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A B S T R A C T

Although technically challenging, effective, safe, and economical transport is crucial for enabling a widespread 
rollout of hydrogen technologies. A promising option to transport large amounts of hydrogen lies in employing 
retrofitted natural gas pipelines. Nevertheless, H2-rich environments tend to degrade pipeline steels, reducing 
their load-bearing capability and accelerating crack propagation. Regular inspection and maintenance activities 
can preserve the pipelines’ integrity and guarantee safe operations. The risk-based inspection (RBI) approach is 
based on estimating the risk for each component item. It focuses most inspection activities on high-risk com-
ponents to reduce costs while maximizing the plant’s safety and availability. However, the RBI standards do not 
consider hydrogen-induced degradations and cannot be adopted for industrial equipment operating in H2 en-
vironments. This study proposes a novel ad-hoc methodology for the risk-based inspection planning of hydrogen 
handling equipment. A machine-learning model to predict the fatigue crack growth in gaseous hydrogen envi-
ronments is developed and integrated with the conventional RBI approach. The proposed methodology is vali-
dated on three pipelines transporting hydrogen and natural gas in different concentrations. The results show how 
similar operating conditions can determine different degradation rates depending on the environment and 
highlight how hydrogen-enhanced fatigue can reduce the pipelines’ lifetime.

1. Introduction

Mitigating the human impact on the environment and moving to-
wards a sustainable economy require a paradigm change in the energy 
sector (International Energy Agency, 2023). The global energy transi-
tion demands clean and affordable energy sources, and hydrogen has 
been primarily indicated as a versatile and potentially sustainable en-
ergy carrier (Norwegian Ministry of Petroleum and Energy, 2020). It can 
be produced with near-zero pollutant emissions by water electrolysis 
and is efficiently used in fuel cell systems or repurposed turbomachines. 
In addition, hydrogen is one of the few options for long-term clean en-
ergy storage, thus supporting the integration of renewable sources in the 
electricity system (Chatzimarkakis et al., 2021). In this context, an 
efficient and widespread transport infrastructure is crucial, and using 
the existing natural gas pipeline network to transport vast amounts of 
hydrogen seems a promising option (Lipiäinen et al., 2023).

However, adapting the natural gas pipelines for transporting pure 

hydrogen or hydrogen-natural gas blends presents several technical 
challenges. One of the most pressing issues is the accelerated material 
degradation of components exposed to H2-containing environments. The 
interaction of most metallic materials (e.g., carbon and low-alloy steels) 
with compressed gaseous hydrogen can impair their performance and 
durability. This can lead to early losses of integrity and unintended 
hazardous releases in the environment (Campari et al., 2023d). The 
issue of fatigue life reduction is particularly severe for large-scale 
transport pipelines. These systems often have geometrical imperfec-
tions and welding defects that can trigger crack initiation and propa-
gation. Even if pipelines should not be subjected to severe load cycles, 
the number of fatigue failures in industrial practice contradicts this 
observation (European Gas Pipeline Incident Data Group, 2018; Pipeline 
and Hazardous Materials Safety Administration, 2022). The lack of 
proper pipe supports, chattering pressure relief devices, pressure fluc-
tuation due to line packing, and off-design conditions could introduce 
cyclic loads, potentially exacerbating the risk of failure of pipeline 
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systems.
Inspection and maintenance activities are crucial to guarantee 

pipeline integrity and safe operations. Preventive strategies are prefer-
able for handling and transporting hazardous substances, such as pure 
hydrogen or hydrogen-natural gas blends. The likelihood of severe ac-
cidents can be dramatically reduced by putting ad-hoc inspection ac-
tivities into action (Abbassi et al., 2022). Inspection planning strategies 
evolved over the years, moving from time or condition-based (Zou et al., 
2019) to risk-based approaches (Li et al., 2024). Risk-based inspection 
(RBI), developed by the American Petroleum Institute, is the most 
beneficial decision-making methodology for inspection and mainte-
nance planning (American Petroleum Institute, 2019). RBI operates on 
the understanding that risk is not uniformly distributed among the 
plant’s components, with a limited number of items accounting for a 
significant portion of the total risk. Inspection and maintenance activ-
ities are strategically deployed to maintain the total risk within 
acceptable limits. By ranking the probabilities and consequences of 
failure, RBI prioritizes the inspection of high-risk components, thereby 
optimizing inspection intervals based on acceptable risk levels. This 
approach maximizes plant safety and reliability and minimizes main-
tenance costs, providing a significant financial benefit. If properly 
implemented, this strategy can reduce the probability of equipment 
failure and implement measures to mitigate the consequences in the case 
of hazardous releases (Huang et al., 2023).

Nevertheless, the current RBI standards do not consider most 
hydrogen-induced material degradations. Therefore, unrealistic as-
sumptions must be made when using these guidelines to plan inspections 
for hydrogen technologies. For instance, Wang et al. (2012) adopted a 
semi-quantitative RBI for a continuous catalytic steam-methane 
reforming plant without providing information about the material 
damages of the components exposed to hydrogen. Defteraios et al. 
(2020) proposed a risk-based inspection strategy for a hydrogen pro-
duction plant, determining the failure probability from the results of 
non-destructive testing (NDT). Even if this approach evaluates the 
detrimental effects of hydrogen embrittlement and high-temperature 
hydrogen attack, it is tailored to a specific plant and cannot be gener-
alized for other facilities. Recently, Giannini et al. (2023) adopted an 
RBI approach for a hydrogen-fueled fishing vessel and highlighted how 
the existing standards tend to underestimate the risk of failure of 
hydrogen technologies.

Adaptations of the conventional RBI were proposed to overcome 
these limitations and qualitatively evaluate the degrading effects of 
hydrogen embrittlement and hydrogen-enhanced fatigue (Campari 
et al., 2023a, 2023b). In addition, data-driven approaches were used to 
predict the hydrogen-induced degradation of tensile properties of 
aluminum alloys (Thankachan et al., 2017), austenitic steels (Kim et al., 
2022), and carbon steels (Campari et al., 2023c; Subedi et al., 2023), or 
the fracture toughness reduction in martensitic steels (Phan et al., 2021). 
Given these premises, this study aims to develop a novel risk-based in-
spection approach for hydrogen technologies. The conventional RBI is 
integrated with a data-driven model to account for the hydrogen envi-
ronment’s influence on fatigue degradation. Only another example of 
the combined application of RBI and machine-learning (ML) can be 
found in the literature. Rachman and Ratnayake, (2019) used a dataset 
of RBI assessments for oil and gas applications to develop an ML model 
capable of performing RBI screening assessments. The combination of 
machine-learning and risk-based inspection of hydrogen technologies 
has never been explored, but it represents a promising research area.

The paper is structured as follows. In Section 2, the issue of 
hydrogen-enhanced fatigue in pipeline steels is presented, and the main 
influencing factors are discussed. Section 3 outlines the fundamentals of 
the RBI approach, presents the steps to develop the ML classifier, from 
the database creation to the model evaluation and optimization, and 
discusses how to integrate the data-driven predictions with the stan-
dardized RBI. In Section 4, the proposed methodology is validated and 
applied to three pipelines carrying different hydrogen and natural gas 

concentrations but operating under the same loading conditions. In 
addition, the main findings are presented in Section 5, where the per-
formances of the ML classifier, the risk-based ranking of the compo-
nents, and the proposed inspection activities are extensively discussed. 
Finally, Section 6 summarizes the main findings and suggests the di-
rection for future research in the framework of RBI of hydrogen 
technologies.

2. Hydrogen-enhanced fatigue

Fatigue degradation accounts for 80–90 % of all component failures 
due to mechanical causes (Fetters, 1964) and is significantly enhanced 
in hydrogen environments. This enhancement can drastically reduce the 
lifetime of components subjected to load cycles (Shishime et al., 2008; 
Suresh and Ritchie, 1982). Pre-existing damages, geometrical imper-
fections, and stress concentrators could act as crack initiation sites in 
pipeline systems (Laureys et al., 2022). The hydrogen-enhanced fatigue 
crack growth rate (HEFCGR) is a result of the synergistic interaction of 
many factors, such as the hydrogen pressure, temperature, and purity, 
the microstructure, chemical composition, and strength of the material, 
and the frequency and amplitude of the load cycles (Barnoush and 
Vehoff, 2010). Depending on the component’s operating conditions, 
geometry, and material characteristics, it can be three orders of 
magnitude higher than the fatigue crack growth rate (FCGR) in inert 
environments (Alvaro et al., 2019).

