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A B S T R A C T

Fatigue of metallic materials produced by Laser Powder Bed Fusion has been extensively studied for both
standard testing specimens and application relevant components. However, fatigue properties of specimens and
components suffer from large scatter, mainly due to the presence of volumetric anomalies, residual stresses and
surface roughness. Therefore, the transferability from specimens to components is still an open point that must
be addressed. In this work, fatigue properties of notched components are investigated and compared with the
standard specimens. Then, the properties of the components are inferred from the standard specimens’ data
using simple models. The maxima anomalies’ distributions are estimated with a competing risk approach using
Machine learning-assisted Extreme Value Statistics. Finally, the S-N curves of the investigated components,
predicted employing the Shiozawa model for finite life and the El-Haddad model for the fatigue limit, closely
matched the experimental results.
1. Introduction

Fatigue behaviour of metallic components manufactured by Laser-
Powder Bed Fusion (PBF-LB) is certainly one of the most prolific and
relevant research field. Numerous studies were devoted to investigate
the relationship between fatigue properties and Additive Manufacturing
(AM) features, such as process-induced volumetric anomalies, residual
stresses and surface roughness [1–6]. These studies lead to the impor-
tant conclusion that the link between maximum defect and fatigue life,
already established for conventional materials [7], exists also for metals
manufactured by PBF-LB [8–10]. Therefore, the identification of the so-
called ‘‘killer’’ defect which determine component failure is of primary
relevance. For failures originated by volumetric anomalies (i.e. gas-
entrapped porosity, keyhole porosity, lack-of-fusion (LoF), cluster of
pores, etc.) [11–15], X-ray micro-computed tomography (μ-CT scan)
has been successfully employed for material characterisation of stan-
dard high-cycle fatigue (HCF) specimens. In fact, μ-CT scan has been
introduced in recent standards for the qualification of AM processes and
components [16], mainly due to the high ratio of information output
to cost and time [17,18]. Once the volumetric anomalies population is
known, either by sampling on μ-CT scan data [19–21] or on polished
sections [19,22,23], Extreme Value Statistics (EVS) allow to model the
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size-effect, which describes how the maximum defect size changes with
the relevant material volume [24,25].

However, when several types of volumetric anomalies are present,
then the maxima distributions assume curvilinear shapes and a more
complex description is needed [20,25]. The authors showed in [26] that
a simple solution to improve the description of maxima distributions is
to employ machine learning-assisted EVS. In fact, supervised machine
learning (ML) algorithms already proved to be able to provide efficient
and fast categorisation of volumetric material anomalies [27–30]. Then,
ML algorithms allow to perform EVS for each type of anomaly, which
in turn leads to simple and robust maxima distributions [26], resulting
independent from the sampling volume. However, after the maxima
distributions have been obtained, how to transfer the anomaly data
of HCF specimens to fatigue properties of components still remains
an open point that needs to be addressed. In fact, while the effect
of different types of anomalies on fatigue life has been previously
investigated in the literature [31], EVS was not employed to estimate
the distribution of anomalies.

This work aims at investigating the effect of different material
volumes when multiple defect types are present and extreme value
distributions are obtained for each defect type. The relevant material
volumes of AM components may be significantly reduced with respect
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Nomenclature
√

area Square root of the defect’s area (Defect size)

√

area0 El-Haddad parameter according to the Mu-
rakami’s equivalent crack size

𝛼 Constraint factor
𝛾 Shape parameter of GEVD
𝛥𝜎 Stress range
𝛥𝜎𝑙 𝑜𝑐 Local stress range
𝛥𝜎𝑤 Fatigue limit in presence of a defect
𝛥𝜎𝑤,0 Theoretical endurance limit for the defect-

free material
𝛥𝐹 Axial load range
𝛥𝐾 Cyclic SIF at failure initiating defect
𝛥𝐾1 Cyclic SIF at the long crack threshold for

R→1.
𝛥𝐾𝑡ℎ,𝐿𝐶 Cyclic SIF at the long crack threshold
𝜇 Location parameter of GEVD and LEVD
𝜈 Poisson’s ratio
𝜎 Scale parameter of GEVD and LEVD
𝜎𝑙 𝑜𝑐 Local peak stress
𝜎log𝑁𝑑 𝑒𝑓 Standard deviation of defect-related life of

the Shiozawa curve
𝜎log𝛥𝐾 Standard deviation of cyclic SIF of the

Shiozawa curve
𝜎𝑚𝑎𝑥 Maximum stress
𝜎0 Flow stress
𝐴0 Parameter of the NASGRO threshold equa-

tion
𝐴1 Parameter of the NASGRO threshold equa-

tion
𝑎 Slope of the Shiozawa curve
𝑏 Intercept of the Shiozawa curve
𝐶+
𝑡ℎ Parameter of the NASGRO threshold equa-

tion
𝐶−
𝑡ℎ Parameter of the NASGRO threshold equa-

tion
𝐶 Coefficient of Paris–Erdogan curve
𝑑′ Coefficient of Shiozawa curve
𝐸 Elastic modulus
𝐹 Distribution function
𝐾 ′

𝑓 Coefficient of Shiozawa curve
𝑚 Coefficient of Paris–Erdogan curve
𝑁𝑓 Number of cycles to failure
𝑁𝑑 𝑒𝑓 Defect-related life
𝑝% Percentile
𝑃𝑓 Failure probability

to the large volumes of HCF specimens, due to the presence of com-
lex features and multiple stress concentration locations. Therefore,
wo notched specimens were developed to investigate small material
olumes, calibrated with dedicated Finite Element Analyses (FEA). The
otched components were subjected to fatigue testing and the obtained
atigue properties were compared with the standard specimens. Finally,
he fatigue properties of the components were inferred from the stan-
ard specimens’ data using simple models, such as the Shiozawa law
nd the El-Haddad formulation.

