to conduct the literature re-
view; Section 3 presents the results with detailed analysis of findings 
within each stage of the hydrogen value chain. Lastly, key benefits and 
challenges of ML applications as well as emerging trends and future 
research directions are discussed in Section 4.
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Fig. 1. Schematic representation of the hydrogen value chain.
2. Methodology

To answer RQ1–RQ4 and test the working hypotheses formulated 
in Section 1.5, we conducted a structured literature review in four 
steps. First, we defined the scope of hydrogen domains and performed 
a targeted database search. Second, we coded the selected studies by 
hydrogen domain, ML method family, and application type. Third, we 
appraised basic methodological quality indicators. Finally, we used 
this coded corpus to perform both qualitative synthesis and simple 
quantitative analyses. The following subsections provide a detailed 
description of each of these steps.

2.1. Literature search strategy

The literature search for this review was conducted using two major 
academic databases, namely ScienceDirect and Web of Science. These 
platforms were chosen for their extensive coverage of peer-reviewed ar-
ticles across multiple disciplines, including the hydrogen and artificial 
intelligence sectors, and for their indexing of key journals such as the
International Journal of Hydrogen Energy. The search targeted research 
papers published in English within the last five years (from 2019 to 
September 2024), reflecting the most recent developments in this area.

To capture relevant studies, various search strings and keywords 
were employed. The foundational search query was formulated us-
ing Boolean operators as follows: ‘‘hydrogen {domain}’’ AND 
‘‘machine learning’’ OR ‘‘hydrogen {domain}’’ AND
‘‘artificial intelligence’’, where {domain} is a place-
holder for: production, transport, storage, and usage. Varia-
tions in terminology, such as utilization for usage, were included 
to ensure completeness.

While other databases such as Scopus or IEEE Xplore also index 
relevant AI- and hydrogen-related studies, a set of trial searches indi-
cated substantial overlap with the records obtained from ScienceDirect 
and Web of Science. For transparency and tractability, the systematic 
search was therefore restricted to these two databases, acknowledging 
that some studies indexed exclusively elsewhere may not have been 
captured.

2.2. Definition of hydrogen domains

For clarity and consistency, the hydrogen value chain was divided 
into four key domains: production, transport, storage, and usage. Each 
domain represents a distinct phase in the hydrogen life cycle and is 
subject to different challenges that require the application of ML. A 
schematic representation is shown in Fig.  1.

For hydrogen production, we include four main methods, namely 
thermochemical, electrochemical, biological, and photocatalytic pro-
cesses [7]. In this context, ML applications include prediction and 
optimization of reaction parameters, process efficiency, and reduction 
of energy consumption and overall cost. Papers that treated hydrogen 
only as a minor by-product in broader energy systems, without explicit 
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modeling of hydrogen production performance, were not assigned to 
this domain.

For hydrogen transportation, we primarily focus on pipelines for 
gaseous hydrogen transit, since other forms of transportation are ad-
dressed in the storage domain. In this case, ML applications focus on 
leak detection, crack propagation, and optimization of compression 
requirements.

For hydrogen transportation, we primarily focus on pipelines for 
gaseous hydrogen transit, since other forms of transportation are ad-
dressed in the storage domain. In this case, ML applications focus on 
leak detection, crack propagation, and optimization of compression 
requirements.

Storage includes gaseous, cryogenic liquid, liquid carrier, solid-
state, and underground storage methods. ML can be used to optimize 
material selection, predict material degradation, and model the most 
efficient storage conditions. Studies that only mentioned hydrogen 
storage tangentially, or focused exclusively on non-hydrogen energy 
carriers, were excluded from this domain.

The use of hydrogen covers applications in fuel cells, combustion, 
and as a chemical feedstock for processes like ammonia and methanol 
synthesis. ML applications include monitoring of fuel cell degradation, 
prediction of laminar burning velocity for combustion systems, and 
process optimization for chemical syntheses.

Safety and material characterization were considered as overarch-
ing themes applicable to any of the above-mentioned domains. For 
instance, ML applications for hydrogen production catalysts screen-
ing and design, as well as for hydrogen storage materials optimiza-
tion, were considered in the review. Papers were tagged as safety- or 
material-focused only when hydrogen-specific properties, degradation 
mechanisms, or hazards formed a central part of the modeling task, 
rather than when hydrogen was one of many generic gases or materials.

2.3. Core machine learning methods for modeling and optimization in 
hydrogen technologies

Machine learning, a foundational area within artificial intelligence, 
encompasses a suite of algorithms that enable data-driven modeling 
and decision-making without requiring explicit rule-based program-
ming. In the context of hydrogen technologies, ML methods facilitate 
the modeling of complex, nonlinear systems and the extraction of 
insights from high-dimensional or heterogeneous data sources. These 
methods can be broadly classified according to their learning paradigm 
and data requirements [8].

Supervised learning involves training algorithms on labeled
datasets, where the model learns to map inputs to known outputs. This 
approach is particularly relevant in applications such as fault detection 
in hydrogen fuel cells or performance prediction in electrolyzers. 
Common supervised algorithms include decision trees (DT), support 
vector machines (SVM), artificial neural networks (ANN), and ensemble 
methods such as random forests (RF) and gradient boosting (GB), which 
are used for both classification and regression tasks.



R. van der Laag et al. International Journal of Hydrogen Energy 197 (2026) 152556 
Unsupervised learning, in contrast, deals with unlabeled data, aim-
ing to uncover latent patterns or structures. Techniques such as prin-
cipal component analysis (PCA) are used for dimensionality reduction 
and noise filtering, whereas clustering algorithms like k-means assist in 
exploratory analysis, such as identifying

Semi-supervised learning combines a limited set of labeled data with 
a larger corpus of unlabeled data to improve learning performance—
an advantage in domains like sensor-based monitoring, where data 
labeling can be costly or impractical.

Reinforcement learning (RL) is suited for dynamic environments 
where an agent learns optimal strategies through trial-and-error inter-
actions, guided by a reward function. RL is gaining relevance in control 
problems, for instance, in optimal operation of electrolyzers or hybrid 
energy systems.

Beyond these traditional paradigms, physics-informed and hybrid 
models represent a growing class of methods that integrate data-driven 
ML with domain knowledge. These approaches embed physical con-
straints or mechanistic models into the learning process, enhancing 
generalizability and interpretability, which is particularly valuable in 
safety-critical applications. In this review, we designated a study as us-
ing a hybrid or physics-informed approach when it explicitly combined 
an ML model with a first-principles or reduced-order physical model 
(e.g., through gray-box modeling, surrogate modeling of a mechanistic 
simulator, or inclusion of physics-based constraints and regularizers), 
or when it employed physics-informed neural networks.

ML is also intrinsically linked to optimization, a critical aspect 
of engineering system design and control. Optimization problems are 
typically formulated as either single- or multi-objective tasks, the latter 
being especially relevant in hydrogen systems where trade-offs between 
efficiency, costs, and environmental impact must be navigated. Multi-
objective optimization yields a Pareto front of non-dominated solutions, 
each representing a different balance of competing objectives [9].

Building on this, solving such optimization problems — particularly 
in the multi-objective context — relies on advanced strategies capable 
of efficiently navigating complex, high-dimensional design spaces. In 
cases where experimental evaluations are time-consuming or resource-
intensive, data-efficient optimization approaches are especially benefi-
cial. Many of these strategies draw inspiration from natural or social 
systems, emulating adaptive behaviors to explore trade-offs between 
competing objectives. They are well-suited for generating diverse sets of 
Pareto-optimal solutions and are often integrated with surrogate mod-
els or used for fine-tuning system parameters. This makes them highly 
applicable not only in conjunction with machine learning workflows 
but also as stand-alone tools.

In the context of this review, each included study was assigned one 
or more ML method labels (e.g., ANN, convolutional neural network, 
random forest, support vector machine, Gaussian process, reinforce-
ment learning, physics-informed neural network) based on the models 
explicitly reported in the paper or, where necessary, inferred from 
the mathematical formulation and implementation details. Studies that 
solely used simple linear regression or basic curve-fitting without any 
form of learning or model generalization were not tagged as ML-based.