Hydrogen-induced degradation depends on the concentration of H 
atoms within the metal lattice, which is proportional to the hydrogen 
partial pressure. High operating pressures are typical for H2 transport 
and storage equipment (Holbrook et al., 1982). Nevertheless, the 
detrimental effect of high pressures on FCGR varies with the loading 
conditions and is more prominent for low-amplitude load cycles (Slifka 
et al., 2018). In addition, temperature influences the hydrogen con-
centration within the metal lattice. In hydrogen environments, the 
highest FCGR can be observed at near-ambient temperatures: between 
20 and 40 ◦C for ferritic steels (Takakuwa et al., 2019; Yamabe et al., 
2016) and between − 10 and 20 ◦C for high-strength martensitic steels 
(Gangloff and Wei, 1974). The hydrogen purity also influences the up-
take of H atoms within the metal bulk. Some gaseous impurities, such as 
O2, CO, and SO2, are known to hinder the surface reactions, thus miti-
gating the hydrogen effect on the FCGR (Komoda et al., 2019; Somerday 
et al., 2013). On the other hand, higher concentrations of CO2 and CH4 
cannot prevent hydrogen uptake and do not inhibit the HEFCGR 
(Nelson, 1976).

Microstructural features, such as grain boundaries, inclusions, and 
other inhomogeneities, significantly affect the materials’ compatibility 
with hydrogen (Campari et al., 2023e). Martensitic steels are prone to 
hydrogen-enhanced fatigue due to their high residual stresses (Alvaro 
et al., 2021), while ferritic steels are susceptible to different extents due 
to their high hydrogen diffusivity (Park et al., 2008). Manufacturing 
processes, grain refinement, and thermal and surface treatments influ-
ence the fatigue performance of materials. Welds and heat-affected 
zones are particularly critical due to the elevated residual stresses, 
pre-existing defects, and uncontrolled microstructures (Drexler et al., 
2019; Slifka et al., 2015). The chemical composition also influences the 
material’s susceptibility to hydrogen damage. Low-alloy steels with 
higher carbon, manganese, chromium, molybdenum, vanadium, nickel, 
and copper contents are less compatible with hydrogen environments 
(Lancaster, 1999). In contrast, the correlation between material strength 
and hydrogen-enhanced fatigue remains unclear. Materials with the 
similar microstructures and different strengths tend to show comparable 
HEFCGR (Tau et al., 1996).

The mechanical load significantly influences the fatigue performance 
in H2 environments. Like all other forms of environmental degradation, 
HEFCGR tends to increase at lower frequencies (when H atoms have 
more time to enter the metal and accumulate at the crack tip) (Yamabe 
et al., 2016). In addition, the amplitude of the load cycles, expressed in 
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terms of stress ratio (R) and stress intensity range (ΔK), influences the 
severity of HEFCGR. The former parameter, i.e., the ratio between 
minimum and maximum stress intensity factors, has a spurious influence 
(San Marchi et al., 2010). In contrast, the stress intensity range (i.e., the 
difference between maximum and minimum stress intensity factors) 
determines the crack propagation regime. At low ΔK, the crack cannot 
propagate until the stress intensity threshold ΔKth is reached. Above 
ΔKth, the HEFCGR sharply increases compared to the FCGR in inert 
environments (Nanninga et al., 2010). In industrial practice, equipment 
commonly operates under loading conditions with variable frequencies 
and amplitudes (Zhao et al., 2016).

3. Methodology

The proposed approach to develop a quantitative RBI methodology 
for equipment exposed to compressed gaseous hydrogen can be divided 
into four phases:

1. Adoption of the conventional risk-based inspection strategy;
2. Development of a machine-learning model to predict the severity of 

the hydrogen-enhanced fatigue;
3. Integration of the conventional RBI with the ML predictions;
4. Validation of the methodology on a representative case study.

First, Section 3.1 provides an overview of the conventional RBI 
strategy. Second, Section 3.2 shows the steps for developing an ML 
model to predict the effect of hydrogen gas on the fatigue crack growth 
rate for several plain carbon and low-alloy steels. Third, Section 3.3
explains how the predictions of the ML model can be integrated with RBI 
to calculate the probability of failure for hydrogen technologies. The 
combination of these three steps represents the novel Risk-based In-
spection Strategy for Hydrogen technologies (HyRIS).

3.1. Risk-based inspection

The risk-based inspection method assumes fewer equipment items 
are responsible for a large share of the total plant’s risk. Therefore, 
inspecting these high-risk components should be a priority to mitigate 
the overall risk while guaranteeing the preventive measures’ cost- 
effectiveness and minimizing unnecessary downtimes. The RBI 
approach, as indicated by the recommended practice API 580, has the 
following structure (American Petroleum Institute, 2016a):

1. Collection of technical information and historical data about the 
plant;

2. Calculation of the probabilities of failure;
3. Calculation of the consequences of failure;
4. Calculation of the risks;
5. Determination of a risk-based ranking of the components;
6. Definition of the inspection plan.

The first step requires gathering all the information regarding the 
operating conditions, technical specifications, and inspection history of 
the plant. Three existing pipelines are used as a case study. The technical 
characteristics (i.e., geometry, material, manufacturing technique, etc.) 
and the operating conditions (i.e., nominal pressure, temperature, 
amplitude and frequency of pressure fluctuations, and flow rates) are 
considered, assuming to transport either hydrogen, natural gas, or a 
blend of hydrogen and natural gas and comparing the results.

As a second step, the probability of failure for each component item 
is calculated through Eq. 1: 

Pf(t, IE) = gff⋅Df(t, IE)⋅FSM (1) 

where gff is the generic failure frequency, Df is the damage factor, which 
is a function of time t and inspection effectiveness IE, and FSM is the 

management system factor. The former coefficient indicates the likeli-
hood of failure of an equipment type and is obtained from historical 
data. API 581 provides the failure frequencies for four different hole 
sizes (small, medium, large holes, and rupture). The Df is an adjustment 
factor for the gff and accounts for the specific characteristics of each 
component. It depends on the susceptibility to various damage mecha-
nisms, categorized into internal and external thinning, internal and 
external stress corrosion cracking, high-temperature hydrogen attack, 
thermal, mechanical, and corrosion fatigue, and embrittlement. These 
degradation mechanisms can affect the equipment depending on oper-
ating conditions and structural material. In addition, the management 
system factor is a comprehensive index of the effectiveness of the 
management in maintaining the assets’ integrity and operability.

The third step lies in calculating the consequences of failure for each 
component and each hole size. Given the high flammability and non- 
toxicicity of hydrogen gas, the impact areas of flammable releases are 
evaluated. This evaluation considers the thermal radiation for jet fires or 
fireballs, the overpressure for vapor cloud explosions, and the hydrogen 
concentration for flash fires. The consequences of each final event are 
estimated through integral models and consolidated consequence anal-
ysis techniques (Baker et al., 1983; CCPS, 2010; Lee, 2001; TNO, 2005). 
Theoretical release rates are calculated for each hole size. Each potential 
final event resulting from instantaneous or continuous releases is iden-
tified through an event tree analysis. The consequences are then eval-
uated and weighted on the event probability. Detection and isolation 
systems also affect the magnitude of the release. The consequence area 
of a flammable release is calculated using Eq. 2: 

CAflam =

∑4
i=1gffn⋅CAflam,n
∑4

i=1gffn
(2) 

where gffn and CAflam,n indicate the generic failure frequency and the 
consequence area of a flammable release from the n-th hole size.

The risk of failure (Rf) for each pipeline leg can be obtained by 
combining probabilities and consequences of failure (Kaplan and Gar-
rick, 1981), as per Eq. 3: 

Rf(t, IE) = Pf(t, IE)⋅Cf (3) 

The risk of each piece of equipment is calculated at the evaluation 
date, but future risk (i.e., the risk that is predicted after a specific time) 
can also be estimated. Then, all components are ranked on a risk basis. 
Equipment exceeding a predefined risk threshold should be inspected 
and eventually maintained. The optimal inspection techniques are 
selected depending on the active damage mechanisms, following the 
recommended practice API 571 (American Petroleum Institute, 2020).

