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A B S T R A C T

Additively manufactured metals are often affected by material inhomogeneities across multiple length scales. 
Geometrical inhomogeneities, as well as non-metallic inclusions — commonly referred to as defects — can 
significantly impair the fatigue performance of the fabricated material, especially in the absence of further post- 
processing. Therefore, accounting for these defects is essential for a proper assessment of the material’s structural 
integrity.

Fracture Mechanics-based approaches have proven effective in addressing bulk and sub-surface defects; 
however, a consensus has yet to be reached on the most effective method for addressing surface geometrical 
inhomogeneities (e.g., surface roughness).

This work presents the effectiveness of a generalised defect-based model capable of accounting for bulk, sub- 
surface, and surface defect (roughness) effects on the fatigue endurance limit. The proposed model is calibrated 
on a detailed experimental fatigue characterisation study of a Ti-6Al-4V alloy manufactured through two 
different techniques, i.e., Electron Beam Melting (EBM) and Selective Laser Melting (SLM). To achieve varied 
defect characteristics and quantitatively assess their influence on fatigue, the additively manufactured materials 
were subjected to different combinations of post-processing (e.g., Hot Isostatic Pressing, Vacuum Heat Treat
ment). Defect distributions were investigated using the non-destructive lab-based Computed Tomography (CT), 
and further data analysis was conducted by exploiting the Extreme Value Statistics (EVS) theory.

The approach was effective across all studied material conditions, providing a probabilistic assessment of 
fatigue failure performance.

1. Introduction

Additive manufacturing (AM) has revolutionised the fabrication of 
metallic mechanical components, offering unprecedented design flexi
bility, reduced material waste, and the ability to create complex ge
ometries that would be difficult or impossible to achieve using 
conventional manufacturing methods [1]. However, despite its many 
advantages, AM metals exhibit unique material challenges, primarily 
related to the presence of microstructural anomalies that arise during 
the fabrication process, often referred to as defects [2]. These defects, 

which manifest across multiple length scales, can significantly impact 
the mechanical performance of AM components, particularly their fa
tigue resistance, which is crucial for structural applications [3].

Defects include a wide range of – often unwanted – features, such as 
non-metallic inclusions, gas porosity, lack of fusion voids, and anoma
lous asperities related to surface roughness. These defects act as stress 
concentrators, reducing the material's ability to withstand cyclic loading 
and increasing the likelihood of premature fatigue failure. While 
extensive research has been conducted on the role of bulk and sub- 
surface defects in fatigue behaviour, the effect of surface roughness re
mains a complex and unresolved issue. The surface topography of AM 
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components is inherently rough due to the layer-by-layer nature of the 
process and specific powder characteristics. Traditionally, fatigue life 
prediction requires multiple design curves based on specific processing 
techniques and post-processing treatments. However, such an approach 
can be cumbersome and limit the standardisation of AM component 
design.

Linear Elastic Fracture Mechanics (LEFM) provides a robust theo
retical foundation for understanding the fatigue crack propagation 
criteria in defect-laden materials, thanks to the comprehensive contri
bution of Murakami [4]. By considering defects as initial cracks, LEFM 
enables a physics-based approach to quantifying their influence on fa
tigue life. Existing fracture mechanics-based approaches have been 
effective in modelling bulk [5,6] or sub-surface defects [7–9] or both 
[10–12], including more advanced Machine Learning methods [13–16]
or even advanced hybrid methods relying on the physics-informed ML 
paradigms [17–20]. Nevertheless, a comprehensive and unified frame
work capable of simultaneously accounting for all defect type
s—including surface roughness—has yet to be established. In fact, the 
cited studies addressed the roles of bulk and surface defects separately, 
without, for example, validating a single Kitagawa diagram for a specific 
material that is effective across all defect types. Moreover, utilising 
LEFM in conjunction with a probabilistic framework allows for a more 
reliable assessment of fatigue failure, bridging the gap between experi
mental fatigue data and predictive modelling [21,22].

To address this critical research gap, the present study introduces a 
probabilistic defect-based fatigue modelling approach that systemati
cally incorporates bulk, sub-surface, and surface defects in the assess
ment of the fatigue endurance limit. This model is developed based on 
an extensive experimental fatigue characterisation study performed by 
the authors for a Ti-6Al-4V alloy fabricated using two AM techniques: 
Electron Beam Melting (EBM) and Selective Laser Melting (SLM). To 
systematically assess the influence of defects on fatigue performance and 
to calibrate the model over a wide range of defect severities, the mate
rials were subjected to various post-processing treatments, including 
Hot Isostatic Pressing (HIP) and in-vacuum Heat Treatment (VHT). 
Following, a single El Haddad (EH) design curve for each additive 
manufacturing process that accounts for different material processing 
conditions is evaluated by leveraging a probabilistic framework to 
provide a richer assessment of fatigue failure in AM Ti-6Al-4V alloys.

For prediction purposes, the probabilistic fatigue design curve 
established in this work can be effectively exploited if the statistical 
distribution of the defects present in the investigated material is known. 
To provide the reader with this information, the examined material 
batches were also analysed using Computer Tomography (CT) where 
possible. Following the CT-retrieved distributions, alongside the statis
tically significant data about defects obtained by post-mortem fractog
raphy analysis of tested samples, were individually analysed by 

exploiting Extreme Value Statistics (EVS) theory [23,24].

2. Materials and methods

Two different additive manufacturing technologies were employed 
for the production of Ti-6Al-4V alloy samples for fatigue characterisa
tion, i.e., EBM and SLM, according to the experimental results previously 
presented by the authors in a dedicated paper [25]. Dog-bone cylindrical 
specimens with a 16.5 mm gauge length and 5.5 mm diameter were 
printed in the vertical direction using optimised process parameters. 
With the aim of achieving a wide range of material conditions for each 
manufacturing technology, three different batches of samples were 
produced under different post-manufacturing processes: as-built (N), 
machined (NT) and machined followed by HIP treatment (T). Addi
tionally, the SLMed samples were always subjected to VHT as the pri
mary heat treatment.

Table 1 summarises the sample conditions considered in the present 
work.

2.1. Fatigue data

Fatigue tests were carried out to assess the endurance limit at 107 

cycles and the fatigue lifetime curve in the high cycle fatigue regime. A 
constant stress range was imposed during the test with a stress ratio of R 
= 0.1. The number of specimens tested for each condition is reported in 
Table 1. Please note that some runout specimens were retested at higher 
stress levels, as will be mentioned in Section 4.2. More details on the 
experimental procedure are reported in a dedicated publication by the 
authors [25]. Without loss of generality, the applied stress range can be 
normalised by the Vickers’ hardness. This normalisation mainly serves 
the purpose of not disclosing sensitive data, such as the fatigue endur
ance limit of each batch of material. Such a normalisation does not limit 
the interpretability and applicability of the approach to other classes of 
metallic materials. Indeed, the fatigue properties of many metallic ma
terials are somehow directly proportional to the material’s hardness, a 
valid hypothesis for several metallic materials [4,26,27]. The normal
ised stress range is: 

χ =
Δσ • 100

HVEBM
(1) 

where Δσ [MPa] is the applied stress range and HVEBM

[
kgf/mm2

]
is the 

Vickers’ hardness of the EBM-T batch. The unit of χ turns out 
[
N/kgf

]
. In 

the present work, the normalisation of the samples is done using the 
hardness values of the T conditions for the EBM technology.