These methodological paradigms are reflected in three broad ap-
plication domains within hydrogen technologies: predictive model-
ing, clustering and feature learning, and optimization and decision-
making. Predictive modeling tasks typically leverage supervised learn-
ing to model system behaviors, forecast performance metrics, or detect 
faults in system components. Clustering and feature learning applica-
tions often employ unsupervised or semi-supervised methods to ex-
plore patterns in operational data, reduce dimensionality, or enhance 
interpretability—crucial for sensor-rich environments or early-stage di-
agnostic tasks. Finally, optimization and decision-making tasks encom-
pass both classical and ML-driven approaches, including reinforcement 
learning and surrogate-assisted optimization, to guide system configu-
rations, control strategies, or resource allocation under technical and 
economic constraints. This tripartite framework provides a practical 
lens through which to assess the role of machine learning across the 
hydrogen value chain.
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2.4. Selection criteria and scope of the review

The inclusion criteria for this review were designed to ensure that 
the selected papers focused on the intersection of ML techniques and 
hydrogen technologies. Only papers that applied ML methods to one 
or more stages of the hydrogen value chain (namely, production, 
transportation, storage, and usage) were considered. These techniques 
included supervised learning, unsupervised learning, reinforcement 
learning, multi-objective optimization, and hybrid models used to 
optimize various aspects across the hydrogen production, transport, 
storage, and usage stages.

In addition, papers were required to be directly relevant to at least 
one stage of the hydrogen value chain outlined above. Papers exploring 
cross-cutting themes such as safety and material characterization were 
also included, provided they had direct implications for hydrogen ap-
plications. The review focused on peer-reviewed publications from the 
past five years (2019–2024) to capture the most recent advancements 
and trends. Studies outside the direct scope of hydrogen technologies 
or those lacking a clear focus on ML applications were excluded. 
Specifically, studies related to oil refining, wastewater treatment, and 
nuclear energy (domains where hydrogen plays a role, but beyond the 
central focus of this review) were omitted.

Moreover, studies that lacked sufficient technical depth or clarity 
in describing the ML methods used were excluded, even if they men-
tioned hydrogen-related processes. Non-peer-reviewed papers, such as 
white papers, reports, or preprints without formal evaluation, were 
also excluded. Finally, papers that focused on hydrogen in isolation 
without discussing its intersection with ML technologies were excluded 
to maintain the review’s focused scope.

During full-text screening, we also assessed a small set of qual-
ity indicators for each study, including whether the dataset size and 
provenance were reported, whether appropriate performance metrics 
and validation strategies (e.g., cross-validation, train/test split, external 
or temporal validation) were used, and whether any comparison with 
baseline or benchmark methods was provided. These indicators were 
recorded to support a transparent appraisal of the robustness of the 
reported ML applications and are used descriptively in the results and 
discussion.

2.5. Classification framework and paper selection

The classification framework for this review was structured around 
two main categories: the hydrogen value chain domains and the ML 
techniques applied to address specific challenges within each domain. 
Papers were categorized by their relevance to one or more stages of the 
hydrogen value chain, namely production, transport, storage, or usage. 
This allowed for a clear understanding of how ML techniques are being 
applied across the hydrogen value chain.

Subsequently, these papers were further classified according to the 
application domains (see Fig.  2) of the ML methods, as well as the ML 
paradigms used, such as supervised learning, unsupervised learning, 
reinforcement learning, (multi-objective) optimization, or hybrid meth-
ods. For each paper, we recorded the primary hydrogen domain(s), 
the ML task type (prediction/forecasting, optimization/control, discov-
ery/design), and the specific algorithm family or families employed. 
The resulting cross-tabulation of hydrogen domains, ML methods, and 
application types is presented and discussed in the Results section (see 
Figs.  4–6).

This cross-categorization enabled the identification of which ML 
techniques are most prevalent and effective in each domain. This 
dual classification framework ensured that all relevant studies were 
systematically analyzed for trends, gaps, and emerging techniques.

Data extraction was conducted by reviewing each paper for detailed 
information on the ML technique used, the hydrogen domain targeted, 
and the impact of the application. A thematic analysis was conducted to 
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Fig. 2. Schematic representation of the different ML/AI application domains.
identify common trends across papers, with a focus on recurring chal-
lenges and benefits, such as cost reduction, efficiency improvement, or 
system scalability. Quantitative analysis was performed to assess the 
measurable impact of ML on each hydrogen domain.

Data extraction was conducted by reviewing each paper for detailed 
information on the ML technique used, the hydrogen domain targeted, 
and the impact of the application. A thematic analysis was conducted 
to identify common trends across papers, with a focus on recurring 
challenges and benefits, such as cost reduction, efficiency improve-
ment, or system scalability. In addition to the qualitative synthesis, 
we performed quantitative analyses of the coded dataset, including 
yearly publication trends, distributions of studies across hydrogen do-
mains, ML paradigms and application types, and simple co-occurrence 
statistics between domains and methods.

Basic bibliometric indicators (e.g., number of studies per journal and 
per country) and co-occurrence matrices for author keywords were also 
derived to help identify underexplored areas, such as specific method–
domain combinations with few reported applications. All quantitative 
analyses and visualizations were carried out using standard scientific 
computing libraries in Python (pandas, NumPy, SciPy, and matplotlib).

The initial database search yielded over 590 papers, which were 
then subjected to title and abstract screening to exclude those that did 
not meet the inclusion criteria. After this preliminary screening, a final 
subset of 314 papers was selected as the basis for the review.

3. Results

The following section presents the publication search results, be-
ginning with an overview of their distribution over the past five years 
and across the hydrogen value chain. This is followed by a detailed 
analysis of ML applications within the key domains of production, 
transportation, storage, and utilization.

3.1. Overview of results

The results of the publication search indicate a marked increase in 
ML applications in the hydrogen sector over the past five years, rising 
from 5 studies in 2019 to 138 by the end of September 2024.

To show this trend more clearly, a bar-chart is presented in Fig.  3 
showing the number of publications per year across different segments 
of the hydrogen value chain. From Fig.  3, we see a sharp increase in 
the total volume of research papers in recent years. This growth is 
dominated by two segments: material characterization and hydrogen 
production. These areas benefit from relatively mature technologi-
cal development and data availability, particularly in thermochemical 
(e.g., SMR) and electrochemical (e.g., electrolysis) methods, as shown 
in the research pathway mapping (Fig.  4).

Building on the classification framework defined in Section 2, Figs. 
4–6 provide a quantitative mapping between hydrogen domains, ML 
application types, and method families across the 314 reviewed studies.
6 
Fig. 3. Growth of ML/AI publications across the hydrogen value chain 
(2019–2024), color-coded by hydrogen domain.  (For interpretation of the 
references to color in this figure legend, the reader is referred to the web 
version of this article.)

Fig. 4. Mapping research pathways: Hydrogen value chain segments, hydro-
gen technologies, and ML/AI applications.

In Fig.  4, we illustrate the connections between the different hy-
drogen domains and the ML applications. Despite the overall growth 
in publication volumes, hydrogen transport, storage, and utilization 
remain relatively underexplored, although there is a growing interest in 
storage, especially in solid-state and cryogenic liquid storage technolo-
gies. In contrast, pipeline transport and underground storage receive 
limited attention, highlighting potential research gaps.

Across all hydrogen domains, predictive modeling emerges as the 
most dominant ML application, primarily used to forecast system be-
havior, material performance, or process outcomes (Fig.  5). Fig.  5 
shows publication volumes among reviewed papers using each of the 
ML/AI methods, including predictive modeling, optimization & deci-
sion making, and clustering & feature learning, across the hydrogen 
value chain. We can clearly see that the majority of the studies (78.4%) 
focus on predictive modeling, particularly in the production and mate-
rial characterization domains, with a specific emphasis on production 
catalysts and solid-state storage materials. In contrast, optimization 
& decision-making, as well as clustering & feature learning, are less 
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Fig. 5. Classification of the reviewed studies by hydrogen domain and primary 
ML application category.

Fig. 6. Mapping of hydrogen domains to ML method families, expressed as 
the percentage of studies in each domain.

frequently applied, although they are gaining visibility, particularly in 
production and utilization research (Fig.  4).