3.2. Machine-learning model

The development of an ML model capable of predicting the effect of a 
hydrogen environment on the fatigue crack growth rate in low-alloy 
steels involves five steps:

1. Data collection and pre-processing;
2. Definition of the target attribute;
3. Selection and training of the classifier;
4. Evaluation of the model;
5. Optimization of the model.

The flow diagram in Fig. 1 shows the process from the database 
creation to the model evaluation. Each step is explained in detail below.

3.2.1. Data collection and cleaning
The results of FCGR tests conducted in hydrogen gas and inert en-

vironments are gathered from the literature. The Technical Database for 
Hydrogen Compatibility of Materials (Sandia National Laboratories, 2023) 
represents the primary source of information. This publicly available 
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repository collects the results of material tests in hydrogen environments 
with various carbon and low-alloy steels. The fatigue crack growth 
resistance is the only mechanical property considered in this study, but 
the tensile properties and fracture toughness can be predicted with a 
similar approach. The tests to quantify the per-cycle variation of the 
crack length (da/dN) were conducted according to the standard ASTM 
E647 (ASTM International, 2023). All the relevant testing conditions 
were specified, including the operating environment (i.e., pressure, 
temperature, hydrogen purity, and presence of inhibitors), the charac-
teristics of the material (i.e., steel grade, chemical composition, micro-
structure, manufacturing technique, yield and tensile strengths, 
presence of welds), and the loading conditions (i.e., frequency, stress 
ratio, and stress intensity range).

The data are merged into a unique tabular repository, where each 
row indicates an FCGR test, and each column represents an attribute 
describing the testing conditions. Attributes presenting the same value 
for each test are removed from the database. In addition, attributes such 
as carbon (C), manganese (Mn), chromium (Cr), molybdenum (Mo), 
vanadium (V), nickel (Ni), and copper (Cu) contents are merged into a 
comprehensive feature. This parameter is known as carbon equivalent 
(CE) content and is calculated from Dearden-O’Neill’s correlation in Eq. 
4: 

CE = %C+
%Mn

6
+

%Cr + %Mo + %V
5

+
%Ni + %Cu

15
(4) 

Moreover, the testing environment is indicated as a comprehensive 
categorical feature. The reference environment has the nominal 
composition of the air (i.e., 78.08 % N2, 20.95 % O2, 0.93 % Ar, and 
0.04 % CO2), while hydrogen is present in two different purity grades. 
H2 4.0 corresponds to H2 ≥ 99.99 %, O2 ≤ 10 ppm, and H2O ≤ 20 ppm, 
while H2 5.0 corresponds to H2 ≥ 99.999 %, O2 ≤ 2 ppm, H2O ≤ 3 ppm, 
and N2 ≤ 5 ppm. Finally, if more than one test is reported under the 
same environmental and loading conditions, only the mean FCGR is 
considered and included in the database. Table 1 summarizes the fea-
tures of the clean database and their range of variability.

3.2.2. Target definition
The target attribute should be a relevant parameter that quantifies 

the influence of H2 environments on the fatigue crack growth acceler-
ation. Hence, the HEFCGR measured in each test is compared to the 
reference value obtained in the air under the same loading conditions. 
An adimensional Fatigue Acceleration Factor is defined in Eq. 5: 

FAFH2 =
(da/dN)H2

(da/dN)air

⃒
⃒
⃒
⃒

ΔK,R=cost
(5) 

where (da/dN)H2 
and (da/dN)air are the per-cycle variation of the crack 

length in pressurized hydrogen gas and air at ambient pressure, 
respectively, ΔK is the stress intensity range, and R is the stress ratio. 
Five severity classes are defined in Table 2 based on Fatigue 

Fig. 1. Development of an ML classifier to predict the hydrogen effect on the FCGR.
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Acceleration Factor ranges.

3.2.3. Training of the gradient boosting machine classifier
The clean database is divided into two sub-datasets: the training 

database, composed of 70 % of the samples, and the evaluation data-
base, which comprehends the remaining 30 %. The training dataset 
{
(x1, y1),…,

(
xn, yn

) }
is composed of (x1,…, xn) independent vari-

ables (i.e., the features) and 
(
y1,…, yn

)
dependent variables (i.e., the 

target) and is used to train a gradient boosting machine (GBM) classifier. 
This ensemble learning algorithm combines multiple weak learners (i.e., 
decision trees characterized by high error rates) to build an accurate and 
robust predictive model iteratively. The model starts with a simple base 
learner F0(x), which makes predictions based on the input data. At each 
iteration m, the algorithm calculates the residuals (i.e., errors), as per 
Eq. 6: 

r(m)

i = yi − ŷ(m− 1)
i (6) 

where yi is the actual label and ŷ(m− 1)
i is the predicted label’s probability 

from the model at iteration m − 1. Then, a new tree hm(x) is trained to 
predict these residuals and added to the previous model Fm− 1(x). The 
updated model is given by Eq. 7: 

Fm(x) = Fm− 1(x) + α⋅hm(x) (7) 

where α is the learning rate, which scales the contribution of each de-
cision tree to control the learning process. The process of iteratively 
adding trees to the model, each one correcting the errors of the previous 
ones, is known as gradient boosting and is repeated for a specified 
number of iterations (Mason et al., 1999). At the end of this process, the 
model’s prediction ŷ is obtained by applying the sigmoid function to the 
final model FM(x) and converting the output of the model into a 

probability, as per Eq. 8: 

ŷ = σ(FM(x)) =
1

1 + e− FM(x) (8) 

where σ indicates the sigmoid function.
The resulting GBM classifier has superior predictive capabilities and 

is more robust to outliers than other tree-based algorithms (i.e., decision 
tree or random forest). Its sequential construction, with each new tree 
correcting the errors of the previous ones, enhances performance and 
diminishes the influence of extreme values over time. It can grasp 
complex data patterns and nonlinear correlations without extensive data 
preprocessing. Furthermore, it achieves a good trade-off between the 
assumptions made to facilitate the learning process (i.e., the bias) and 
the sensitivity to small fluctuations in the training data (i.e., the vari-
ance). Like other tree-based algorithms, GBM provides insights into 
feature importance, aiding in feature selection and providing a clear 
understanding of how the model makes predictions. It also incorporates 
regularization techniques (e.g., controlling the learning rate and tree 
complexity) to prevent the model from closely fitting the training data 
but compromising the performance on new, unseen data. However, 
while a GBM classifier can outperform decision tree and random forest 
classifiers, it requires more careful hyperparameter tuning and is more 
computationally intensive (Friedman, 2001).

3.2.4. Evaluation of the model
The trained GBM classifier is fed with the evaluation dataset’s un-

labeled data. The predicted labels are compared with the true ones to 
quantify the share of correct predictions. Three evaluation metrics, 
namely Accuracy (in Eq. 9), Precision (in Eq. 10), and Recall (in Eq. 11), 
are used to assess the model’s performance. 

Accuracy =
TP + TN

TP + TN + FP + FN
(9) 

Precision =
TP

TP + FP
(10) 

Recall =
TP

TP + FN
(11) 

where TP and TN represent the true positive and true negative pre-
dictions, while FP and FN are the false positive and false negative ones. 
Accuracy indicates the share of labels correctly predicted, Precision is 
the fraction of correct positive predictions, and Recall is the share of TP 
labels correctly predicted (Brink et al., 2016). Instead of considering 
Accuracy, Precision, and Recall as separate metrics, the two latter can be 
combined into a unique evaluation parameter named F-score (Fβ), 
defined in Eq. 12 (Chinchor, 1992): 

Fβ =
(
1 + β2)⋅

Precision⋅Recall
(
β2⋅Precision

)
+ Recall

(12) 

where β is a non-negative weight. If β > 1, the F-score prioritizes Recall; 
if β < 1, it prioritizes Precision; if β = 1, the F-score is the harmonic mean 
of Precision and Recall (Sasaki, 2007).