According to the proposed normalisation, Fig. 1 reports the S-N di
agrams and respective reference curves for all the considered material 

Nomenclature

AM Additive manufacturing
CT Computed Tomography
EBM Electron Beam Melting
EH El Haddad
EVS Extreme Value Statistics
HIP Hot Isostatic Pressing
LEMF Linear Elastic Fracture Mechanics
N As-built specimen
NT Machined specimen
SIF Stress Intensity Factor
SLM Selective Laser Melting
T Hipped specimen
VHT Vacuum Heat Treatment

Table 1 
Considered material conditions and sample ID.

ID Manufacturing Route Number of 
specimens 
tested

Additive 
Manufacturing 
Technology

Surface 
finishing

Thermo- 
mechanical 
treatment

EBM- 
N

EBM As-built N/A 19

EBM- 
NT

EBM Machined N/A 20

EBM- 
T

EBM Machined HIP 12

SLM- 
N

SLM As-built VHT 15

SLM- 
NT

SLM Machined VHT 21

SLM- 
T

SLM Machined VHT + HIP 13
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batches. The horizontal line of the fatigue endurance limit was estimated 
using the staircase procedure, whereas the finite life curve corresponds 
to the fitted Basquin model. The intersection of the two lines provides 
the knee point in the S-N curve. For both AM technologies, the as-built 
condition (N) exhibits a lower endurance limit, consistent with other 
literature studies [28–31]. This behaviour is related to the significant 
detrimental role of surface defects associated with the roughness, as will 
be discussed in Sections 4.2 and 3.2. Interestingly, the HIP treatment 
provides a less pronounced improvement in the fatigue endurance limit 
of machined SLM specimens compared to the case of the machined EBM 
batch. Although a more in-depth discussion on the cause of this effect is 
shown in Sections 4.2 and 3.1, the origin of this outcome is related to 
the different defect sizes in EBM and SLM batches, with the latter 
already showing smaller defect sizes.

2.2. Defect analysis approaches

The analysis of internal (bulk) and surface geometrical in
homogeneities plays a pivotal role in the proposed model. To compre
hensively characterise these features statistically, relatively large 
datasets are required. Concerning bulk inhomogeneities, which are 
regarded as defects, two approaches were pursued to tackle this prob
lem, respectively regarded as destructive and non-destructive 
techniques.

The former was pursued through the exploitation of fatigued sam
ples’ fracture surface analysis, which was probed through Scanning 
Electron Microscopy (SEM) – this allowed for a precise quantification of 
̅̅̅̅̅̅̅̅̅̅
area

√
of the defects that triggered fatigue failure, i.e. killer defects. 

Assuming that defects lie either far from the sample free-surface or close 
enough to the free-surface, killer defects can be considered as the defects 
with the maximum 

̅̅̅̅̅̅̅̅̅̅
area

√
size for each specimen, meaning that the 

largest defect size is responsible for fatigue crack nucleation and further 
propagation. For defects very close to the surface, the measured area 
includes a strip of material between the defect and the specimen's edge 
surface. Similarly, for defects close to each other, the area size encloses 
the outlines of all defects. Similarly, a fractographic analysis was per
formed to characterise the morphological traits of killer defects lying on 
the sample free surface – mostly occurring in the as-built sample con
ditions (EBM-N and SLM-N). The way this information is employed in 
the establishment of the predictive tool will be discussed later.

On the other hand, non-destructive assessment of bulk defects can be 
attained through CT analysis [21,32,33]. In the current study, the soft
ware VGStudio Max® was used to reconstruct the CT analyses and to 

perform the pore analyses. Specifically, defect identification was carried 
out through the VGEasyPore® software package. Obviously, this 
approach has the advantage of analysing a large quantity of “hidden” 
defects without compromising its integrity. Nevertheless, it is not able to 
provide direct information neither on the killer defect nor the most 
critical one, unless fracture mechanics concepts are introduced. On top 
of that, CT analysis may suffer significant uncertainties, especially when 
using lab-based CT equipment [34,35].

Non-destructive characterisation of surface roughness was per
formed using optical microscopy. For the reasons that will be detailed 
later, amongst the surface roughness descriptors, the maximum pit 
depth parameter, Sv, was evaluated on several sampling surfaces to draw 
a statistical distribution.

The size of killer defects will be used to estimate the EH model of NT 
and T batches, where each killer defect is assigned to the corresponding 
specimen. In the case of as-built batches (EBM-N and SLM-N), the 
parameter Sv is exploited instead of the killer defect size due to the high 
uncertainty in determining a unique value from fractographic analysis. 
The challenge of clearly identifying the size of killer defects associated 
with surface roughness is well-known in the literature [7,29,36]. 
Furthermore, in the present work, killer defect sizes almost always un
derestimate the defect criticality compared to the maximum expected 
parameter Sv in the specimen surface obtained by surface roughness 
measurements.

For both destructive and non-destructive methods, statistical infor
mation can be gathered regarding the distribution of defects, or killer 
defects. This information can provide quantitative insights into the 
probability of the occurrence of a certain defect size. Therefore, a 
probabilistic evaluation of the fatigue performance of a defect-laden 
material or component can be pursued.

2.2.1. Extreme value statistics
The global size distribution of defects provides useful information 

about the quality of the manufacturing process. However, only the 
maximum defect sizes of the defects presented in the component play a 
role in the fatigue failure. In fact, the main fatigue crack that leads to 
fracture always nucleates at the most detrimental defect, which is usu
ally the one with the largest size, unless relevant intra- and inter- 
granular residual stress are present in the material.

Therefore, it is relevant to focus on the upper tail of the size distri
bution of the defects instead of considering the whole distribution. From 
that perspective, the fatigue phenomenon is governed by the extreme 
values of the defect size distribution. A common way to include the 

Fig. 1. Normalised fatigue experimental data and fitted curves. (a) EBM and (b) SLM.
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influence of the defect size on the fatigue strength is to describe the 
maximum defect sizes by means of the statistics of extremes [4,24,37]. 
Then, the descriptors of the statistical distribution can be included in the 
fatigue assessment of a component by an appropriate mathematical 
procedure and considering the fatigue strength model (e.g., EH model) 
[38,39].

One way to model the upper tail of the defect size distribution is to 
consider the maximum values in sufficiently large volumes (those 
including enough defects). In that case, the distribution of the maximum 
value in the “large” volume is a random variable that tends to follow 
(asymptotically) the family of the Generalised Extreme Value distribu
tions [23]. Considering the defect size as the random variable of interest, 
it is experimentally proven that, amongst the Generalised Extreme Value 
distributions, the Gumbel distribution can accurately describe the sta
tistical distribution of the maximum defect size in a control volume [24].