A review of the commonly used ML techniques applied across 
different hydrogen domains is shown in Fig.  6, highlighting their 
relative usage frequencies. Fig.  6 shows that neural networks are the 
most widely used ML technique across all hydrogen domains, par-
ticularly dominating in production, storage, utilization, and material 
characterization. Regression techniques and tree-based and ensemble 
learning methods are also commonly applied, though less dominant 
than neural networks. Optimization algorithms are most frequently ap-
plied in material characterization and production, but are rarely used in 
transport or storage. Reinforcement learning, decision-making models, 
and explainability methods are noticeably underrepresented across all 
domains, highlighting a gap in model interpretability and real-time 
control applications. Overall, the figure indicates a strong methodologi-
cal bias toward prediction-focused, data-intensive models, with limited 
adoption of interpretable or decision-support frameworks. Consistent 
with this, most studies report point prediction metrics such as RMSE, 
MAE, MAPE, or 𝑅2, while only a small fraction of works explicitly 
discuss predictive uncertainty or the use of post-hoc explainability 
tools.

In the remainder of this section, we provide a detailed analysis and 
summary of the applications of specific ML/AI methods in each segment 
of the hydrogen value chain.
7 
Fig. 7. Distribution of publications related to the production domain within 
the last five years, color-coded by production method. (For interpretation of 
the references to color in this figure legend, the reader is referred to the web 
version of this article.)

3.2. Hydrogen production

Hydrogen production is one of the most studied segments of the hy-
drogen value chain. As described in Section 2.2, the hydrogen produc-
tion methods considered in this review include thermochemical, elec-
trochemical, biological, and photocatalytic production processes (Fig. 
1), each characterized by different levels of operational complexity and 
stages of technological maturity.

Thermochemical processes include SMR, partial oxidation (POX), 
autothermal reforming (ATR), biomass gasification, supercritical water 
gasification (SCWG), chemical looping reforming, sorption-enhanced 
SMR (SE-SMR), and plasma reforming. These technologies are the most 
mature and widely implemented. SMR, in particular, dominates global 
hydrogen production today but faces increasing pressure to reduce its 
carbon intensity through the integration of CCUS technologies [1].

Electrochemical methods, particularly water electrolysis technolo-
gies such as alkaline, proton exchange membrane (PEM), solid-oxide 
(SO), anion exchange membrane (AEM), bipolar electrolysis, and mi-
crobial electrolysis cells (MECs), are rapidly scaling up from labora-
tory research to pilot-scale applications. These methods are promis-
ing for renewable-powered hydrogen production but still face chal-
lenges in improving efficiency, enhancing scalability, and reducing 
costs simultaneously.

Biological methods, including dark fermentation and anaerobic di-
gestion, as well as photocatalytic water splitting, remain in the early 
stages of development. These methods offer the potential for low-
energy and carbon-neutral hydrogen production; however, improving 
their yields, stability, and scalability remains a challenge.

A common challenge across all methods is the discovery of efficient, 
durable, and cost-effective catalysts. Catalysts are critical to improving 
reaction efficiency and reducing operational costs, making catalyst 
optimization a key research priority.

3.2.1. Trends in ML/AI applications for hydrogen production
To tackle these challenges, ML and optimization have been im-

plemented in studies as valuable tools for improving the hydrogen 
production process. Fig.  7 shows the yearly distribution of ML/AI-
related publications in hydrogen production, categorized by production 
method from 2019 to 2024. The results reveal a steady increase in 
research output, with electrochemical methods dominating the recent 
years. Thermochemical methods also show significant growth. Bio-
logical and photocatalytic methods remain less explored but show 
gradual increases in publication volume. Some studies do not specify 
the production method in detail, as indicated by the ‘‘Non-specified’’ 
category.
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Table 1
Application of ML/AI methods in hydrogen production (Section 3.2).
 Ref. Year Application ML/AI methods H2 technology  
 [10] 2024 Process optimization NN, GA Thermochemical 
 [11] 2024 Anomaly detection Graph AE, Graph CNN Thermochemical 
 [12] 2024 Prediction of heat and H2 production LSTM Thermochemical 
 [13] 2024 Prediction and optimization of load model RF, LSTM Thermochemical 
 [14] 2024 Process optimization XGBoost, NSGA-II Thermochemical 
 [15] 2024 Prediction and optimization of H2 yield XGBoost, WOA Thermochemical 
 [16] 2024 Prediction of system performance – Electrochemical  
 [17] 2024 Prediction of PV power generation and H2 production volume RF, SVM, LSTM, NN, GA Electrochemical  
 [18] 2024 Forecast of H2 production potential LSTM Electrochemical  
 [19] 2024 Prediction of microbial electrolysis cell performance RF Electrochemical  
 [20] 2024 Prediction of H2 production rates k-NN, DT, RF, XGBoost Biological  
 [21] 2023 Prediction of micro algal H2 production – Biological  
 [22] 2023 Prediction of H2 production rate RF, XGBoost, LGBM Photocatalytic  
 [23] 2022 Prediction of H2 production ELM, GWO Photocatalytic  
 [24] 2024 Prediction of deactivation of Ni catalyst RF, NN Thermochemical 
 [25] 2022 Prediction of catalyst performance NN Thermochemical 
 [26] 2020 Prediction of catalyst deactivation NN, RBF Thermochemical 
 [27] 2024 Prediction of HER activity RF, SVR, GPR, KRR, XGBoost, GB Electrochemical  
 [28] 2024 Prediction of HER performance NN, RF, SVM, GPR, k-NN, LR Electrochemical  
 [29] 2020 Prediction of Gibbs free energy of H2 adsorption NN, RF, KRR Electrochemical  
 [30] 2024 Prediction of HER RF, DT, SVM, XGBoost, AdaBoost Photocatalytic  
 [31] 2024 Prediction of photocatalytic H2 yield RF, DT, XGBoost, GB, ERT, Bagging Photocatalytic  
 [32] 2022 Prediction of H2 production rate NN, DE Photocatalytic  
 [33] 2020 Prediction of Gibbs free energy of H2 adsorption NN, RF, SVR, KRR Electrochemical  
 [34] 2022 Prediction of stability and electrocatalytic activity of SACs NN, RF, k-NN, GPR, SVR, CatBoost, GB Electrochemical  
 [35] 2024 Screening of HER catalysts Graph CNN Electrochemical  
Predictive modeling is the dominant application of ML/AL in hy-
drogen production research, with studies primarily focusing on perfor-
mance prediction, process optimization, and catalyst discovery across 
thermochemical, electrochemical, biological, and photocatalytic meth-
ods. Across these works, model performance is typically reported in 
terms of regression metrics such as RMSE, MAE, MAPE, and coefficient 
of determination (𝑅2); several studies also compare multiple algorithm 
families on the same dataset, allowing a first, albeit heterogeneous, 
view of how different ML methods trade off accuracy and complexity.

3.2.2. ML/AI applications by production method
Table  1 shows a summary of recent literature on ML and AI appli-

cations in hydrogen production mentioned in this subsection.
Thermochemical Hydrogen Production. Thermochemical hydro-

gen production benefits from predictive models and optimization meth-
ods for hydrogen yield prediction and production process optimization. 
For instance, supervised learning models, such as gradient boosting 
(GB) algorithms, random forests (RF), and recurrent neural networks 
(RNN), have been employed to optimize catalyst utilization rates [10], 
identify system anomalies [11], and predict heat production in SMR 
systems [12]. Where multiple methods are benchmarked on the same 
thermochemical dataset, ensemble models such as XGBoost and RF 
generally achieve equal or lower prediction errors than simpler linear 
or single-tree baselines, while recurrent and other neural-network ar-
chitectures are particularly useful when temporal or high-dimensional 
process features are available.

Optimization algorithms play a crucial role in thermochemical pro-
cess optimization, helping balance production cost, energy efficiency, 
and emissions reduction. Algorithms such as NSGA-II and Whale Opti-
mization Algorithms (WOA) have been used to identify optimal oper-
ational conditions, promoting cost-effective and sustainable hydrogen 
production in industrial-scale thermochemical processes [13–15,36]. A 
combination of multiple ML/AI methods, such as predictive modeling 
and multi-objective optimization, helps maximize hydrogen yield and 
operational efficiency while minimizing cost and emissions.