The classification model defines a probability that a set of features 
corresponds to one or another label. In the case of multiclass classifi-
cations, each probability vector is converted into a label based on a 
decision threshold. This parameter can be adjusted to optimize an 
evaluation metric. Lowering the threshold will increase the number of 
positive predictions and reduce the number of FN, optimizing the Recall. 
In contrast, raising the threshold will reduce the number of positive 
predictions, thus increasing the Precision (Goodfellow et al., 2016). 
Modifying the decision threshold allows for improving one metric at the 
expense of another but is unlikely to optimize both. The Precision-Recall 
(PR) curve plots the two metrics for each decision threshold. The Area 
Under the Curve PR (AUC PR) indicates the performance of the 

Table 1 
Features of the clean database and corresponding ranges of variability.

Feature Unit Parameter Type Range of 
variability

Steel grade - Material Categorical API 5 L X42, API 
5 L X60, API 5 L 
X80, AISI 4130

Carbon 
equivalent

% Material Numerical 0.278 – 0.615

Microstructure - Material Categorical Acicular ferrite, 
Banded ferrite, 
Polygonal ferrite, 
Pearlite, 
Tempered 
martensite

Yield strength MPa Material Numerical 366 – 607
Ultimate tensile 

strength
MPa Material Numerical 486 – 950

Hydrogen 
pressure

MPa Environmental Numerical 1 – 45

Environment 
type

- Environmental Categorical Air, H2 4.0, H2 5.0

Stress ratio - Mechanical Numerical 0.1 – 0.8
Frequency Hz Mechanical Numerical 0.1 – 1.0
Stress intensity 

range
MPa⋅m1/ 

2
Mechanical Numerical 3.9 – 37.5

Table 2 
Definition of the classes for the target attribute.

Severity class Fatigue Acceleration Factor Symbol

Negligible severity 1 < FAFH2 ≤ 5 NS
Low severity 5 < FAFH2 ≤ 25 LS
Medium severity 25 < FAFH2 ≤ 50 MS
High severity 50 < FAFH2 ≤ 75 HS
Extreme severity FAFH2 > 75 ES
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classification model; a large AUC PR corresponds to high Recall and 
Precision (Murphy, 2012).

3.2.5. Optimization of the model
The hyperparameters of the GBM model are tuned through grid 

search to improve the model’s performance and generalization capa-
bility. This method involves searching for the optimal combination in a 
specified hyperparameter space. The bounds and discretization are 
manually defined, and the GBM model is trained and evaluated with 
each set of parameters. Then, the optimization algorithm indicates the 
combination of hyperparameters that maximizes the model’s Accuracy 
(James et al., 2023). Considering the characteristics of the GBM classi-
fier, various hyperparameters can be tuned to optimize the performance. 
The number of estimators (n_estimators) indicates the number of decision 
trees to be created. Moreover, each tree is defined by the maximum 
number of levels (max_depth), the minimum number of samples required 
to split an internal node (min_sample_split), the minimum number of 
samples that could be in a leaf node (min_samples_leaf), and the 
maximum number of features to consider when looking for the best split 
(max_features). The criterion parameter indicates the function measuring 
the quality of a split. In addition, the subsample parameter defines the 
fraction of samples used to fit each base learner, while the learning_rate 
establish how much of the prediction error each base learner is allowed 
to correct. The loss function (loss) indicates the differentiable function 
that should be optimized in the trained model. Other hyperparameters, 
such as n_iter_no_change, tol, and validation_fraction, interrupt the 
learning process when the model can generalize to unseen data 
(Scikit-learn, 2024).

The feature selection process, which involves finding the set of fea-
tures that best describes the phenomenon of hydrogen-enhanced fatigue 
and optimizes the performance of the GBM classifier, is crucial. It is 
performed by determining the feature importance and conducting a 
feature correlation analysis. The importance measures the average im-
purity decrease determined by a feature’s split. If the feature is useful, it 
splits mixed-labeled nodes into more homogeneously labeled nodes. In 
contrast, splitting by low-importance features does not change nodes’ 
purities. The correlation measures the linear relationship between two 
or more features. Independent variables with high correlation are more 
linearly dependent. Therefore, they have a similar influence on the 
dependent variable, and it is possible to predict one from the other. The 
most important features should be highly correlated with the target 
attribute and uncorrelated among themselves. The strength of the cor-
relation between two numerical features is measured through the 
Pearson’s coefficient, while the Cramér’s V coefficient indicates asso-
ciation between two categorical features. The value of these coefficients 
ranges from − 1 to 1, where − 1 indicates a perfect negative linear 
relationship, 1 perfect positive linear relationship, and 0 specifies that 
there is no relationship between two features (Wang et al., 2017). If two 
or more features of the clean database are highly correlated, only that 
with the highest correlation with the target is included in the optimized 
model.

3.3. HyRIS methodology

The novel HyRIS methodology (Risk-based Inspection Strategy for 
Hydrogen technologies) results from the integration of the RBI approach 
with the predictions of the Fatigue Acceleration Factor in hydrogen 
environments. It can be divided into nine steps:

1. Definition of the case study and data collection;
2. Prediction of the FAFH2 with the ML model;
3. Correction of the base damage factor for mechanical fatigue;
4. Calculation of the probability of failure;
5. Calculation of the consequence of failure;
6. Calculation of the risk;
7. Development of a risk-based ranking;

8. Development of the inspection plan;
9. Reassessment of the inspection plan.

First, three real-world pipelines are selected as a case study. A 
comprehensive set of data is gathered, including information regarding 
the geometry, material, design characteristics, operating conditions, and 
inspection history. These pipelines have been used for natural gas 
transport and are assessed for being repurposed for H2 transport. The 
same operating conditions are assumed for natural gas, hydrogen, and a 
natural gas-hydrogen blend. While the conventional RBI methodology 
allows for calculating most damage factors, the Df for mechanical fa-
tigue must be corrected to consider the effect of H2 environments. 
Therefore, the FAFH2 is predicted through the GBM classifier for each 
pipeline leg, depending on the characteristics of the material and the 
operating conditions, and combined with the damage factor for me-
chanical fatigue (Dfat

f ), as per Eq. 13: 

DHEF
f = Dfat

f ⋅FAFH2 (13) 

where Dfat
f is calculated according to API RP 581 (American Petroleum 

Institute, 2019). Notably, the FAFH2 can increase the base damage factor 
5, 25, 50, 75, or 100-fold, depending on the classifier’s prediction. Then, 
the failure probabilities are calculated by combining all the damage 
factors with the generic failure frequencies and management system 
factors (as per Eq. 1). The consequences of failure are evaluated based on 
the operating conditions of the pipelines, the fluids’ properties, and the 
mitigation systems in place. Then, probabilities and consequences are 
combined to calculate the risk, and the various pipeline legs are ranked. 
It is possible to develop an inspection plan to keep the probability of 
failure below a defined acceptance threshold, prioritizing the high-risk 
components. In-line inspections can be conducted with intelligent pigs 
composed of multiple linked modules, each carrying the instrumenta-
tion to measure a specific parameter. These activities are crucial to 
obtain more precise information about the pipelines’ conditions. The 
new data available can be used to update and reassess the inspection 
plan, reducing the uncertainty and allowing a more precise evaluation of 
the probabilities of failure. Fig. 2 describes the main steps of the HyRIS 
methodology. The conventional RBI s represented with dot-dashed lines 
(in blue blocks), the ML-aided prediction of the hydrogen effect on 
mechanical fatigue is marked with dashed lines (in red blocks), and the 
integration of RBI and ML is indicated with solid lines (in purple blocks).

4. Case study

This section presents the case study to validate the HyRIS method-
ology. Three Norwegian natural gas pipelines are assessed for repur-
posing for hydrogen transport. All these pipelines (hereafter named S, L, 
and N) are onshore and aboveground. The pipeline S has been used for 
natural gas transport for 39 years. It is made of vintage API 5 L X65 steel 
with a banded microstructure; it was rolled and formed through the UOE 
method. This manufacturing process involves cold forming (where the 
plate edges are formed in the “U” and “O” press), longitudinal welding, 
and finally expansion (Toscano et al., 2008). The pipeline L, operational 
since 2006, is made of API 5 L X60 steel with a polygonal ferritic and 
pearlitic microstructure. It was rolled, formed, and longitudinally wel-
ded using the same method as pipeline S. A new pipeline is also 
considered. Similarly to pipeline S, pipeline N is made of X65 steel but 
has undergone a different manufacturing process (i.e., seamless extru-
sion), resulting in a fine-grained ferrite and bainite microstructure. The 
geometrical characteristics and structural materials of the pipelines are 
summarized in Table 3.