The cumulative distribution function of the Gumbel distribution is 
expressed as follows: 

FV0

( ̅̅̅̅̅̅̅̅̅̅
area

√
max
)
= exp

(

− exp
(

−

̅̅̅̅̅̅̅̅̅̅
area

√
max − μ
σ

))

(2) 

where μ and σ are the location and scale parameters. The considered 
random variable, 

̅̅̅̅̅̅̅̅̅̅
area

√
max, in Eq.(2) is the maximum projected area 

̅̅̅̅̅̅̅̅̅̅
area

√
in the chosen control volume V0.

From Eq.(2) follows that the maximum defect size associated with 
the percentile p − th is: 
̅̅̅̅̅̅̅̅̅̅
area

√
max(p) = μ+ σ( − ln( − lnp) ) (3) 

where FV0 was changed to p, which assumes the same meaning, i.e. 
probability that 

̅̅̅̅̅̅̅̅̅̅
area

√
max takes on a value less than or equal to a specific 

value.
From a practical point of view, the location and scale parameters can 

be estimated from an empirical distribution of the maximum defect size 
in a control volume. This empirical distribution can be obtained by 
adopting a sampling strategy called block maxima.

First, the size of the control volume V0 and, consequently, the 
number of volumes nV must be decided (if we consider a fixed inspected 
volume). Then, the maximum defect size is obtained for each volume, 
leading to nV local maxima. At this point, these values are sorted in 
ascending order and an empirical cumulative probability is assigned at 
each defect size: 

FV0

( ̅̅̅̅̅̅̅̅̅̅
area

√
i
)
=

i
nV + 1

(4) 

In Eq. (4) and in the equations that follow, the symbol 
̅̅̅̅̅̅̅̅̅̅
area

√
replaces 

that of 
̅̅̅̅̅̅̅̅̅̅
area

√
max for the sake of brevity.

By plotting the experimental data in a graph − ln( − lnF) versus 
̅̅̅̅̅̅̅̅̅̅
area

√
is possible to verify if the data follows a linear trend, as predicted 

by the Gumbel distribution. Here, to simplify the notation, F is used 
instead of FV0 , but both refer to the cumulative distribution function.

Finally, the location and scale parameters are estimated using the 
maximum likelihood method [40]. The scale parameter must be ob
tained first from the following equation: 

̅̅̅̅̅̅̅̅̅̅
area

√
−

∑nV
i=1

̅̅̅̅̅̅̅̅̅̅
area

√
i exp( −

̅̅̅̅̅̅̅̅̅̅
area

√
i/σ̂ML)

∑nV
i=1exp( −

̅̅̅̅̅̅̅̅̅̅
area

√
i/σ̂ML)

− σ̂ML = 0 (5) 

using an iterative procedure. The symbol 
̅̅̅̅̅̅̅̅̅̅
area

√
indicates the sample 

mean of the defect size values and σ̂ML is the maximum likelihood 
estimator of the scale parameter.

Then, the location parameter can be obtained directly from: 

μ̂ML = − σ̂MLln

(
1
nV

∑nV

i=1
exp
(
−

̅̅̅̅̅̅̅̅̅̅
area

√
i
/

σ̂ML
)
)

(6) 

where μ̂ML is the maximum likelihood estimator of the location 
parameter.

Other two methods to estimate the parameters of the Gumbel dis
tribution are the least-squares (linear regression) and moments methods. 
As demonstrated by Beretta and Murakami, the most efficient method is 
the maximum likelihood method [41].

The size of the control volume is usually smaller than the size of the 
engineering components, and the location and scale parameters esti
mated before cannot directly be used. However, the statistical distri
bution of the maximum defect in a larger volume Vc = TV0 can be 
obtained again by a Gumbel distribution, where the location and scale 
parameters are now: 
{

μVc
= μ + σlnT
σVc = σ (7) 

This result is obtained by using the concept of the return period T. In a 
few words, if the considered volume is T-times the control volume V0, 
for which the Gumbel distribution has been estimated, the probability of 
having a maximum defect size lower than a critical value (

̅̅̅̅̅̅̅̅̅̅
area

√
cr) in 

the volume Vc = TV0 is equal to the probability that T volumes of size V0 
have simultaneously a maximum defect size lower than a critical value: 

Pr
{ ̅̅̅̅̅̅̅̅̅̅

area
√

max,Vc <
̅̅̅̅̅̅̅̅̅̅
area

√
cr
}
=
[
Pr
{ ̅̅̅̅̅̅̅̅̅̅

area
√

max,Vo <
̅̅̅̅̅̅̅̅̅̅
area

√
cr
} ]T=Vc/V0 

→ FVc

( ̅̅̅̅̅̅̅̅̅̅
area

√
max
)
=
[
FV0

( ̅̅̅̅̅̅̅̅̅̅
area

√
max
) ]T=Vc/V0 (8) 

Confidence bands can be obtained for each estimated quantile given by 
Eq.(3) and the estimated parameters. The upper and lower limits of the 
γ% confidence band for a given quantile are [41,42]: 
̅̅̅̅̅̅̅̅̅̅
area

√
γ,+(p)̅̅̅̅̅̅̅̅̅̅

area
√

γ,− (p)
=

̅̅̅̅̅̅̅̅̅̅
area

√
(p) ± Kγ

σ̂ML
̅̅̅̅̅nV

√
̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
1.11 + 0.52y + 0.61y2

√
(9) 

where y = − ln( − lnF) and Kγ is the (1+γ)/2 standard Gaussian percen
tile.

The EVS analysis outlined above can be applied to both bulk and 
surface defects, where the appropriate defect size must be adopted. In 
the present work, 

̅̅̅̅̅̅̅̅̅̅
area

√
evaluated from CT scans and fractography is 

adopted to assess the EVS for bulk defects, whereas an equivalent 
̅̅̅̅̅̅̅̅̅̅
area

√
eq is defined starting from Sv for non-destructive analysis of sur

face roughness.

2.3. Fatigue modelling approach

In the present work, the model proposed by El Haddad (EH) is 
employed to establish a fatigue failure criterion at a predefined runout 
threshold N* in terms of the number of cycles. Such a model is of a semi- 
empirical nature, based on LEFM, whereby practitioners can outline the 
fatigue endurance limit of defective metallic materials [43].