Electrochemical Hydrogen Production. Electrochemical hydro-
gen production, particularly through proton exchange membrane water 
electrolysis (PEMWE), is increasingly recognized as a method com-
patible with renewable energy sources for sustainable hydrogen gen-
eration. Current ML applications in electrochemical processes focus 
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on system optimization and predictive modeling to facilitate integra-
tion with renewable power sources like solar and wind energy. For 
example, ML models have been developed to predict hydrogen pro-
duction rates in PEMWE systems, enabling the dynamic optimization 
of wind-to-hydrogen [16] and photovoltaic (PV)-PEMWE systems [17,
18]. Additionally, ML/AI techniques have been applied to analyze 
the performance of MECs, further enhancing electrochemical hydrogen 
production [19].

Commonly used ML methods in electrochemical system modeling 
and optimization include supervised learning models such as neural 
networks (NN), random forests (RF), support vector machines (SVM), 
and long short-term memory (LSTM) networks. Optimization of elec-
trolysis processes is further enhanced by multi-objective optimization 
and genetic algorithms, which support the tuning of operational param-
eters for increased efficiency, lower costs, and reduced emissions. By in-
tegrating ML techniques, electrochemical hydrogen production demon-
strates significant advantages in improving electrolyzer efficiency, re-
ducing costs, and enhancing the adaptability to fluctuating renewable 
energy sources, supporting the realization of scalable and economically 
viable green hydrogen production.

Commonly used ML methods in electrochemical system modeling 
and optimization include supervised learning models such as neural 
networks (NN), random forests (RF), support vector machines (SVM), 
and long short-term memory (LSTM) networks. Optimization of elec-
trolysis processes is further enhanced by multi-objective optimization 
and genetic algorithms, which support the tuning of operational param-
eters for increased efficiency, lower costs, and reduced emissions. By in-
tegrating ML techniques, electrochemical hydrogen production demon-
strates significant advantages in improving electrolyzer efficiency, re-
ducing costs, and enhancing the adaptability to fluctuating renewable 
energy sources, supporting the realization of scalable and economically 
viable green hydrogen production. A small but growing subset of stud-
ies also couples data-driven surrogates with physics-based electrochem-
ical or power-system models, illustrating the potential of hybrid ML and 
physics-informed approaches to improve stability and extrapolation.

Biological and Photocatalytic Processes. Biological methods of 
hydrogen production, while still in the early developmental stages, 
offer unique opportunities for low-energy, potentially carbon-neutral 
hydrogen generation. However, these methods rely on complex bi-
ological systems, often governed by nonlinear kinetic relationships. 
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ML applications in biological hydrogen production have focused on 
predicting hydrogen production rates, particularly in dark fermenta-
tion and anaerobic biomass fermentation-based hydrogen production 
systems. By analyzing the correlations between operational parameters 
and hydrogen production, ML models contribute to a more comprehen-
sive understanding of the kinetic behaviors that govern these complex 
biological systems.

Supervised learning techniques such as DTs, RFs, k-nearest neigh-
bors (k-NN), and SVMs have been applied to establish relationships be-
tween biological parameters and hydrogen yield [20,21]. Through ML-
driven analysis, researchers gain valuable insights into how production 
rates respond to varying conditions, thereby accelerating advancements 
in biological hydrogen production. Given that most biological datasets 
remain relatively small and noisy, cross-validation and careful regu-
larization are commonly employed to mitigate overfitting, although 
external validation on independent experimental campaigns is still rare.

Photocatalytic hydrogen production involves the use of light-
sensitive materials to split water molecules, a promising pathway for 
low-cost, renewable hydrogen generation. While still in an experimen-
tal phase, ML applications in this domain focus on predicting hydrogen 
production rates and analyzing the effects of different photocatalyst 
compositions. Gradient boosting techniques and RFs have been applied 
to identify optimal conditions and accelerate the development of pho-
tocatalytic systems by elucidating the complex interactions between 
system parameters [22,23]. Similar to biological hydrogen production, 
the integration of ML in photocatalytic production methods offers 
accelerated development and the opportunity to gain insights into 
parameter correlations that are difficult to model analytically; reported 
error metrics (e.g., RMSE, MAE, 𝑅2) indicate that these models can 
capture the main trends in production rate, but systematic cross-study 
benchmarking is still lacking.

Catalyst Discovery. Catalyst development is central to all hydro-
gen production methods, as catalysts play a pivotal role in process 
efficiency and yield. ML-driven material characterization focuses on 
accelerating catalyst discovery, design, and optimization. Techniques 
such as NNs, RFs, Gaussian process regression (GPR), and gradient 
boosting have been used to predict catalyst properties such as activity, 
selectivity, and durability across SMR [24–26], hydrogen evolution 
reaction (HER) [27–29] and photocatalytic [30–32] processes. Inte-
gration of ML with density functional theory (DFT) allows for more 
accurate and rapid predictions, advancing catalyst research by enabling 
the exploration of new materials.

ML applications in catalyst characterization also involve analyzing 
existing catalyst databases to uncover correlations between structural 
and functional properties, aiding in the identification of promising 
catalyst combinations [33–35]. The main benefit of ML in this area is 
the accelerated development of efficient and durable catalysts, a critical 
factor in the scalability of sustainable hydrogen production, although 
more systematic reporting of dataset provenance, representativeness, 
and validation strategies would further strengthen confidence in the 
reported models.

3.2.3. Challenges and research gaps in hydrogen production
While ML applications in hydrogen production offer substantial ben-

efits, several challenges hinder widespread adoption. For established 
thermochemical processes like SMR, the primary challenge is justifying 
the investment required to upgrade existing hardware to support plant-
wide ML integration. Although ML can enhance efficiency and reduce 
costs, demonstrating a clear return on investment in capital-intensive 
industrial settings remains a challenge.

In electrochemical processes, the limited availability of quality data 
poses a significant challenge. Since many electrochemical processes 
are still transitioning from laboratory to pilot scales, data scarcity and 
model uncertainty constrain model accuracy and generalizability. As 
the availability of experimental data grows, integration of ML models 
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Fig. 8. Distribution of publications related to the transport and storage do-
mains within the last five years, color-coded by transport and storage method. 
(For interpretation of the references to color in this figure legend, the reader 
is referred to the web version of this article.)

with physics-based models and simulations could mitigate this issue, 
allowing for more reliable models and an understandable process.

For biological and photocatalytic methods, the early-stage nature 
of these technologies presents obstacles in both data quality and model 
scalability. The lack of large, validated datasets and the high variability 
of experimental results limit the robustness of ML models. However, as 
hydrogen production methods advance, the increasing volume of data 
will support more robust and reliable ML models. In addition, com-
bining data-driven and physics-based approaches could yield valuable 
insights, enhancing the interpretability and utility of ML in hydrogen 
production systems.

Finally, uncertainty quantification and interpretability remain cross-
cutting challenges across all production methods. Data-driven pre-
dictions are often ‘‘black-box’’ models, meaning their outputs lack 
transparency, which can reduce user trust, especially in safety-critical 
industrial environments. The development of ‘‘gray-box’’ or ‘‘glass-
box’’ ML models, incorporating both physics-based and ML techniques, 
offers a promising pathway to improve model interpretability and trust-
worthiness, as well as industrial adoption. Finally, uncertainty quan-
tification and interpretability remain cross-cutting challenges across 
all production methods. Data-driven predictions are often ‘‘black-box’’ 
models, meaning their outputs lack transparency, which can reduce 
user trust, especially in safety-critical industrial environments. Only 
a small subset of the reviewed studies explicitly report predictive 
uncertainty or use model-agnostic explainability tools, which makes it 
difficult to assess how robust the reported performance metrics would 
be under distribution shifts or in industrial deployment. The devel-
opment of ‘‘gray-box’’ or ‘‘glass-box’’ ML models, incorporating both 
physics-based and ML techniques, offers a promising pathway to im-
prove model interpretability and trustworthiness, as well as industrial 
adoption.