The pipelines are assumed to transport natural gas (NG), hydrogen 
(H2), or a blend of 90 %vol natural gas and 10 %vol hydrogen (NG-H2). 
The network operator gives the nominal pressure for each pipeline, 
while the temperature is the region’s annual average. The amplitudes 
and frequencies of the pressure fluctuations refer to natural gas 
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transport, but the same values are assumed for pipelines carrying H2 or 
NG-H2 blends. Three scenarios can be defined: underload, mean load, 
and overload. These types of pressure fluctuations depend on the loca-
tion along the pipeline. Underload-type loads are characterized by mean 
pressure close to the design limit, only allowing fluctuations towards 
lower pressure levels. A few significant pressure fluctuations are fol-
lowed by frequent minor cycles. This load type is typically observed 
downstream of the compression stations. Mean loads are common 
further down from the compressor, where the average pressure is lower. 
Pressure peaks and pressure drops are frequent, even if the amplitude of 
these fluctuations is limited. Overload-type fluctuations can be observed 
close to the suction sites and are characterized by pressure pikes above 
the mean value. The mean pressure is much lower than underload-type 
fluctuations; hence, these conditions are less severe for fatigue crack 
growth than the previous ones (Zhao et al., 2016). The loading condi-
tions of three pipe legs are summarized in Table 4 for each pipeline.

The technical characteristics of the pipelines include the material- 
related features of the ML model (i.e., steel grade, carbon equivalent 

Consequence of failure

Risk calculation

Risk ranking

Inspection planning

Probability of failure

Generic failure 
frequency

Damage factor

Management system 
factor

Fatigue Acceleration 
Factor

Reassessment

Pipeline inspection through NDTs

Data collection and 
validation

Hydrogen-
enhanced 

fatigue

External 
thinning

H2 H2 H2

Case study selection: H2 pipelines

ML model to predict 
hydrogen-enhanced fatigue

Model’s features

Fig. 2. Flow diagram of the HyRIS methodology.

Table 3 
Technical characteristics of the pipelines (Alvaro et al., 2021).

Pipeline S Pipeline L Pipeline N

Start service date 01.01.1985 01.01.2006 01.01.2019
Wall thickness 26 mm 41 mm 15.4 mm
Outer diameter 770 mm 1100 mm 321 mm
Length 100 m 100 m 100 m
Type UOE, 

longitudinally 
welded

UOE, 
longitudinally 
welded

Extruded, 
seamless

Material API 5 L X65 API 5 L X60 API 5 L X65
Microstructure Banded ferrite, 

pearlite
Polygonal ferrite, 
pearlite

Acicular ferrite, 
bainite

Carbon equivalent 0.48 % 0.42 % 0.35 %
Yield strength 526 MPa 481 MPa 543 MPa
Ultimate tensile 

strength
627 MPa 604 MPa 610 MPa
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content, microstructure, yield strength, and ultimate tensile strength). 
The gas composition is measured at the inlet and outlet of the pipeline to 
ensure that the fuel meets quality standards and safety requirements. 
The pressure is continuously monitored to detect any leaks or blockages. 
Fourier’s analysis of pressure fluctuations allows the decomposition of 
complex pressure signals into simpler sinusoidal components, deter-
mining their amplitude and frequency (Howell, 2017). These parame-
ters can be monitored online with sensors and transmitters. Considering 
that load cycles in pipeline systems result from pressure fluctuations, the 
stress ratio can be expressed as the ratio between minimum and 
maximum operating pressures, as per Eq. 14: 

R =
pmin

pmax
(14) 

On the other hand, the stress intensity range depends on the pipe-
line’s geometry, the size of pre-existing cracks, and the difference be-
tween maximum and minimum pressure. In the case of an axially 
oriented crack with a semielliptical shape on the inner surface of a 
cylinder, the stress intensity range can be determined through Eq. 15, 
according to the standard API 579 (American Petroleum Institute, 
2016b) for the crack geometry type KCSCLE1: 

ΔK =
Do

2t
⋅β⋅

̅̅̅̅̅
πa

√
⋅(pmax − pmin) (15) 

where Do and t (m) indicate the outer diameter and thickness of the 
pipeline, β is the geometry factor, a (m) is the crack depth, and pmax and 
pmin (MPa) are the maximum and minimum internal pressures. The 
crack depth can be determined through NDTs, such as acoustic emission 
and ultrasonic testing. Nevertheless, at the first iteration it should be 
assumed. The typical initial crack depth and semi-length values are 
2 mm and 3 mm, respectively (ASME International, 2019). The crack 
size can be adjusted based on the age of the component and the results of 
previous inspections. As a result, the HyRIS methodology, while initially 
leading to high uncertainty, becomes more accurate after each inspec-
tion, allowing for a more precise prediction of future degradation rates.

5. Results and discussion

This section delves into applying and validating the HyRIS method-
ology on three pipelines carrying natural gas, hydrogen, or hydrogen 
blended with natural gas. Section 5.1 summarizes the features and 
hyperparameters of the optimized machine-learning model. In addition, 
it presents the performance of the GBM classifier, including the 

evaluation metrics, confusion matrix, and PR curves. Section 5.2 is 
dedicated to the risk-based inspection of the pipelines, presenting the 
probabilities and consequences of failure, the risk-based ranking, and 
the inspection plan. This section highlights the differences between 
hydrogen and natural gas, discussing the implications of H2 transport on 
pipelines’ degradation.

5.1. Performance of the machine-learning model

The clean database comprises features associated with the materials’ 
characteristics, operating environment, and mechanical load. The 
importance of each feature indicates its relative significance in pre-
dicting the FAFH2 . As shown in Fig. 3, the loading conditions signifi-
cantly impact the hydrogen-induced fatigue acceleration. The stress 
intensity range depends on the pipeline’s geometry, pressure fluctua-
tions’ amplitude, and pre-existing cracks’ size and shape. This compre-
hensive parameter is crucial for the FAFH2 and defines the crack 
propagation regimes. In addition, the stress intensity ratio depends on 
the maximum and minimum pressures and contributes to determining 
the amplitude of pressure cycles. As hydrogen-induced damages are 
time-dependent phenomena, the frequency of pressure fluctuations 
notably impacts the FCGR acceleration. H2 partial pressure is the only 
environmental parameter considered, but it is the driving force for the 
hydrogen uptake. The steel grade, indicated by the specification API 5 L 
(American Petroleum Institute, 2018), is the most important material 
parameter and establishes the steel’s nominal chemical composition and 
minimum strength. As a result, CE content, yield strength (YS), and ul-
timate tensile strength (UTS) slightly influence the model’s predictions. 
The experimental evidence confirms that the strength-dependency of the 
HEFCGR is negligible (Tau et al., 1996). On the other hand, the mate-
rial’s microstructure is a crucial feature. Depending on the 
manufacturing process, steels with the same grade may have signifi-
cantly different microstructures. Acicular, banded, and polygonal fer-
rites have different hydrogen diffusivity and responses to load cycles in 
H2 environments.

The correlation matrix in Fig. 4 can help us understand the feature- 
feature and feature-target relationships. Theoretically, if two features 
have a high correlation, one can be inferred from the other and elimi-
nated. Most material properties are highly correlated, particularly steel 
grade with microstructure or carbon equivalent and yield strength with 
ultimate tensile strength. This is reasonable since steels with the same 
grade have an almost identical composition and a narrow range of YS 
and UTS. In contrast, loading parameters (i.e., stress intensity range, 
stress ratio, and frequency) are independent of the other features and 
have low correlation coefficients. The hydrogen pressure seems highly 
correlated with YS and UTS, but this relationship does not result from 
any meaningful connection and can be considered spurious. The corre-
lation between FAFH2 and features is coherent with the feature impor-
tance in Fig. 3.