In order to apply the EH model to defective metallic materials, de
fects are regarded as cracks and assigned a representative crack length. 
Murakami’s approach is pursued for the purpose of the present inves
tigation, i.e. the representative crack length corresponds to the square 
root of the projected area of the defects over the plane normal to the 
loading direction, namely 

̅̅̅̅̅̅̅̅̅̅
area

√
[1]. Accordingly, the EH curve is 

analytically described by [44]: 

Δσ = Δσw

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅area0
√

̅̅̅̅̅̅̅̅̅̅
area

√
+

̅̅̅̅̅̅̅̅̅̅̅̅area0
√

√

(10) 

where Δσw is the fatigue endurance limit of the defect-free material and 
̅̅̅̅̅̅̅̅̅̅̅̅area0

√ is the EH critical length. The latter can be easily interpreted by 
referring to Kitagawa’s diagram, which ̅̅̅̅̅̅̅̅̅̅̅̅area0

√ is the critical defect size, 
above which the presence of a defect plays a role in the integrity of the 
material. Contrarily, the presence of defects smaller than these critical 
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dimensions does not lead to any fatigue crack propagation. Therefore, 
the parameter ̅̅̅̅̅̅̅̅̅̅̅̅area0

√ is essential in describing the fatigue properties of 
defect-laden materials: 

̅̅̅̅̅̅̅̅̅̅̅̅
area0

√
=

1
π

(
ΔKth,lc

YΔσw

)2

(11) 

in which, ΔKth,lc is the fatigue Stress Intensity Factor (SIF) range 
threshold for long cracks, and Y is a factor that depends upon the dis
tance between the centroid of the defect and free-surface of the spec
imen. In the present work, the critical flaw size, ̅̅̅̅̅̅̅̅̅̅̅̅area0

√ , is later 
identified univocally through a specific algorithm (i.e. B-FADE) previ
ously presented by some of the present authors [22,45], referring to the 
EH’s critical defect size; relying on the sole knowledge of killer defect 
sizes and whether the sample failed or not at a given N*. This is neces
sary because the defect-free fatigue endurance limit, Δσw, is nearly 
impossible to obtain due to the intrinsic presence of defects in the pro
bed material.

The value of ̅̅̅̅̅̅̅̅̅̅̅̅area0
√

EBM, identified through the employment of B- 
FADE for the EBM material condition, will be used to normalise defect 
sizes, and this parameter will not be disclosed once identified.

Importantly, B-FADE allows for the introduction of statistical 
knowledge of ΔKth,lc to make the EH curve identification more robust 
and reliable. Following, details about the evaluation of the fatigue SIF 
thresholds are provided.

2.3.1. Fatigue SIF thresholds determination
The knowledge of the fatigue SIF range threshold is a fundamental 

fatigue characteristic that allows a predictive model to establish whether 
a long crack propagates when subjected to repeated loadings. Given that 
the approach proposed herein is based on the fundamental assumption 
of material defects being cracks, according to Murakami [4], this 
parameter is an essential requirement.

As concerns the EBM samples, fatigue crack growth tests were car
ried out to characterise ΔKth,lc of the EBM-NT batch. Three samples were 
tested according to the standard ASTM E647-24, meaning that the sur
face finishing was also prepared according to the standard.

As far as the SLM material condition is concerned, the fatigue crack 
growth threshold was not experimentally characterised. Therefore, such 
information was retrieved from experimental outcomes reported in the 
literature for the same material and manufacturing technology [7]. 
Those estimates were explicitly employed during the establishment of 
the defect-based fatigue model – it will be shown later how EH model 
required this information. Nevertheless, analogous to the fatigue 
endurance limit, an explicit report of the employed values was not 

possible due to confidentiality matters. A normalised quantity referring 
to the fatigue SIF threshold is defined as follows: 

κth =
ΔKth,lc,EBM

Δσw,EBM
̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅area0
√

EBM

√ (12) 

It is important to stress that the purpose of the paper is not to report 
precise estimates of fatigue performance and defect characteristics of the 
tested material, but rather to propose a defect-based fatigue modelling 
reference curve capable of generalising the behaviour of this class of 
material in the presence of different types of flaws.

3. Statistical characterisation of defects: Data analysis and 
results

3.1. Bulk defects

Statistical description of bulk defects can be achieved through both 
fractography analyses over a significant number of fatigued samples, or 
via CT analysis of a limited number of samples.

In the present work, both techniques were employed. Regarding the 
CT analyses, details of the experimental setup and processing parame
ters utilised for the CT scans are the same as those reported in the au
thors’ previous publications [35]. Without dwelling on the details of the 
CT analysis, it is important to recall that the highest realistically 
achievable lateral resolution was 12 μm, therefore, defects showing di
mensions smaller than at least twice this value are hardly detectable in a 
reliable way. For this reason, the identification of defects in materials 
produced through the SLM technology was scarcely discernible in the 
present work, due to their relatively small dimensions, especially when 
compared with those found in EBMed materials. In fact, precise CT 
identification and following quantification of bulk defects on the EBM 
batches was successfully achieved. It is important to highlight that a 
detailed calibration of the defect identification procedure using this 
technique was exploited; relevant details are reported in the same pre
vious publication of the authors [35].

The sampling strategy block maxima, described in Section 2.2, was 
used to estimate the extreme statistics distribution of the maximum 
defect size (i.e., 

̅̅̅̅̅̅̅̅̅̅
area

√
) inside the gauge volume of the Ti-6Al-4V alloy 

produced by EBM. The sizes of the defects identified by CT scanning of 
the specimens were considered in the following procedure. Specifically, 
the values 

̅̅̅̅̅̅̅̅̅̅
area

√
were obtained with a digital grey threshold (DGT) 

value equal to 110% set in the VGEasyPore® CT reconstruction routine.
The CT analyses reconstructed the defects present within a volume 

slightly extended in length from the whole cylindrical gauge part of the 

Fig. 2. Block maxima sampling strategy applied to the machined specimen NT1-4: (a) global view of the considered CT scanned volume and (b) top view of the 
specimen to highlight the division into the sub-volumes identified by different colours (each point represents the centroid of a defect).

E. Salvati et al.                                                                                                                                                                                                                                  International Journal of Fatigue 210 (2026) 109659 

5 

astm:E647


dog-bone sample; this procedure is repeated five times for five different 
samples. Probed volumes Vtot are considered (see Fig. 2(a) for the sizes, 
the volume is a cylinder with a diameter equal to 5.5 mm and 18 mm in 
length). It is important that the volume considered in this step is kept 
almost the same for each specimen. After the defect reconstruction of the 
whole probed volume, such a volume is subdivided into smaller volumes 
of an equal size, V0. In particular, 8 sub-volumes for each specimen are 
taken into account (see Fig. 2(b)). Details about the specific values used 
for these analysis steps are provided in Table 2. The volume of the gauge 
part of the specimen, Vg, is also listed, as it is useful to find the Gumbel 
distribution for the volume of the specimen subjected to the maximum 
stress through the return period. Following, as detailed in the previous 
paragraph, the maximum defect size for each sub-volume is selected, 
and all the values are sorted in ascending order to compute the empirical 

cumulative distribution function of Eq. (4). Finally, the scale and loca
tion parameters were estimated using Eq.(5) and (6).

These steps were performed considering all the specimens of one 
batch together (i.e. the as-built (N) and machined (NT) batches were 
processed separately). Confidence bands at each percentile were also 
drawn using Eq. (9).

Here, it is important to make some remarks about the number of sub- 
volumes and the size of the control volume. In fact, increasing the 
number of sub-volumes for each specimen reduces the control volume 
V0 and, hence, reduces the confidence in the predicted maximum defect 
size on a larger volume Vc. Furthermore, an excessively small control 
volume could not satisfy the asymptotic distribution of the maxima (i.e. 
the local maxima are the maxima of a too small number of defects that 
are not representative of the real distribution). On the contrary, a small 
number of sub-volumes increases the uncertainty of the estimates of the 
Gumbel distribution. For these reasons, a trade-off between the number 
of sub-volumes and the control volume size should be sought to satisfy a 
reasonable confidence level in the estimate of the prospective maximum 
defect size.