To summarize, the application of ML has transformative potential 
for optimizing hydrogen production processes, from well-established 
thermochemical processes to experimental biological and photocat-
alytic methods. ML can assist in the optimization of the production 
system as well as catalyst discovery, providing valuable insights into 
complex material dynamics. While challenges remain, particularly in 
data availability, model scalability, and interpretability, the ongoing 
development of hybrid ML, physics-informed approaches, combined 
with closer collaboration between domain experts and data scientists, 
could help overcome these barriers and accelerate ML/AI adoption in 
industrial hydrogen production and support its role in a low-carbon 
energy future.

3.3. Hydrogen transport and storage

Transporting and storing hydrogen present a unique set of chal-
lenges due to the distinct properties of the element. Hydrogen, the 
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Table 2
Descriptions of the tasks and ML methods used in the papers referenced in Section 3.3.
 Ref. Year Task ML methods H2 technology  
 [37] 2024 Prediction of fatigue degradation NN, RF Pipeline transport 
 [38] 2024 Prediction of temperature distribution in 

pipelines
GPR Pipeline transport 

 [39] 2024 Leak detection AR, LASSO Pipeline transport 
 [40] 2024 Leak detection CNN, ANFIS Pipeline transport 
 [41] 2024 Prediction of heat transfer coefficient of 

subcooled liquid hydrogen under various flow 
conditions

NN Cryogenic liquid  

 [42] 2022 Prediction of hydrogen flow boiling heat transfer 
coefficient

RF, DT, k-NN, ERT, AdaBoost, XGBoost, 
Bagging

Cryogenic liquid  

 [43] 2024 Prediction of hydrogen adsorption of 
functionalized carbonaceous nanomaterials

NN, DT, XGBoost, GPR Solid-state  

 [44] 2024 Optimization of hydrogen absorption 
thermodynamics

BO Solid-state  

 [45] 2024 Prediction of hydrogen storage capacity and 
enthalpy of hydride formation

RF, LR, RR, KRR, GPR, ERT, LASSO Solid-state  

 [46] 2024 Prediction of hydrogen storage capacity CatBoost Solid-state  
 [47] 2024 Prediction of hydrogen solubility DT, SVR, k-NN, AdaBoost Underground  
 [48] 2023 Prediction of hydrogen adsorption NN, RF, DT, SR Underground  
 [49] 2024 Prediction of UHS optimal location NN, SVM, k-NN, MLR, XGBoost, 

LightBoost, CatBoost
Underground  

 [50] 2024 Prediction of UHS performance metrics NN Underground  
 [51] 2024 Optimization of hydrogen liquefaction process NN, PSO Cryogenic liquid  
 [52] 2024 Multi-criteria investigation and optimization 

framework
NN, NSGA-II, TOPSIS Cryogenic liquid  

 [53] 2024 Optimization of operational variables in the 
hydrogen liquefaction process

NSGA-II, PSO, GWO, LINMAP, TOPSIS Cryogenic liquid  
smallest and lightest molecule, exhibits a very low volumetric energy 
density compared to conventional fuels. This means it necessitates 
very high pressures or cryogenic conditions to be transported and 
stored efficiently, thereby posing specific engineering requirements. 
Hydrogen’s high diffusivity, which allows it to penetrate and diffuse 
through materials, contributes to embrittlement and leakage risks. This 
characteristic, combined with its high flammability, means even mini-
mal concentrations of hydrogen can create a flammable environment. 
The need for extreme caution becomes evident as leaks in pipelines 
or storage tanks could potentially ignite in the presence of a spark, 
with the risk of escalation to explosive reactions if the concentration 
is within the explosion limits (18.3% to 59% in air at atmospheric 
pressure [54]). Therefore, the practical requirements of hydrogen trans-
port and storage systems include highly sensitive sensors capable of 
detecting hydrogen at very low concentrations, embrittlement-resistant 
materials to ensure high longevity and safety, as well as sophisticated 
control systems that can optimize the operation of transport and storage 
networks. Contemporary ML-based research in this area, therefore, 
focuses on quantifying and mitigating these modern, system-level risks 
in pipelines, cryogenic facilities, and subsurface formations.

3.3.1. ML applications in hydrogen transport and storage
In response to these technical demands, ML applications have 

gained traction in both hydrogen transport and storage applications 
(see Table  2). As shown in Fig.  8, there has been a steep increase in 
ML applications in hydrogen transport and storage applications during 
the last year, with solid-state hydrogen storage reporting the highest 
interest within the five years.

Pipeline Transport. In pipeline transportation, common issues such 
as leak detection and fatigue degradation of materials benefit from ML’s 
predictive capabilities. For instance, supervised learning techniques 
like linear regression (LR), NNs, and RFs have been compared for 
predicting fatigue degradation, with RF models demonstrating superior 
accuracy [37]. Additionally, ML models such as GPR have proven 
effective for predicting temperature distributions in hydrogen pipelines, 
a critical factor for avoiding temperature-induced stress and embrit-
tlement [38]. Other applications include the use of gradient boosting 
techniques for predicting crack growth in pipelines, which helps in 
maintenance planning and early intervention.
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Leak detection, crucial in hydrogen transport due to safety concerns, 
also significantly benefits from ML innovations. Hybrid approaches 
combining physics-based and data-driven models have shown promise 
in real-time detection. For example, with a combination of LASSO 
and autoregressive (AR) models, [39] have accurately identified leak 
points and estimated leak rates. Similarly, the integration of a real-
time transient model with Convolutional Neural Networks (CNN) and 
Adaptive Neuro-Fuzzy Inference Systems (ANFIS) has enabled the de-
velopment of a sophisticated leak detection system in pipelines trans-
porting methane-hydrogen blends of varying compositions [40]. These 
advancements demonstrate that ML-based leak detection and mainte-
nance forecasting can provide a more responsive approach to hydrogen 
transport management; in the reviewed studies, model performance is 
typically summarized using classification metrics (e.g., accuracy, preci-
sion, recall or F1-score) or regression errors on leak rate and location, 
and ML-based approaches generally outperform simple threshold- or 
rule-based schemes on the considered test scenarios.

Hydrogen Storage. Regarding hydrogen storage, ML techniques 
have been utilized across various storage types, including cryogenic 
liquid, solid-state, and underground storage.

Cryogenic storage of hydrogen, which requires extremely low tem-
peratures to liquefy the gas, profits from ML models that optimize the 
liquefaction process by predicting heat transfer coefficient and other 
physical properties in subcooled conditions [41,42]. This optimization 
not only improves energy efficiency but also reduces operational costs, 
a primary goal in large-scale hydrogen applications.

Solid-state storage, which relies on materials capable of absorbing 
hydrogen, such as metal hydrides and MOFs, presents unique chal-
lenges that ML can address. In this domain, predictive models focusing 
on the adsorption behavior of hydrogen within storage media have 
become valuable tools [55]. Techniques like NNs, RFs, SVMs, and 
DTs aid in modeling and predicting adsorption capacity [43–46], an 
essential metric for optimizing solid-state storage materials.

Underground hydrogen storage (UHS), another viable option for 
large-scale seasonal storage, can also take advantage of ML integration, 
particularly for predicting hydrogen solubility and adsorption in var-
ious underground formations [47,48]. These parameters inform deci-
sions on the optimal location of UHS systems [49] and help model stor-
age performance metrics essential for reliable system operation [50]. 
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Across these different storage tasks, reported metrics (e.g., RMSE, 
MAPE, 𝑅2) consistently indicate that ML models can capture the domi-
nant trends in heat-transfer coefficients, adsorption capacities, and sol-
ubilities, even though differences in data sources and targets currently 
limit direct cross-study comparisons.

3.3.2. System-level optimization and uncertainty analysis
System integration and optimization represent another area where 

ML has demonstrated its value across hydrogen storage solutions. 
Approaches like multi-objective optimization and genetic algorithms 
have facilitated the optimization of the entire storage system. Tech-
niques such as Particle Swarm Optimization (PSO), Gray Wolf Opti-
mizer (GWO), and Non-dominated Sorting Genetic Algorithm (NSGA) 
have been utilized to balance various operational objectives, such as 
minimizing cost and emissions, while maximizing efficiency [51,52]. 
The resulting Pareto fronts provide explicit trade-off curves between 
economic and thermodynamic indicators (e.g., specific energy con-
sumption, exergy efficiency, and capital cost), enabling operators to 
select operating points that reflect their preferred balance between cost 
and performance. ML models can also be employed for uncertainty 
analysis to understand which variables most affect performance and 
consequently prioritize system improvements accordingly [53].