Therefore, the features of the optimized model can be selected by 
combining importance and correlation, iteratively training the model, 
and evaluating its performance with different subsets of features. Once 
the best-performing set of features is selected, the hyperparameters can 
be tuned through grid search. Table 5 summarizes the features and 
hyperparameters of the optimized model. Carbon equivalent content 
and ultimate tensile strength are eliminated since they have the lowest 
importance and high correlation coefficients, thus obtaining an opti-
mized model with seven features. The tuned hyperparameters ensure a 
satisfactory trade-off between accuracy and generalization capability. 
On the one hand, the low learning rate, the limit on the tree depth, and 
the impurity decrease threshold prevent overfitting. Conversely, the low 
values of the minimum number of samples in internal and leaf nodes and 
the large number of estimators increase the model’s accuracy.

The model optimization allows us to obtain a GBM classifier with 
good performance on the evaluation dataset and satisfactory general-
ization capability on unseen data. Table 6 reports the Accuracy of the 

Table 4 
Operating conditions of the pipelines downstream of the compressor (DC), along 
the pipe (P), and close to the suction site (SS).

Pipeline 
leg

Average 
temperature 
[◦C]

Nominal 
pressure 
[MPa]

Minimum 
pressure 
[MPa]

Maximum 
pressure 
[MPa]

Frequency 
[Hz]

S-DC 7 14.0 7.0 15.0 10− 6

13.7 14.3 1
S-P 7 11.0 8.0 14.0 5⋅10− 5

10.8 11.2 5⋅10− 1

S-SS 7 8.0 7.0 11.0 10− 5

7.9 8.1 10− 1

L-DC 7 20.0 11.0 21.0 10− 6

19.7 20.3 1
L-P 7 15.0 11.5 18.5 5⋅10− 5

14.8 15.2 5⋅10− 1

L-SS 7 10.0 8.5 14.0 10− 5

9.9 10.1 10− 1

N-DC 7 10.0 6.0 11.0 10− 6

9.6 10.4 1
N-P 7 7.0 5.0 9.0 5⋅10− 5

6.7 7.3 5⋅10− 1

N-SS 7 5.0 4.0 7.5 10− 5

4.8 5.2 10− 1
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optimized model and the Precision, Recall, AUC PR, and F1-score for 
each target attribute.

Fig. 5 shows the confusion matrix. The x-axis and the y-axis indicate 
the predicted and actual labels, respectively. Hence, the numbers on the 
main diagonal represent the correct predictions, the numbers above the 
main diagonal are the overestimated predictions, and the numbers 
below are the underestimated ones. Considering only the mis-
predictions, the closer they are to the main diagonal, the lower the 
difference between actual and predicted labels.

The model is 94.61 % accurate and can successfully predict the 
severity of the hydrogen-enhanced fatigue crack growth. The pre-

dictions of negligible, low, and medium severity labels are characterized 
by high Precision (from 96.46 % to 96.77 %), Recall (from 95.61 % to 
99.16 %), and AUC PR (from 96.72 % to 99.68 %). Most of the labels 
incorrectly predicted have an FAFH2 near the negligible-low or low- 
medium severity thresholds. Conversely, the lower effectiveness of the 
GBM classifier in predicting high and extreme severity labels is primarily 
due to the unbalanced dataset. Moreover, the relationships between 
features and labels become increasingly complex at higher ΔK, where 
the FCGR in compressed hydrogen gas significantly deviates from that in 
the air. The higher complexity of the phenomenon, combined with the 
limited number of data to learn from, leads to lower Precision (i.e., 
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Fig. 3. Importance of the features in the clean database.

Fig. 4. Correlation matrix for the features and target of the clean database.
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82.35 % and 71.43 %, respectively), Recall (i.e., 66.67 % and 83.33 %, 
respectively), and AUC PR (i.e., 87.82 % and 82.00 %, respectively). 
Notably, two severity labels are significantly underestimated, resulting 
in incorrect predictions and potentially critical errors in the risk 
assessment. Fig. 6 shows the Precision-Recall curves for each severity 
class, confirming the evaluation metrics in Table 6 and the confusion 
matrix in Fig. 5. While finding a good trade-off between Precision and 
Recall is easy for negligible, low, and medium severities, the decision 
threshold should be carefully selected for high and extreme labels. In 
this case, a high Recall is preferable since it is acceptable that the model 
eventually generates false positives rather than misses high and extreme 
severities. This error could determine an underestimation of the 

degradation rate in hydrogen environments and, consequently, an actual 
risk of failure higher than expected.

5.2. Risk-based inspection

The first and second evaluation dates for the risk-based inspection 
are set for the 1st of January 2024 and the 1st of January 2029. These 
dates align with the American Petroleum Institute’s recommendation of 
a five-year inspection interval for pipelines carrying flammable sub-
stances (American Petroleum Institute, 2024). By quantifying the risk at 
the scheduled inspection date, it is possible to determine whether the 
conventional time-based inspection strategy is over- or 
under-conservative. The RBI approach is adopted considering the same 
pipelines used for natural gas, hydrogen, and a blend of natural gas and 
10 %vol hydrogen to demonstrate how the transported substance in-
fluences the probabilities and consequences of failure. Considering the 
pipelines’ design, operating environment, and loading conditions, two 
damage mechanisms are likely to occur, i.e., external corrosion and 
mechanical fatigue.

All the pipelines are onshore and aboveground and exposed to 
external thinning damage (Abubakirov et al., 2020). A fusion-bonded 
epoxy coating protects the outer surface from atmospheric agents, but 
the coating condition and quality depend on the start service date. 
Pipeline S has a medium-quality and heavily damaged coating, while 
pipeline L is slightly damaged. In contrast, a high-quality coating 
without any visible damage protects pipeline N. Moreover, line packing 
exposes all the pipelines to daily pressure fluctuations. Table 7 reports 
the generic failure frequencies, management system factors, and damage 
factors for each active degradation mechanism at the first and second 
evaluation dates. The probabilities of failure are calculated by 
combining the abovementioned factors.

Regardless of the substance transported, the severely damaged 
coating exposes pipeline S to atmospheric corrosion. The working con-
ditions are particularly critical downstream of the compressor, where 
there is the highest pressure, and the pipeline operates near its design 
limit. While mechanical fatigue is negligible in natural gas environ-
ments, the combined effect of cyclic underloads at low frequency, sus-
ceptible microstructure, and elevated nominal pressure accelerates the 
FCGR in hydrogen environments up to 25-fold. In contrast, the other 
pipeline legs are negligibly susceptible to hydrogen-enhanced fatigue 
due to the lower average pressure, lower amplitude of pressure fluctu-
ations, and higher frequency. In the case of NG-H2 blend, the hydrogen 
partial pressure is ten times lower. Nevertheless, the hoop stress induced 
by the pressure fluctuations is proportional to the total pressure and, 
therefore, is the same. As a result, even if the FCGR is most likely lower 

Table 5 
Features and hyperparameters of the optimized GBM 
classifier.

Feature Symbol

Steel grade SGr
Microstructure Ms
Yield strength YS
Hydrogen pressure p
Stress ratio R
Frequency f
Stress intensity range ΔK

Hyperparameter Selected value

loss log_loss
learning_rate 0.01
subsample 1.0
criterion friedman_mse
validation_fraction 0.1
n_estimators 1100
min_sample_split 2
min_sample_leaf 1
max_depth 6
min_impurity_decrease 0.01
max_features sqrt

Table 6 
Evaluation metrics of the GBM classifier.

Target attribute Accuracy Precision Recall AUC PR F1-score

Negligible severity 0.9461 0.9677 0.9677 0.9968 0.9677
Low severity 0.9461 0.9672 0.9916 0.9925 0.9793
Medium severity 0.9461 0.9646 0.9561 0.9672 0.9604
High severity 0.9461 0.8235 0.6667 0.8782 0.7368
Extreme severity 0.9461 0.7143 0.8333 0.8200 0.7692

Fig. 5. Confusion matrix for the GBM classifier.