3.1.1. Results
As far as the EBM batches are concerned, the outcome of the EVS 

evaluation done through the CT and fractography analyses are displayed 
in Fig. 3. The defect size 

̅̅̅̅̅̅̅̅̅̅
area

√
for bulk defects was transformed to an 

Table 2 
CT post-processing details for definition of EVS analysis.

Parameter Value

Number of sub-volumes for each specimen 8
Volume of each sub-volume V0 53.46 mm3

Total inspected volume of each specimen Vtot 427.65 mm3

Volume of the gauge part of each specimen Vg 392.01 mm3

Total number of sub-volumes (n. specimens × n. sub-volumes) 40

Fig. 3. Evaluated Gumbel’s distributions of normalised maximum defect size (√area) for different EBMed materials under different conditions. (a) CT evaluated for 
EBM-N, (b) CT evaluated for EBM-NT, (c) Post-mortem fractographic evaluated for EBM-N, (d) Post-mortem fractographic evaluated for EBM-NT.
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equivalent defect size, 
̅̅̅̅̅̅̅̅̅̅
area

√
eq, by adopting a reference crack shape 

factor equal to 0.65, i.e. for sub-surface defects. This operation assumes 
the conservation of the SIF intensity associated with the considered 
defect (ΔK = ΔKeq), as explained in Section 4.

A few remarks can be drawn regarding the results shown in Fig. 3. 
First of all, there exists a good match between the distributions of 
extreme defects for the EBM-N and EBM-NT samples. This is plausible 
because, regardless of the surface finish, the CT analysis only accounted 
for bulk defects due to its methodological nature. It is interesting to note 
that for the samples subjected to surface machining (EBM-NT), although 
the normalised location μ̂ML appears to be comparable, the normalised 
scale parameter σ̂ML turned out to be rather different. This may be due to 
the different statistical significance of the two datasets.

As far as the as-built material conditions are concerned (EBM-N), 
only fractography can capture the defects that trigger fatigue cracks, i.e., 
surface killer defects, whereas CT analysis cannot accurately detect the 
surface features that initiate cracks.

As said earlier, regarding the SLM samples, the limited number of 
detectable defects hampered their CT detection. Therefore, only the EVS 
distribution obtained via the fractography analysis could be conducted. 
The result is shown in Fig. 4 for both the as-built and machined batches.

As a summary, Table 3 reports all the estimates of the Gumbel dis
tributions obtained in the present work. The location parameter μ̂ML 
estimated from killer defects in fractographic analysis is slightly smaller 
for the SLM-NT batch than the EBM-NT, further confirming that using 
the HIP treatment is more beneficial for the EBM material. It is impor
tant to note that the HIP post-process effectively closed bulk defects, 
making them undetectable via CT. Similarly, fractographic observations 
showed no striking evidence of defects driving fatigue crack nucleation. 

Instead, high-magnification SEM analysis revealed that nucleation was 
triggered by other, smaller microstructural features rather than tradi
tional pores. Consequently, EVS characterisation excluded the HIP- 
treated samples to avoid a highly unreliable assessment. Nevertheless, 
the dimensions of these microstructural features were measured to 
locate the fatigue data points for the EH curve determination. It is also 
significant that while the √area measurements of these features may 
contain errors, they have a negligible impact on the overall position of 
the points on the EH curves. As mentioned above, the large discrepancy 
in the Gumbel distribution parameters estimated from fractography and 
CT for the EBM-N (as-built) specimens is due to the different nature of 
the defects detected by the two methods. In other words, the CT probed 
only the statistical distribution of bulk defects, whereas the fractography 
can detect the surface defects at the origin of the failure.

3.2. Surface defects (roughness)

As far as the surface roughness characterisation of the material 
before fatigue testing is concerned, again for predictive purposes, optical 
microscopy was utilised over several samples for each AM technology. In 
this section, the same n.5 samples that were inspected by CT, are 
considered to show the extreme value distributions related to surface 
defects in EBM and SLM. The employed probing instrument was able to 
achieve a resolution as high as 7 μm. Table 4 presents additional post- 
processing parameters used for the evaluation of the EVS distribution. 
It is important to note that this section utilises only 5 specimens for the 
purpose of comparison with the trends observed in the EVS distribution, 
as well as the trends previously reported in the CT evaluation of the EVS. 
However, the areal study of the Sv for each fatigue-tested sample was 
carried out to entirely populate the Kitagawa diagram displayed in Fig. 6
and Fig. 7, which enabled the EH curve identification.

The extreme value distribution of the maximum equivalent defect 

Fig. 4. Evaluated Gumbel’s distributions of normalised maximum defect size (√area) for (a) SLM-N and (b) SLM-NT materials, evaluated through post-mortem 
fractographic analysis.

Table 3 
Estimated location and scale parameters (normalised) of the Gumbel distribu
tion EBMed samples obtained through CT and fractographic analyses regarding 
as-built (EBD-N) and machined specimens (EBM-NT).

Batch Analysis type μ̂ML σ̂ML

EBM As-built (EBM-N) CT 3.9026 0.8354
Fractography 17.072 2.0310

EBM Machined (EBM-NT) CT 3.4548 0.2702
Fractography 2.9216 0.9181

SLM As-built (SLM-N) Fractography 9.7535 1.7610
SLM Machined (SLM-NT) Fractography 1.2688 0.3051

Table 4 
Surface roughness scanning parameters for estimating the EVS distribution.

Parameter Value

Number of investigated specimens 5
Reference area size,A0 0.8 × 0.8 = 0.64 mm2

Total number of investigated areas 8 A0/specimen with 40 A0 in total
Surface area of the gauge length,Ag 16.5 × π × 5.5 = 285.09 mm2

Return period Ag/A0 445.47
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size, 
̅̅̅̅̅̅̅̅̅̅
area

√
eq, can be obtained using the same procedure adopted for the 

maximum defect size distribution from CT (Section 3.1).
The maximum pit depth parameter was acquired for 8 sub-areas with 

a size equal to A0 for each selected specimen. The number of sub-areas 
was deliberately set equal to the number of sub-volumes used in CT data 
analysis. To avoid analysing a large, rounded surface of the specimen, 
which requires rotating the samples during scanning and then unrolling 
during post-processing, the sub-area size was set to 0.8 × 0.8 mm2. This 
choice allows scanning the surface along the gauge length without 
rotating the sample. This methodology is equivalent to a block maxima 
sampling strategy; therefore, once the values of the maximum pit depth 
parameter are obtained from the surface roughness acquisitions, they 
can be converted to the equivalent 

̅̅̅̅̅̅̅̅̅̅
area

√
eq using Eq. (15). Then, the 

parameters of the Gumbel distribution are estimated as described in 
Section 2.2. It must be noted that the maximum values of Sv are referred 
to a control area A0, instead of a control volume V0, and, thus, the 

Gumbel distribution is referred to the maximum values of Sv in an area 
equal to A0. Similar to Vg, Table 4 reports also the surface area of the 
gauge part, Ag, necessary to evaluate the return period for one specimen.