3.3.3. Material characterization for hydrogen storage
Accurate characterization of materials used in hydrogen transport 

and storage is crucial for developing embrittlement-resistant and high-
capacity storage media. ML techniques play a pivotal role in predict-
ing hydrogen adsorption behavior and assessing material performance 
metrics. Supervised learning methods, including SVMs, DTs, RFs, and 
gradient boosting, are commonly used for predicting material perfor-
mance, offering a data-driven approach to optimize the design and 
functionality of solid-state storage materials [55]. Neural network-
based models, including deep learning variants, have gained popularity 
due to their effectiveness in capturing non-linear relationships between 
structural and functional properties in storage media, thus accelerating 
the discovery and optimization of suitable materials for hydrogen 
storage.

3.3.4. Benefits of ML integration
The integration of ML in hydrogen transport and storage systems has 

several benefits. In transport applications, ML models offer predictive 
capabilities to improve pipeline operation and maintenance, enabling 
operators to anticipate and address issues like fatigue degradation 
and leak risks. Given the limited existing hydrogen pipeline transport 
infrastructure, ML tools provide a proactive approach to design and 
maintenance, with the ultimate goal of lowering operations costs, 
improving efficiency, and safety. Moreover, as more data on hydrogen 
transport becomes available, ML methods will be instrumental in re-
fining models, generating insights from historical data, and adjusting 
operational protocols to ensure safe hydrogen handling. In storage ap-
plications, ML techniques contribute to faster system optimization, with 
the potential to improve efficiency and safety, while reducing costs. 
With multi-objective optimization, ML tools facilitate integrated system 
analysis that considers complex interdependencies between different 
components of the storage system and varying operating conditions. 
These tools enhance decision-making in areas such as network man-
agement and energy use, allowing for greater flexibility and resilience 
in hydrogen infrastructure.

Material characterization for hydrogen storage further exemplifies 
ML’s impact, as these models could significantly accelerate material 
discovery, design, and optimization. The ability to identify correlations 
between structural and functional properties aids in material selection 
for specific storage needs, promoting faster development cycles and 
reducing experimental costs.
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Fig. 9. Distribution of publications related to the utilization domain within 
the last five years, color-coded by utilization method. (For interpretation of 
the references to color in this figure legend, the reader is referred to the web 
version of this article.)

3.3.5. Challenges and research gaps in hydrogen transport and storage
Despite the benefits, several challenges impede the full realization 

of ML’s potential in hydrogen transport and storage. One primary issue 
is the lack of quality data, which ML models rely on for training. The 
hydrogen sector’s relative immaturity means historical data are limited, 
while available data from literature often vary in terms of operating 
conditions and quality. Consistent data collection and standardization, 
alongside the integration of physics-based models, can help mitigate 
this challenge by supplementing scarce real-life data with simulated 
scenarios.

Another challenge lies in scalability. To date, ML techniques have 
been predominantly applied to lab- or pilot-scale hydrogen systems, 
raising questions about their accuracy and reliability at larger scales. 
As the sector expands, integration of data-driven models with physics-
based models and existing domain knowledge will be crucial for main-
taining accuracy and managing complexities throughout the scale-up of 
these technologies. Uncertainty in both physics-based and data-driven 
models is also a concern, as these uncertainties can significantly impact 
the reliability of predictions. Developing robust uncertainty quantifica-
tion methods is essential for establishing the boundaries within which 
ML models can operate confidently.

Finally, the interpretability of ML models poses a barrier to wider 
adoption. Many ML techniques are perceived as ‘‘black boxes’’, lim-
iting user trusts and hindering practical implementation. The move 
toward explainable ML models and hybrid approaches combining ML 
with physics-based insights, may offer a solution to improve the in-
terpretability and transparency, thus boosting confidence among prac-
titioners. Across the transport and storage corpus, however, only a 
limited number of studies explicitly report uncertainty estimates or use 
explainability tools, indicating a clear opportunity for more systematic 
treatment of these issues in future work.

In summary, ML applications hold considerable promise for ad-
vancing hydrogen transport and storage technologies. From predictive 
maintenance in pipelines to optimization of storage conditions and 
material characterization, these techniques address key challenges and 
enhance system performance. Nonetheless, the successful deployment 
of data-driven solutions within the hydrogen sector requires overcom-
ing data scarcity, scalability issues, and model uncertainty, as well as 
the need of interpretable models. These advances are expected to play 
a pivotal role in meeting the demands of a growing hydrogen sector, 
supporting a sustainable transition to hydrogen as a viable energy 
carrier.

3.4. Hydrogen utilization

Hydrogen has multiple applications, each with unique operational 
and technological requirements. Table  3 contains recent literature in 
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Table 3
Descriptions of the tasks and ML methods used in the papers referenced in Section 3.4.
 Ref. Year Task ML methods H2 technology  
 [56] 2024 Prediction of laminar burning velocity NN, GPR, XGBoost Combustion  
 [57] 2024 Prediction of flame behavior of hydrogen-rich gas 

combustion
NN, RF, GPR Combustion  

 [58] 2024 Prediction of turbulent flame speed NN, RF, MLR, SVR Combustion  
 [59] 2024 Prediction of emissions NN, RF, DT, XGBoost, GB, Bagging Combustion  
 [60] 2024 Analysis of dataset performance and prediction of 

combustion engine performance parameters
NN, GPR Combustion  

 [61] 2024 Prediction of performance and emissions of 
dual-fuel hydrogen-diesel combustion engine

NN Combustion  

 [62] 2024 Prediction of fuel cell degradation and battery 
aging

NN Fuel cell  

 [63] 2022 Prediction of fuel cell degradation and battery 
aging

NN Fuel cell  

 [64] 2024 System optimization NN, NSGA-II, PSO, TOPSIS Fuel cell  
 [65] 2024 Economic and efficiency evaluation/optimization NN, GA Fuel cell  
 [66] 2024 Prediction of exergy losses and methanol molar 

flow rate, Process optimization
NN, GPR, GA Chemical feedstock 

 [67] 2024 Process optimization RF, GPR, NSGA-II Chemical feedstock 
 [68] 2023 Optimization of kinetic mechanisms (reaction rate 

constants)
PSO Combustion  

 [69] 2024 Catalyst optimization BO Chemical feedstock 
 [70] 2024 Characterization of degree of metal-support 

interactions
NN, RF, k-NN, SVM, MLR Chemical feedstock 

 [71] 2024 Prediction of thermal conductivity NN, RBF Combustion  
the utilization domain, summarized in the subsequent subsections. 
Hydrogen is utilized in direct combustion, either as pure hydrogen or 
in mixtures with other fuels (e.g., methane or methane-air blends), 
which serves industrial heating and, potentially, internal combustion 
engines for transport applications. Another prominent use is in power 
generation through fuel cells, particularly PEM fuel cells (PEMFCs), 
which can be found in both stationary and transport applications. Fuel 
cell vehicles (FCVs) and refueling stations represent key areas of focus 
in this domain. Hydrogen also serves as a critical chemical feedstock for 
producing building-block chemicals, such as ammonia and methanol, 
central to the chemical industry.

Practical needs across these applications vary, but they share certain 
core objectives. In combustion applications, efficient and clean-burning 
systems for hydrogen-rich mixtures and pure hydrogen are essential. 
Optimizing combustion equipment to handle hydrogen’s specific char-
acteristics, like flame speed, is a crucial challenge. For fuel cells, pro-
longing lifetime by minimizing degradations, enhancing efficiency, and 
managing system components are vital priorities, particularly for PEM-
FCs in transport applications. In the chemical industry, hydrogen-based 
processes like CO2 hydrogenation and ammonia synthesis require pro-
cess optimization and advanced, poison-resistant catalysts to improve 
durability and reduce costs. ML plays an instrumental role in addressing 
these needs by optimizing combustion and fuel cell systems, improving 
established chemical processes, and supporting catalyst design.