Fig. 6. Precision-Recall curve for each class of the GBM classifier.
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than in pure hydrogen gas, the severity classes (associated with a FAFH2 

range) appear identical. The minor pressure cycles with high frequency 
and low amplitude result in a stress intensity range below 1.1 MPa ⋅ m1/2 

(i.e., the threshold defined in ASME B31.12) and, therefore, do not in-
fluence the fatigue crack propagation.

Similar considerations apply to the pipeline L. The slightly damaged 
coating and high operating pressure make this pipeline extremely sus-
ceptible to external corrosion. In addition, the damage factor tends to 
increase over time, potentially compromising the components’ integrity. 
Mechanical fatigue is not an issue in natural gas environments but in-
creases up to 50-fold in hydrogen gas. As with pipeline S, the leg 
downstream of the compressors is the most affected by hydrogen- 
enhanced fatigue, while the susceptibility decreases moving toward 
the suction site. The FAFH2 is lower for the hydrogen-natural gas blend. 
However, the severity of the underloads downstream of the compression 
station still determines a 25-fold increase in FCGR compared to natural 

gas. Overall, pipeline L is concurrently subjected to severe atmospheric 
corrosion and fatigue degradation and, therefore, has the highest 
probability of failure.

Finally, the undamaged high-quality coating makes pipeline N 
almost insensitive to corrosion. In addition, the corrosion rate does not 
increase over time. Mechanical fatigue slightly increases if the pipeline 
is exposed to pressurized hydrogen. Similarly to pipeline S, even if the 
FCGR should be lower in NG-H2 blends than in hydrogen gas, the 
severity class is negligible in both cases. However, the 5-fold increase in 
the damage factor for mechanical fatigue is significantly conservative if 
pipeline N transports natural gas with 10 %vol hydrogen.

The consequences of failure are evaluated by defining the thresholds 
for burn injuries (LaChance et al., 2011), corresponding to an over-
pressure of 14 kPa for explosions, thermal radiation of 12.5 kW/m2 for 
fires, and fuel concentration equal to the low flammability limit in air for 
flash fires. The consequence area for each component is calculated as the 

Table 7 
Generic failure frequency, management system factor, damage factors, and probabilities of failure.

ID Substance gff FSM Dcorr
f (t0) Dcorr

f (t) Dfat
f

FAFH2 DHEF
f Pf(t0) Pf(t)

S-DC Natural gas 3.06 ⋅ 10− 5 0.25 91.51 122.31 4.00 - - 7.34 ⋅ 10− 4 9.71 ⋅ 10− 4

S-P Natural gas 3.06 ⋅ 10− 5 0.25 55.90 74.93 4.00 - - 4.60 ⋅ 10− 4 6.07 ⋅ 10− 4

S-SS Natural gas 3.06 ⋅ 10− 5 0.25 10.55 13.95 4.00 - - 1.12 ⋅ 10− 4 1.38 ⋅ 10− 4

L-DC Natural gas 3.06 ⋅ 10− 5 0.25 548.88 643.45 4.00 - - 4.25 ⋅ 10− 3 4.98 ⋅ 10− 3

L-P Natural gas 3.06 ⋅ 10− 5 0.25 324.83 384.08 4.00 - - 2.53 ⋅ 10− 3 2.98 ⋅ 10− 3

L-SS Natural gas 3.06 ⋅ 10− 5 0.25 45.32 54.06 4.00 - - 3.79 ⋅ 10− 4 4.46 ⋅ 10− 4

N-DC Natural gas 3.06 ⋅ 10− 5 0.25 1.87 1.87 2.00 - - 2.97 ⋅ 10− 5 2.97 ⋅ 10− 5

N-P Natural gas 3.06 ⋅ 10− 5 0.25 1.87 1.87 2.00 - - 2.97 ⋅ 10− 5 2.97 ⋅ 10− 5

N-SS Natural gas 3.06 ⋅ 10− 5 0.25 1.87 1.87 2.00 - - 2.97 ⋅ 10− 5 2.97 ⋅ 10− 5

S-DC Natural gas + 10 %vol Hydrogen 3.06 ⋅ 10− 5 0.25 91.51 122.31 - LS 100.00 1.47 ⋅ 10− 3 1.71 ⋅ 10− 3

S-P Natural gas + 10 %vol Hydrogen 3.06 ⋅ 10− 5 0.25 55.90 74.93 - NS 20.00 5.83 ⋅ 10− 4 7.30 ⋅ 10− 4

S-SS Natural gas + 10 %vol Hydrogen 3.06 ⋅ 10− 5 0.25 10.55 13.95 - NS 20.00 2.35 ⋅ 10− 4 2.61 ⋅ 10− 4

L-DC Natural gas + 10 %vol Hydrogen 3.06 ⋅ 10− 5 0.25 548.88 643.45 - LS 100.00 4.99 ⋅ 10− 3 5.71 ⋅ 10− 3

L-P Natural gas + 10 %vol Hydrogen 3.06 ⋅ 10− 5 0.25 324.83 384.08 - NS 20.00 2.65 ⋅ 10− 3 3.11 ⋅ 10− 3

L-SS Natural gas + 10 %vol Hydrogen 3.06 ⋅ 10− 5 0.25 45.32 54.06 - NS 20.00 5.02 ⋅ 10− 4 5.69 ⋅ 10− 4

N-DC Natural gas + 10 %vol Hydrogen 3.06 ⋅ 10− 5 0.25 1.87 1.87 - NS 10.00 9.12 ⋅ 10− 5 9.12 ⋅ 10− 5

N-P Natural gas + 10 %vol Hydrogen 3.06 ⋅ 10− 5 0.25 1.87 1.87 - NS 10.00 9.12 ⋅ 10− 5 9.12 ⋅ 10− 5

N-SS Natural gas + 10 %vol Hydrogen 3.06 ⋅ 10− 5 0.25 1.87 1.87 - NS 10.00 9.12 ⋅ 10− 5 9.12 ⋅ 10− 5

S-DC Hydrogen 3.06 ⋅ 10− 5 0.25 91.51 122.31 - LS 100.00 1.47 ⋅ 10− 3 1.71 ⋅ 10− 3

S-P Hydrogen 3.06 ⋅ 10− 5 0.25 55.90 74.93 - NS 20.00 5.83 ⋅ 10− 4 7.30 ⋅ 10− 4

S-SS Hydrogen 3.06 ⋅ 10− 5 0.25 10.55 13.95 - NS 20.00 2.35 ⋅ 10− 4 2.61 ⋅ 10− 4

L-DC Hydrogen 3.06 ⋅ 10− 5 0.25 548.88 643.45 - MS 200.00 5.76 ⋅ 10− 3 6.48 ⋅ 10− 3

L-P Hydrogen 3.06 ⋅ 10− 5 0.25 324.83 384.08 - LS 100.00 3.27 ⋅ 10− 3 3.72 ⋅ 10− 3

L-SS Hydrogen 3.06 ⋅ 10− 5 0.25 45.32 54.06 - NS 20.00 5.02 ⋅ 10− 4 5.69 ⋅ 10− 4

N-DC Hydrogen 3.06 ⋅ 10− 5 0.25 1.87 1.87 - NS 10.00 9.12 ⋅ 10− 5 9.12 ⋅ 10− 5

N-P Hydrogen 3.06 ⋅ 10− 5 0.25 1.87 1.87 - NS 10.00 9.12 ⋅ 10− 5 9.12 ⋅ 10− 5

N-SS Hydrogen 3.06 ⋅ 10− 5 0.25 1.87 1.87 - NS 10.00 9.12 ⋅ 10− 5 9.12 ⋅ 10− 5
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Fig. 7. Consequence areas for the pipelines carrying natural gas, natural gas - 10 %vol hydrogen, and pure hydrogen.
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average of the consequence areas of four hole sizes, weighted on their 
distribution probability. The results for each pipeline leg are summa-
rized in Fig. 7 in the cases of transport of natural gas, natural gas blended 
with 10 %vol hydrogen, and pure hydrogen.