The Gumbel distribution was estimated for each specimen but was 
also obtained considering all the specimens of one batch together. 
Confidence bands at each percentile were also drawn.

3.2.1. Results
The outcome of the EVS evaluation is shown in the two plots depicted 

in Fig. 5. The comparison between single specimens is reported in Ap
pendix A. for completeness.

It is apparent that the EBM technology returns a surface morphology 
that differs from the SLM counterpart. The normalised location μ̂ML and 
the normalised scale parameter σ̂ML, are slightly higher for the EBM 
samples. This is translated into a more detrimental impact on the fatigue 
performance, assuming equal fatigue intrinsic property of the two ma

Fig. 5. Estimated Gumbel distributions of maximum pit depth parameter, considering an equivalent projected area (
̅̅̅̅̅̅̅̅̅̅
area

√
eq). (a) as-built EBM batch (N); (b) as-built 

SLM batch (N).

Fig. 6. Identified fatigue curves for the EBM batch. (a) identification conducted by exploiting only turned (NT) samples and ΔKth,lc. (b) identification conducted by 
exploiting all the available fatigued samples. In both cases the prior over ΔKth,lc is determined upon the conducted fatigue crack growth test. Each panel also report, as 
a percentage, the correctly classified sample over the total number of samples. In the legend, PB stands for Prediction Band.
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terials (that it is not true).
Finally, a summary of the retrieved values for the EVS evaluation is 

shown in Table 5.

4. Fatigue model identification and results

As already mentioned in Section 2.3, the EH model describes the 
relationship between the fatigue endurance limit at a prescribed number 
of cycles N* and the defect size in the so-called Kitagawa diagram. This 
diagram depends on the material, post-processing conditions, stress 
ratio R and crack shape factor Y.

In the present work, the Kitagawa diagram is drawn for R = 0.1, 
since all fatigue data are collected at this stress ratio. Only when fatigue 
data are collected at different stress ratios, a mean stress correction is 
necessary.

Similarly to the stress ratio, fatigue data that exhibit failures from 
different types of defects, e.g. bulk and sub-surface defects, can be 
plotted in the same diagram by considering a reference crack shape 
factor and hypothesising the same SIF value. The rationale behind this 
hypothesis is that we can define an equivalent defect size by adopting 
the same crack shape factor for all defect types but maintaining the same 
defect harmfulness, i.e. the same SIF value. In this work, the reference 
crack shape factor is equal to 0.65, i.e. the Kitagawa diagram is plotted 
for sub-surface defects. Hence, for each bulk defect (Y = 0.5), the 
equivalent defect size (

̅̅̅̅̅̅̅̅̅̅
area

√
eq) is calculated from the SIF equality 

(ΔK = ΔKeq): 

Δσ 0.5
̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

π
̅̅̅̅̅̅̅̅̅̅
area

√
√

= Δσ0.65
̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

π
̅̅̅̅̅̅̅̅̅̅
area

√
eq

√

(13) 

which leads to the following equation: 

̅̅̅̅̅̅̅̅̅̅
area

√
eq =

(
0.5
0.65

)2 ̅̅̅̅̅̅̅̅̅̅
area

√
(14) 

Therefore, the equivalent defect size of bulk defects is lowered by a 
factor of (0.5/0.65)2 to guarantee a constant SIF value associated with 
the considered defect.

Specimens in as-built conditions always failed at the surface due to 
asperities in the roughness profile, contrary to machined specimens. In 
that case, the maximum pit depth parameter, Sv, has been proven to be 
well-correlated with the fatigue limit of additively manufactured metal 
in as-built conditions [7]. To adopt this parameter in a fracture me
chanics approach, the value of Sv must be inserted into the SIF formula. 
At this stage, different hypotheses can be assessed to associate the effect 
of the maximum pit depth parameter to a crack configuration and, 
therefore, to a specific SIF formula. Clearly, all the crack configurations 
considered must be referred to as surface cracks. If the Murakami 
parameter, 

̅̅̅̅̅̅̅̅̅̅
area

√
, is used, the shape factor Y is equal to 0.65, whereas 

an equivalent 
̅̅̅̅̅̅̅̅̅̅
area

√
must be derived from the value of Sv.

In our specific case, the crack configuration that best correlates with 
the experimental fatigue limit is the shallow surface defect [4,7], where 
the equivalent 

̅̅̅̅̅̅̅̅̅̅
area

√
is calculated as follows (Y = 0.65): 

̅̅̅̅̅̅̅̅̅̅
area

√
eq =

̅̅̅̅̅̅
10

√
Sv (15) 

Other crack configurations that were evaluated yielded equivalent 
defect sizes smaller than the shallow crack above, underestimating the 
fatigue limit and providing a too small SIF threshold for long cracks 
compared to the literature.

4.1. Identification framework for El Haddad curves

As mentioned in Section 2.3, B-FADE algorithm was employed to 
conduct the probabilistic identification of the EH curve under the two 
considered manufacturing conditions, i.e. EBM and SLM. Although the 
complete framework of B-FADE can be found elsewhere [45], it is worth 
recalling its main stages.

In essence, B-FADE turns the EH curve into the decision boundary of 
the collected dataset: 

D = {((ΔKi,Δσi, Yi ), Fi )| i = 1, 2, ⋯ , M; Fi = {0,1}} (16) 

which collates information about fatigue testing and characteristic 
defect sizes responsible for failure, and Fi takes either 0 or 1 if the ith 
sample run-out or failed, respectively. B-FADE transforms the 
phenomenological behaviour of the EH curve into a classification 
problem. Upon setting θ = [ΔKth,lc Δσw ] as the aggregated vector of 
the unknown EH parameters, a full probability distribution over θ is 
found through Maximum a Posteriori (MAP) estimation, which relies on 
Bayes’ theorem: 

P[θ|D] =
P[D|θ]P[θ]

P[D]
(17) 

P[θ|D] Posterior distribution
P[D|θ] ~ Bernoulli likelihood of D.
P[θ] Prior distribution
P[D] evidence.
It is worth emphasising that the prior (distribution) P[θ] in Eq. (17) is 

the knowledge of the modeller about the parameters, before observing 
any data in D. Specifically, the prior distribution confers the user the 
freedom of injecting pertinent information about the parameters, 
whether from the literature or previous experiments. In the present 
work, the authors assumed the following joint prior distribution for θ: 

P[θ] = P
[
ΔKth,lc

]
P[Δσw] (18) 

Fig. 7. Identified fatigue curves for the SLM batch. Identification conducted by 
exploiting only turned (NT) samples and ΔKth,lc surveyed from the literature. 
This figure also reports, as a percentage, the correctly classified sample over the 
total number of samples. In the legend, PB stands for Prediction Band.