3.4.1. ML in hydrogen combustion systems
Fig.  9 reports the distribution of publications within the last five 

years, showing a similar trend to the other domains previously ana-
lyzed, with growing ML applications in hydrogen combustion systems. 
Here, ML applications center around predicting complex combustion 
properties and optimizing system performance. For example, ML mod-
els can be used to predict the laminar burning velocity and flame 
behavior of hydrogen-enriched mixtures, which in turn are essential for 
understanding combustion dynamics [56–58]. Such predictions are crit-
ical for designing efficient and safe combustion systems. Moreover, ML 
models have been applied to optimize the performance and emissions 
of combustion engines operating on hydrogen-enriched fuels [59–61].

Supervised learning techniques, such as NN, RF, gradient boost-
ing, RNN, and CNN, are commonly applied in hydrogen combustion 
studies used to model flame characteristics and emission profiles. Ad-
ditionally, multi-objective optimization algorithms, such as GA, help 
balance multiple operational criteria, enhancing combustion efficiency 
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while minimizing emissions. Correspondingly, the underlying studies 
usually report RMSE, MAE, 𝑅2, or percentage error on targets such 
as laminar burning velocity, flame speed, and emission indices, and 
multi-objective results are often summarized via Pareto fronts that 
explicitly show trade-offs between efficiency and pollutants (e.g., NO𝑥, 
CO, unburned hydrocarbons). The benefits of integrating ML techniques 
in hydrogen combustion research include the ability to accelerate the 
modeling of complex system dynamics. This is particularly useful for 
integrating ML with CFD models, enabling more accurate and efficient 
simulations. By predicting flame behavior, emissions, and combustion 
characteristics, ML has the potential to improve the design and oper-
ation of hydrogen combustion systems, supporting their adoption in 
industries seeking low-carbon fuel alternatives.

3.4.2. ML in fuel cell systems
Fuel cells, especially PEMFCs, represent one of the most promising 

hydrogen applications in transportation and stationary power gen-
eration. ML models have been used to predict PEMFC degradation, 
allowing researchers and engineers to develop strategies to extend 
the operational life of fuel cells [62]. Accurate lifetime prediction is 
essential for FCVs, as it influences the cost-effectiveness and adoption of 
fuel cells in transportation. ML models also facilitate system optimiza-
tion, improving efficiency and reducing costs through the optimization 
of the associated balance of plant (BoP) and system components. In 
fuel cell applications, neural networks and multi-objective optimization 
algorithms — including GWO, PSO, and NSGA-II — are found in 
the literature. These models have been applied to predict fuel cell 
degradation patterns [63], optimize the system operation [64], and 
identify the most efficient operational configurations [65]. Across these 
works, degradation and performance models typically use time-series 
operational features (e.g., current, voltage, temperature, humidity) and 
are evaluated with metrics such as RMSE, MAE, and MAPE over pre-
diction horizons ranging from short-term dynamics to hundreds or 
thousands of operating hours, while system-level optimization stud-
ies report improvements in efficiency and cost indicators relative to 
reference operating points.

The benefits of ML integration in fuel cell applications include 
improved lifetime prediction and more efficient system optimization. 
In turn, this enables the development of better predictive maintenance 
schedules, performance optimization, and limits the need for costly 
and time-consuming physical testing. Overall, it enhances the viabil-
ity of fuel cells for both stationary and mobile power applications, 



R. van der Laag et al. International Journal of Hydrogen Energy 197 (2026) 152556 
particularly in sectors like transportation, where system durability is 
paramount.

3.4.3. ML in hydrogen-based chemical production
As a chemical feedstock, hydrogen is integral to producing essential 

chemicals like methanol and ammonia. These processes require precise 
control over operating conditions to optimize yield and efficiency, 
making them ideal candidates for ML-based optimization. ML is used to 
model and optimize key processes, such as CO2 hydrogenation and am-
monia synthesis, providing rapid feedback and fine-tuning traditional 
simulation techniques.

ANNs and multi-objective genetic algorithms have been applied 
to these processes, integrating data analysis with optimization rou-
tines [66–68]. Compared to conventional simulation software, ML ap-
proaches can provide quicker, more efficient optimization, identify-
ing optimal operating parameters faster and with greater adaptability 
to varying input conditions. In multi-objective settings, the resulting 
Pareto fronts highlight process conditions that jointly improve energy 
or exergy efficiency and reduce greenhouse gas emissions or undesired 
by-products compared to baseline operation.

In this domain, ML’s primary benefit lies in the rapid optimization 
it enables, which is often faster than conventional simulation methods. 
Moreover, ML’s ability to integrate data analysis with process opti-
mization facilitates more responsive and accurate adjustments to pro-
cess conditions, improving the efficiency and yield of hydrogen-based 
chemical feedstock processes.

3.4.4. ML in material characterization for hydrogen usage
Material characterization for hydrogen usage application involves 

designing and optimizing hydrogenation catalysts, predicting material 
properties in combustion systems, and assessing membrane degrada-
tion rates in PEMFCs. For instance, Bayesian optimization has been 
applied to support CO2 hydrogenation catalyst optimization [69]. By 
integrating ML with physics-based methods like DFT, it is possible to 
accelerate catalyst design and material optimization, enabling rapid 
exploration of possible catalyst structures and identifying those with 
the most desirable properties [70].

In addition to catalyst development, ML models can help improve 
the understanding of hydrogen-based mixtures, assisting in designing 
systems with tailored thermal properties. For example, different neu-
ral networks have been used and compared to predict the thermal 
conductivity of hydrogen mixtures, which are critical for a safe and 
efficient design of combustion systems [71]. As in the production 
and storage domains, model performance is generally reported using 
regression metrics, with most studies demonstrating good agreement 
with experimental or high-fidelity simulation data within the range of 
conditions covered by the training set.

The benefits of ML in material characterization are significant, 
particularly in the speed and accuracy of catalyst development. ML 
allows for quick exploration of material databases, uncovering corre-
lations between properties and predicting catalyst performance. This 
reduces the need for extensive and expensive experiments, accelerating 
innovation in catalyst design.

3.4.5. Challenges and research gaps in hydrogen utilization
Despite its benefits, ML still faces challenges in hydrogen use appli-

cations. A primary challenge is the scarcity of high-quality data. For 
emerging technologies, such as fuel cells and hydrogen combustion 
engines, datasets are often limited, constraining model training and 
limiting predictive accuracy. Established processes like CO2 hydrogena-
tion, instead, often lack accessible, structured, and consistent datasets 
suitable for ML applications.

Moreover, the complex data-driven nature of ML models can lead 
to interpretability issues, which may hinder their acceptance in highly 
regulated industries that require transparent operational models. More-
over, ML for hydrogen applications must balance between predictive 
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accuracy and computational efficiency, especially when used in real-
time settings. Lastly, the integration of ML with physics-based models 
presents both opportunities and challenges. On the one hand, hybrid 
ML-physics models offer a promising solution combining the advan-
tages of both methods. On the other hand, developing robust hybrid 
models requires expertise in both ML and domain-specific knowledge, 
underscoring the need for interdisciplinary collaboration to address the 
challenges of ML application in the hydrogen sector. At the same time, 
only a small number of utilization-focused studies explicitly report un-
certainty estimates or use explainability techniques, making it difficult 
to compare models across technologies and operating regimes.

In summary, ML applications are transforming hydrogen’s role in 
the energy and chemical industry by accelerating system optimization, 
predicting performance and lifetime of hydrogen technologies, and 
supporting data-driven material characterization. Despite data avail-
ability and interpretability challenges, ongoing advancements in hybrid 
modeling and interdisciplinary approaches hold the potential to unlock 
ML’s full potential in hydrogen applications.

4. Discussion

Building on the domain-specific results in Section 3, this section 
synthesizes the benefits and challenges of applying ML across the 
hydrogen value chain and consolidates the main findings with respect 
to RQ1–RQ4. We first summarize where ML is currently most and least 
established, then discuss reported benefits, cross-cutting challenges, 
and emerging methodological trends, and finally outline near-term 
priorities for future work.