The consequence areas depend on various factors. These include the 
type of flammable substance released, the amount of substance available 
for release, and the operating pressure of the component. The pipeline 
legs downstream of the compression stations, operating at higher pres-
sures, have the highest consequences of failure. The other legs, partic-
ularly those near the suction sites, operate at lower pressures and, 
consequently, have lower consequence areas. Notably, all the pipeline 
legs have the same consequence areas for small, medium, and large 
holes (with diameters ranging from 6 to 101 mm) in the case of 
continuous releases. Small, medium, and large hydrogen releases have 
consequence areas of approximately 4, 59, and 956 m2, respectively. For 
the same hole sizes, natural gas releases result in 10, 177, and 3270 m2 

consequence areas, while natural gas-hydrogen releases have slightly 
lower consequences (i.e., 10, 175, and 3236 m2). This negligible dif-
ference is due to the low hydrogen content within the blend (10 %vol 
corresponds to approximately 1.5 %wt).

When the gas flows under sonic conditions through a hole, the mass 
flow rate is choked and is not influenced by the upstream pressure. The 
choked flow depends on the gas density, and that of natural gas is ten to 
eleven times higher than hydrogen’s at the same temperature and 
pressure (NIST, 2024). As a result, a significantly higher amount of 
natural gas can be released from a hole with a defined diameter. In 
addition, fires are the most likely scenario for ignited releases resulting 
from the loss of integrity of pipelines, and natural gas flames have higher 
radiative heat flux than hydrogen flames (Glassman et al., 2014). 
Therefore, the consequence areas for NG releases are approximately 
three times larger than those for H2 releases. At the same time, essential 
differences between the three pipelines and various legs of the same 
pipeline can be observed for the full-bore ruptures. In this case, the 
consequence area is proportional to the fuel mass available for an 
instantaneous release. Since each leg of the same pipe has the same 
volume, the mass depends only on the gas density (i.e., pressure): higher 
near the compression station and lower near the suction site. Therefore, 
the consequences of instantaneous releases are directly proportional to 

the size and operating pressure of the pipeline leg considered.
By combining probabilities and consequences of failure, the risk for 

each pipeline leg (DC, P, and SS) can be calculated for each substance 
transported. Fig. 8 shows the iso-risk plot, where consequences and 
probabilities are on a logarithmic scale. The iso-risk lines are marked in 
green, yellow, orange, and red, and represent the thresholds between 
low, medium, medium-high, and high-risk zones.

The first leg of pipeline S is highly affected by atmospheric corrosion. 
The recommended inspection consists of visual testing (VT) on more 
than 95 % of the pipeline, followed by ultrasonic (UT) or radiographic 
testing (RT) on potentially damaged areas. This inspection should be 
conducted regardless of the substance transported. In contrast, the 
operating environment influences the magnitude of fatigue degradation: 
it is negligible for natural gas, but even small amounts of hydrogen can 
significantly increase the degradation rate. However, it is essential to 
note that the RBI methodology does not provide effective inspections for 
mechanical fatigue. Therefore, the failure probability can be reduced by 
modifying the operating conditions. The working conditions of the leg 
downstream of the compression station (S-DC) are appropriate for nat-
ural gas transport but result in excessive fatigue degradation in H2 en-
vironments. In contrast, the legs S-P and S-SS are less affected by 
atmospheric corrosion and mechanical fatigue. As a result, the recom-
mended inspection, i.e., visual testing on 30 % of the pipeline, eventu-
ally followed by UT or RT, can be postponed.

Considering the elevated Pf, inspecting pipeline L immediately and 
monitoring the potential risk of external thinning in the first two legs (i. 
e., L-DC and L-P) is crucial. The working conditions of pipeline L are 
suitable for natural gas transport but result in excessive fatigue degra-
dation in H2 environments. Therefore, the nominal pressure should be 
lowered, and the amplitude of pressure fluctuations reduced, particu-
larly in the leg downstream of the compression station. The internal 
pressure of pipeline L (ranging from 20 to 10 MPa) is extremely 
elevated, and pipelines made of API 5 L X60 should not exceed the 
nominal pressure of 6 MPa, as per the standard ASME B31.12 (ASME 
International, 2019).

In contrast, external thinning slightly damages pipeline N and re-
mains below the threshold at the second evaluation date. Therefore, a 
fairly effective inspection with visual testing on 30 % of the pipeline, 

Fig. 8. Iso-risk plot for the pipelines carrying natural gas, hydrogen, or natural gas with 10 %vol hydrogen.
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eventually followed by UT or RT, can be postponed. Moreover, the Dfat
f is 

acceptable in the case of natural gas transport and results in low failure 
probabilities for each pipeline leg. However, the Pf tends to increase in 
hydrogen environments, posing a potential risk. Notably, pipeline N is 
seamless extruded instead of longitudinally welded. This different 
manufacturing technique should increase fatigue performance by 
minimizing the presence of welds possibly susceptible to hydrogen- 
induced degradation. Table 8 indicates the inspection plan to monitor 
the external thinning of the pipelines, specifying the task, its effective-
ness, and the recommended date.

In general, reducing the pipelines’ operating pressure can mitigate 
the safety concerns associated with the reduced lifetime of the infra-
structure due to corrosion and mechanical fatigue (Han et al., 2023). 
However, this modification is not without its challenges. On a volume 
basis, hydrogen’s energy density is 3.3 times lower than natural gas at 
standard conditions, and lowering the H2 pressure can only exacerbate 
this difference (NIST, 2024). This means that the existing pipeline 
network, repurposed for hydrogen transport, will not be sufficient to 
deliver the energy required by the end users. The financial and envi-
ronmental implications are significant, requiring the construction of 
new pipelines and alternative transport modes.

6. Conclusion

An ad-hoc methodology for risk-based inspection planning of 
hydrogen technologies is developed. The standardized RBI is com-
plemented by a machine-learning model capable of predicting the in-
fluence of pressurized hydrogen gas on mechanical fatigue. The ML 
model uses the characteristics of the structural material and the com-
ponent’s operating conditions to predict the Fatigue Acceleration Factor 
and assign a severity class to the equipment. This factor increases the 
probability of failure of the components exposed to hydrogen gas, thus 
modifying the risk-based ranking. The GBM classifier is 94.61 % accu-
rate in predicting whether the severity is negligible, low, medium, high, 
or extreme. In addition, it achieves satisfactory Precision and Recall, 
particularly for the first three classes. High and extreme severities are 
predicted with lower Precision and Recall due to the unbalanced 
training dataset and the complexity of crack propagation under the 
unstable regime. The feature ranking shows how the amplitude of 
pressure fluctuations and the nominal pressure of the pipeline are crit-
ical parameters for hydrogen-induced fatigue acceleration. In contrast, 
the ultimate tensile strength and chemical composition slightly influ-
ence the fatigue life in H2 environments. Furthermore, the correlation 
analysis highlights the relationships between different features and 
features and labels and shows how the steel grade is the most meaningful 
material parameter.

Three pipelines with different operating conditions and materials are 
considered to validate the proposed methodology. The RBI assessment is 
conducted for each pipeline leg, assuming to transport natural gas, 
hydrogen, or a blend of natural gas and hydrogen. The results show that 
external corrosion can be limited through non-intrusive inspections, 
while periodic monitoring activities cannot reduce mechanical fatigue. 
The pipelines’ operating conditions are appropriate for natural gas 
transport but are excessively severe in H2 environments due to the 
hydrogen-enhanced fatigue crack growth. Line packing pressure fluc-
tuations are responsible for load cycles that can reduce the expected 
lifetime of the components. The damage factor for mechanical fatigue 
can increase 50-fold in the pipeline legs downstream of the compression 
station. For this reason, the working conditions of H2 transport pipelines 
should be appropriately reassessed. However, different operating con-
ditions can reduce the pipelines’ degradation but also have financial, 
environmental, and technical implications that should be considered.

In conclusion, the HyRIS methodology can facilitate the risk-based 
inspection planning of hydrogen technologies, overcoming the limita-
tions of the existing RBI standards. Data-driven predictions can reduce 

arbitrary evaluations by safety experts regarding the failure probability 
of hydrogen handling equipment. In addition, this approach is versatile 
and can be used for various industrial components. The hydrogen-metal 
compatibility database can be dynamically updated with additional test 
results, enhancing the model’s prediction capability. Nevertheless, the 
influence of hydrogen environments on mechanical fatigue should be 
appropriately considered in the next edition of the RBI standards.
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