Table 5 
Estimated location and scale parameters (normalised) of the Gumbel distribu
tion of maximum pit depth parameter for as-built EBM (N) and SLM (G) batches 
using equivalent projected area (

̅̅̅̅̅̅̅̅̅
area

√
eq).

Batch μ̂ML σ̂ML

EBM − As-built (N) 13.46 3.826
SLM − As-built (N) 8.631 1.129
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which implies initial independence between the parameters. As far as 
the present material datasets are concerned, it is worth emphasising that 
no prior information was leveraged for Δσw under both manufacturing 
conditions EBM and SLM. Therefore, a uniform prior P[Δσw] ∼ U were 
prescribed over this parameter, thus giving priority to the experimental 
evidence. Conversely, P

[
ΔKth,lc

]
was shaped by experimental fatigue 

crack growth and literature data for the EBM and SLM batch, respec
tively.

Specifically, let ΔKth,lc
(i) be the i-th of L values the SIF threshold 

either retrieved from the experiment or recovered from literature. 
Accordingly, the normalised mean is computed as follows: 

m =
1
L
∑L

i=1
κth

(i) (19) 

and the unbiased estimator of the standard deviation (not normalised) 
is: 

s =
̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

1
L − 1

∑L

i=1

(
μ − ΔKth

(i) )2
√

(20) 

As for the EBM batch, n.3 tests were conducted, hence L = 3, whereas 
for SLM samples L = 13 values were found from the literature [7,46]. 
Given μ and σ, the corresponding Gaussian distribution is readily 
defined. The normalised numerical values of the distributions’ param
eters are given later in the forthcoming sections.

Following MAP, the posterior underwent Laplace’s approximation, 
so P[θ|D] is approximated with a bivariate Gaussian distribution. Its 
statistical post-processing enables one to compute the prediction inter
val of the associated EH curve.

4.2. Generalised El Haddad model identification

This section illustrates the results of the identification of the EH 
curve for the EBM and SLM batches of samples. Firstly, the defects 
responsible for the fatigue failure must be identified and assigned with 
an equivalent size previously defined as 

̅̅̅̅̅̅̅̅̅̅
area

√
eq, see Eq.(14), depending 

on their nature, i.e., bulk (Y = 0.5) or surface (Y = 0.65). This allows one 
to represent all the examined sample over a unique Kitagawa diagram. 
As far as the sample that underwent machining (i.e., EBM-NT, EBM-T, 
SLM-NT and SLM-T) are concerned, the analysis of the fracture surface 
enabled the unambiguous identification of the killer defect, therefore 
this approach was pursued. Conversely, fractographic analysis of the as- 
built samples, such as EBM-N and SLM-N, did not lead to a direct 
identification and quantification of the feature that determined the fa
tigue failure origin. For this reason, the associated 

̅̅̅̅̅̅̅̅̅̅
area

√
eq, see Eq. (15), 

for each failed as-built sample was assessed by exploiting the EVS 
retrieved before mechanically testing the samples. It is worth 
mentioning that a limited areal scan of each sample was carried out for 
the definition of the EVS and the extrapolation to account for the actual 
surface extent of each sample was attained by using the return period, 
see Eq. (7). Further information regarding the EVS of the two as-built 
batches are provided in Section 3.2. The employed approaches for the 
equivalent defect size identification, 

̅̅̅̅̅̅̅̅̅̅
area

√
eq, of different batches are 

summarised as follows: 

• Killer defect 
̅̅̅̅̅̅̅̅̅̅
area

√
from fractography: EBM-NT, EBM-T, SLM-NT, 

SLM-T
• Maximum Sv from areal scan of the sample surface: EBM-N, SLM-N

For the sake of clarity is worth giving a synopsis of the hypothesis 
considered for the present training stage, as displayed by Table 6.

Regarding the EBM samples, a preliminary identification was carried 
out for the purpose of validating the proposed unified approach. In 
particular, the EH curve and associated prediction intervals were first 
evaluated by only considering fatigued samples which underwent 
machining (EBM-NT), and by considering a prior knowledge of the fa
tigue SIF threshold provided by the experiments as a Gaussian prior 
distribution, case (i). Dimensions of killer defects (i.e., 

̅̅̅̅̅̅̅̅̅̅
area

√
) were 

evaluated through fractographic post-mortem analysis. For runout 
samples, the link to a characteristic defect size was established by testing 
the samples a second time over a much higher stress range until failure – 
this process enabled locating two points on Kitagawa’s diagram, one for 
a runout sample and one for a failed sample sharing the same 

̅̅̅̅̅̅̅̅̅̅
area

√

value. It is reasonable that fatigue loading over a small stress range, 
leading to runout, introduces a small amount of damage, though it is 
difficult to quantify. Nevertheless, this small fatigue damage can be 
neglected if the following test on the same specimen is performed at a 
significantly higher stress range, making the procedure of retesting 
runout samples acceptable.

A subsequent superposition of the remaining datasets (i.e., EBM-N 
and EBM-T) over the previously evaluated fatigue curve allowed for 
the confirmation of the validity of the proposed approach, see Fig. 6(a). 
Indeed, experimental points referring to EBM-N and EBM-T batches are 
correctly separated by the EH curve and the intrinsic scatter is well 
captured by the prediction band. It is worth recalling from Section 2.2
that the characteristic defect size of as-built samples (EBM-N) in Kita
gawa’s diagram refers to the maximum expected 

̅̅̅̅̅̅̅̅̅̅
area

√
eq associated 

with the EVS distribution of Sv, not to the killer defects. To obtain the 
maximum expected value, the return period was adopted to scale up the 
EVS distribution to the surface area of the gauge length from the refer
ence area size where local maxima of Sv were collected.

Given that the adoption of a single EH curve can accurately capture a 
multitude of material conditions, this proves defects to be the key factor 
dominating the fatigue performance of this material. It is important to 
remark that the HIP treatment has an effect on the microstructure of the 
base material, which in turn it affects its intrinsic fatigue properties. 
Nevertheless, by considering the hardness as a parameter that correlates 
well with the fatigue performance of a material, it is important to state 
that the hardness of the T material condition differs only slightly from 
that of the N and NT samples. This value can be considered negligible 
and thus it is sound to use a unified curve to characterise the fatigue 
response of the investigated material.

Having said that, it is therefore reasonable to improve the identifi
cation of the EH model by including all the available fatigue points (i.e., 
N, NT and T), considering again the experimentally estimated ΔKth,lc. 
The outcome of the final identification process is shown in Fig. 6(b). It is 
apparent that the estimated EH curve better separates the runout points 
from those depicting failed samples. The percentages of the correctly 
classified samples, reported in both Fig. 6 (a) and (b), confirm that, by 
considering all batches together, the accuracy improves from 70% to 
80%. Moreover, prediction bands are now considerably narrower than 
the previous identification. In particular, the leftmost side of the band is 
narrower because of the accounting of the points referring to the as-built 
conditions, which confirm the validity of ΔKth,lc prior knowledge ob
tained from experiments. As an outcome, the uncertainty of the EH 
curve near the ΔKth,lc region is further reduced.