4.1. Synthesis with respect to the research questions

RQ1: What are the current ML techniques being applied in the 
hydrogen sector, and which areas do they primarily target? The 
findings indicate a significant increase in the application of ML and AI 
methods, particularly in hydrogen production and material character-
ization, with storage and utilization following, and transport and un-
derground storage remaining comparatively underexplored. Across do-
mains, predictive modeling is the dominant application type, account-
ing for nearly four-fifths of the reviewed studies, while optimization 
and clustering/feature-learning tasks are less frequent. Method-wise, 
neural networks and tree-based ensembles are the most widely used 
techniques, complemented by support vector machines, Gaussian pro-
cesses, and, more rarely, reinforcement learning and physics-informed 
approaches. This distribution reflects both the maturity of available 
data in production and materials domains and a methodological bias 
toward black-box, prediction-focused models.

RQ2: What benefits do ML applications bring to the hydrogen 
sector in terms of cost reduction, energy efficiency, scalability, 
reliability, and safety, as reported in the existing literature? The 
benefits of applying ML and AI techniques are evident across multi-
ple domains, including enhanced process efficiency, safer operations, 
and accelerated materials discovery. In production, ML models sup-
port yield prediction, process control, and catalyst screening, enabling 
improved efficiency and reduced operating costs relative to baseline 
conditions. In transport and storage, ML-based fatigue and leak detec-
tion, as well as improved prediction of heat-transfer and adsorption 
properties, contribute to safer and more reliable infrastructures. In 
utilization, ML-driven combustion modeling, fuel cell degradation pre-
diction, and optimization of hydrogen-based chemical processes help to 
balance efficiency, emissions, and system durability. Collectively, these 
advancements not only contribute to technological progress but also 
support broader global goals for a sustainable energy transition.

RQ3: What are the main technical challenges and limitations 
of applying ML in the hydrogen sector? Several technical challenges 
remain and recur across domains. Data scarcity and limited represen-
tativeness are prominent, especially in emerging areas such as under-
ground storage, hydrogen pipelines, and fuel cell degradation, where 
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long-term, high-quality datasets are rare. Scalability from lab- and 
pilot-scale studies to industrial deployments is not yet systematically 
demonstrated, and validation on independent data or under shifted 
operating conditions is often limited. The interpretability of ML models 
also remains a concern: only a minority of studies explicitly report 
predictive uncertainty or employ explainability tools, which hinders 
trust and adoption in safety-critical and regulated environments. Fur-
thermore, a lack of interdisciplinary expertise and fragmented reporting 
practices (e.g., incomplete documentation of datasets, features, metrics, 
and baselines) pose critical barriers to integrating ML consistently 
across the full hydrogen value chain.

RQ4: Which emerging data-driven approaches show promise 
for future development? Emerging trends, such as physics-informed 
machine learning (PIML), digital twins, and hybrid models combining 
ML with physics-based approaches, represent promising directions for 
future research. These approaches aim to improve model accuracy, 
robustness, and extrapolation by embedding physical constraints, and 
they offer a principled route to bridge the gap between simulation 
and real-world application. In parallel, advances in explainable AI, un-
certainty quantification, and surrogate-assisted optimization can help 
turn ML models from stand-alone predictors into trustworthy decision-
support tools. Moving forward, realizing the full potential of ML in the 
hydrogen sector will require more systematically reported and shared 
benchmark datasets, hybrid ML–physics pipelines that are evaluated 
against transparent baselines, and community practices that encourage 
the publication of code, models, and interpretability analyses alongside 
performance metrics.

4.2. Cross-cutting challenges and emerging trends

The synthesis above aligns with the domain-level patterns observed 
in Section 3. Transport, underground storage, and utilization account 
for only a small fraction of the 314 reviewed studies (Figs.  3, 8, and 9), 
and fewer than 10% of studies in any domain explicitly report using ex-
plainability tools or uncertainty quantification (see the ‘‘Explainability’’ 
row in Fig.  6). Four cross-cutting themes emerge.

Data availability and standardization. A foundational barrier to 
effective ML adoption is the limited availability and heterogeneous 
quality of data across hydrogen-related applications. Biological and 
photocatalytic production, pipeline transport, and underground storage 
are particularly affected, with relatively few studies and small, noisy 
datasets. Even for more mature technologies, operational data are often 
proprietary and inconsistently documented, limiting robust model com-
parison and transferability. Addressing this will require more system-
atic reporting of dataset size and provenance, greater use of shared or 
synthetic benchmark datasets, and coordinated data-sharing initiatives 
between academia and industry.

Interpretability, uncertainty, and hybrid modeling. Many of the 
most widely used models in the corpus (e.g., deep neural networks 
and ensemble methods) are treated as black boxes, with limited insight 
into which inputs drive predictions or how robust these predictions are 
under shifted conditions. At the same time, only a minority of studies 
employ hybrid or physics-informed approaches, despite the availability 
of mature mechanistic models in several hydrogen domains. Expanding 
the use of explainability tools, predictive uncertainty estimates, and 
physics-informed architectures — particularly in safety-critical appli-
cations such as fuel cells, combustion, and subsurface storage — is 
therefore a key avenue for future work.

Scalability, generalizability, and rapid technological change.
Most studies focus on lab- or pilot-scale systems, often at a single 
site, with limited demonstration of model robustness at industrial scale 
or under evolving regulatory and operating conditions. As hydrogen 
technologies and standards develop rapidly, models must be regularly 
updated, recalibrated, and revalidated to remain reliable. This high-
lights the need for adaptive and transferable ML approaches, as well as 
clearer lifecycle management practices for deployed models.
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Underexplored domains and system-level integration. While 
production and material characterization dominate the current liter-
ature, other parts of the value chain — notably pipeline transport, 
underground storage, and integrated system operation — remain un-
derexplored from a data-driven perspective. Digital twins for hydro-
gen plants and networks, system-level optimization frameworks, and 
ML-based safety monitoring represent promising but still nascent di-
rections. Expanding ML applications in these areas, with a focus on 
interpretable and physics-consistent models, will be essential for the 
safe and effective integration of hydrogen into broader energy systems.

4.3. Future research directions

Based on the above synthesis, we highlight the following priorities 
for researchers and practitioners working at the intersection of ML and 
hydrogen technologies:

1. Strengthen reporting and transparency : systematically document 
dataset provenance, feature sets, baselines, metrics, and valida-
tion protocols, and, where possible, share minimal reproducible 
datasets and code.

2. Quantify uncertainty and improve interpretability : routinely accom-
pany point predictions with uncertainty estimates and apply 
explainability tools to clarify which inputs drive model behavior, 
especially in safety-critical applications.

3. Adopt and benchmark hybrid and physics-informed models: treat hy-
brid ML–physics approaches as candidate baselines, particularly 
in domains where physical constraints are well understood but 
data remain scarce.

4. Target underexplored domains and cross-domain integration: prior-
itize ML studies in transport, underground storage, and system-
level hydrogen integration, where our review identifies clear 
gaps but high potential impact.

Together, these actions provide a concrete, data-grounded agenda for 
advancing ML-enabled hydrogen technologies in the near term.

5. Conclusion

This review has examined the rapidly growing integration of ML and 
AI techniques within the hydrogen sector by systematically analyzing 
314 peer-reviewed studies published between 2019 and 2024. By clas-
sifying these works across the hydrogen value chain, ML task types, 
and method families, it provides a consolidated picture of where ML 
is currently most impactful (production and material characterization) 
and where significant gaps remain (pipeline transport, underground 
storage, and system-level integration).

The review contributes three main elements to the literature on 
hydrogen and ML. First, it offers a cross-value-chain synthesis that 
maps hydrogen domains to ML tasks and methods, complementing 
earlier reviews focused on individual technologies. Second, it com-
bines this taxonomy with a quantitative characterization of recent 
work, highlighting the dominance of predictive modeling and black-box 
methods, and the relative scarcity of explainable, hybrid, and physics-
informed approaches. Third, it identifies concrete methodological and 
domain gaps — in data availability, transparency, interpretability, 
and hybrid modeling — and translates them into a set of prioritized 
recommendations for future research.

Taken together, these findings underscore that ML already plays an 
important role in improving the efficiency, safety, and reliability of 
hydrogen technologies, but that its full potential will only be realized 
through more robust data practices, stronger integration with physical 
and engineering knowledge, and targeted efforts in underrepresented 
parts of the hydrogen value chain.
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