The EBM-T batch occupies the region of the Kitagawa diagram for 
very small defect sizes, whereas the EBM-NT generally exhibits slightly 
larger defect sizes. Therefore, the two batches together cover a wide 
range of defect sizes. Interestingly, although the EBM-N occupies a 

Table 6 
Model identification criteria and employed datasets.

EBM SLM

Training 
datasets

i) EBM-NT; 
ii) EBM-N + EBM-NT + EBM-T

iii) SLM-N + SLM-NT + SLM-T

Δσw Uniform prior Uniform prior
ΔKth,lc i), ii) Gaussian prior 

experimentally evaluated
Gaussian prior distribution 
from the literature

E. Salvati et al.                                                                                                                                                                                                                                  International Journal of Fatigue 210 (2026) 109659 

10 



region of the Kitagawa diagram far from the other batches, the estimated 
EH curve can confidently predict the fatigue limit between the EBM-NT 
and EBM-N characteristic defect sizes, as seen in the small width of the 
prediction band. The same is not true for the part of the EH curve close to 
the defect-free fatigue endurance limit, where the prediction band 
widens.

The final identification shown in Fig. 6(b) led to the definition of an 
EH curve having the distributions of its driving parameters labelled as 
“Posterior” in Table 7. For the sake of completeness, the prior knowledge 
employed for the identification is also displayed in the table, labelled as 
“Prior”.

Regarding the SLM specimens, as said earlier, the experimental 
ΔKth,lc was not available, therefore, the issue related to the lack of in
formation must be coped with by hunting data from the pertinent 
literature [7,46]. The training of the EH model was conducted by 
considering all the SLM batches available. The plot shown in Fig. 7
portrays the final results of the analysis, i.e. the estimated EH curve and 
the associated prediction intervals. Again, the model can precisely 
discriminate the runouts and failed points belonging to the as-built 
conditions (N), providing a reliable EH curve. Unlike the EBM batch, 
the rightmost part of the prediction band widens given the relatively 
higher spread of the prior distribution and lower density of training 
samples. Despite the lack of experimental information regarding ΔKth,lc, 
the prior information shaped from the literature suffices to inject 
adequate training information to accomplish MAP. Whilst the data 
points correctly guide the EH curve throughout the training, as sub
stantiated by the considerably narrower prediction interval in the 
rightmost portion of the figure. Overall, the estimated EH curve well 
tracks the conformation of the dataset with 76.5% correct classified 
samples, and the prediction interval captures the scatter of the data. It 
can be, therefore, concluded that the estimated curve appropriately 
characterises the fatigue endurance limit for the SLM samples in all 
manufacturing conditions, and it can be exploited for the design against 
fatigue failure. As a final remark, the SLM-NT and SLM-T specimens 
populate the same region of Kitagawa’s diagram, showing that the 

machined and hipped SLM specimens have similar killer defect sizes or 
microstructural features at the origin of the crack nucleation.

Quantitative information about the injected prior knowledge and the 
following estimated EH parameters is summarised in Table 8.

Eventually, the actions required to fully implement the generalised 
framework are schematically displayed in Fig. 8. To help future re
searchers and structural engineers exploit the proposed approach.

5. Conclusions

This research successfully established a unified probabilistic frame
work for estimating the fatigue endurance limit of Ti-6Al-4V alloy pro
duced via Selective Laser Melting (SLM) and Electron Beam Melting 
(EBM). By integrating experimental data with prior material knowledge, 
the approach generated two distinct fatigue endurance limit curves that 
account for the synergistic effects of bulk and surface defects. A key 
innovation of this method was treating the Sv surface roughness 
parameter as an equivalent crack ̅̅̅̅̅̅̅̅̅̅̅̅̅areaeq

√ , and utilising Murakami’s 
̅̅̅̅̅̅̅̅̅̅
area

√
parameter for internal defects, while making these two defect 

characteristic dimensions physically comparable when determining the 
fatigue curves. The integration of literature data proved vital, particu
larly for SLM conditions where experimental stress intensity factor 
thresholds were unavailable. Through the application of Extreme Value 
Statistics (EVS) to both Computed Tomography (CT) and fractographic 
data, the study demonstrated that Hot Isostatic Pressing (HIP) effec
tively eliminated bulk defects. Consequently, the fatigue strength of HIP- 
treated batches was found to be governed solely by the material’s 
intrinsic properties rather than manufacturing flaws. Despite these 
successes, the modelling of surface roughness remains the primary 
source of uncertainty. Future work should focus on: 

- Correlating fractographic evidence more closely with surface 
topography for “killer” defects.

- Extending the model to predict finite fatigue life.

Table 7 
Marginal prior & posterior distribution of the EH parameters for the EBM batch (batch classification according to Table 6).

Non-dimensional ΔKth,lc distributions Non-dimensional Δσw distributions

Prior
P

[
ΔKth,lc,EBM

Δσw
̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅area0
√

EBM
√

]

∼ N
(
3.13x10− 3,0.1252) P

[
Δσw100
HVEBM

]

∼ U

Posterior 
Batch (i) P

[
ΔKth,lc,EBM

Δσw
̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅area0
√

EBM
√

]

∼ N
(
3.14x10− 3,0.122) P

[
Δσw100
HVEBM

]

∼ N
(
370,4652)

Posterior 
Batch (ii) P

[
ΔKth,lc,EBM

Δσw
̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅area0
√

EBM
√

]

∼ N
(
3.14x10− 3,0.132) P

[
Δσw100
HVEBM

]

∼ N
(
272,2422)

Table 8 
Marginal prior and posterior distribution of the EH parameters for the SLM batch (batch classification according to Table 6).

Non-dimensional ΔKth,lc distributions Non-dimensional Δσw distributions

Prior
P

[
ΔKth,lc,SLM

Δσw
̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅area0
√

EBM
√

]

∼ N
(
2.79x10− 3,2.052) P

[
Δσw100
HVEBM

]

∼ U

Posterior
P

[
ΔKth,lc,SLM

Δσw
̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅area0
√

EBM
√

]

∼ N
(
2.97x10− 3,0.542) P

[
Δσw100
HVEBM

]

∼ N
(
246,1232)

Fig. 8. Flowchart of the material characterisation and modelling of the generalised defect-based fatigue framework.
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- Validating the transferability of EVS characteristics from simple 
laboratory specimens to complex, net-shape components.

In conclusion, the proposed model offers a robust tool for the prob
abilistic evaluation of fatigue limits and holds significant promise for the 
design of notched components within numerical structural frameworks.
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Appendix A 

Gumbel distributions were obtained from surface roughness data for five EBM-N and SLM-N specimens individually, then combined into a joint 
distribution using data from all specimens in each batch. Fig. 9 and Fig. 10 report the experimental data and the estimated Gumbel distributions for 
each analysed specimen. 
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Fig. 9. Estimated Gumbel distributions of maximum pit depth parameter, considering an equivalent projected area, for five different EBM-N specimens.
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Fig. 10. Estimated Gumbel distributions of maximum pit depth parameter, considering an equivalent projected area, for five different SLM-N specimens.

Data availability

Data will be made available on request.
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