The structure of this paper is the following: Section 2 reports the
specimen geometries, the details of the finite element (FE) analyses and
 T

2 
𝑅 Load ratio
𝑅𝐿 Reliability
𝑉𝐵 𝑀 Block Maxima sampling volume
𝑉𝑟𝑒𝑓 Prospective material volume
𝑉90% Volume subjected to 90% to 100% of

the highest maximum principal stress in a
component

𝑌 Shape factor
Abbreviations

μ-CT scan X-ray micro-computed tomography
AM Additive Manufacturing
BM Block Maxima
CR Competing Risk
EVS Extreme Value Statistics
FE Finite Element
FEA Finite Element Analysis
GEVD Generalized Extreme Value Distribution
GPD Generalized Pareto Distribution
HCF High-Cycle Fatigue
HIP Hot Isostatic Pressing
HL Cylindrical specimens with hole
ML Machine Learning
LEVD Largest Extreme Value Distribution
LoF Lack-of-Fusion
PBF-LB Laser-Powder Bed Fusion
POT Peaks-over-Threshold
SEM Scanning Electron Microscope
SIF Stress Intensity Factor
WB Wishbone specimens

the experimental setup. Section 3 describe the EVS model employed
to describe volumetric anomalies, while Section 4 reports the results
f the notched specimens’ fatigue tests and FE analyses, and the killer
efect sizes estimated with the EVS model. Fatigue life predictions are
eported in Section 5. Finally, conclusions are summarised in Section 6.

2. Materials and methods

The specimens used in this study were fabricated using an SLM
80HL v1.0 system equipped with two 400 W Yttrium fibre lasers work-
ng in parallel in a build chamber that measures 280 × 280 × 350 mm3

SLM Solution Group AG). The build chamber was flooded with argon
o reach oxygen levels lower than 2000 ppm during the printing pro-
ess. The printing parameters were as follows: beam power P = 350 W,
atch distance h = 0.13 mm and scan speed v = 1650 mm/s. The
elected layer thickness was t = 50 μm and produced an energy density
f 32.63 J/mm3. The beam spot size declared by the machine manufac-
urer ranged from 80 to 115 μm. The building platform was heated up to
50 ◦C. The scan strategy adopted stripes with width 10 mm rotated by
7 ◦ after each layer and the scanning order was two contours, followed
y the hatch scanning. The parameters were optimised to obtain a
inimum density above 99.8%. The presence of lack-of-fusion observed

n the fracture surfaces and μ-CT scan of the HCF specimens could be
ue to several factors, e.g.: the variability of the melt pool [32], the

possible presence of spatter on the powder bed [33], the impossibility
f controlling the humidity inside the building chamber for the printing
achine employed in this study [34]. AlSi10Mg powder, produced by

ECKA Granules, was characterised by a mean granule size of 37 μm,
𝐷10 = 21 μm and 𝐷90 = 65 μm with a flowability of 80 s/50 g.

he specimens were manufactured without supports in different build
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Fig. 1. Geometry of the specimens employed in this study. (a) HL specimen. (b) WB specimen. (c) HCF specimen from [6]. All dimensions are in [mm].
Table 1
Specimens’ summary.

Specimen ID Number of specimens

HL 6
WB 8

jobs, one for each specimen type, covering the whole build platform.
Before separating the specimens from the building platform, each build
job was subjected to direct ageing heat treatment at 200 ◦C for 4 h.
After the heat treatment, the surface of the specimens was subjected to
sand-blasting.

Fig. 1 shows the geometry of the specimens employed in this study:

• cylindrical (HL) specimens, designed according to ASTM E466
[35], with a hole at the centre of the gauge section;

• wishbone (WB) specimens, obtained by modifying the geometry
described in [36].

• cylindrical HCF specimens for load controlled testing, extensively
describe in [6].

Table 1 provides a summary of the component-like specimens produced
in this work.

The WB specimens were originally designed in [36] to have three
highly stressed regions: (i) the neck near the upper grip; (ii) the outer
surface at the transitions between the two ‘‘legs’’ and the upper grip;
(iii) the inner surface of the ‘‘legs’’ at mid height. In the new design,
a notch with a depth of 200 μm was introduced in region ii to further
reduce the relevant material volume. The bottom section was designed
to accommodate a horizontal pin with diameter of 7 mm, while the
top section, originally designed with a threaded hole, was characterised
by a hollow cylinder. All the specimens were printed with the loading
axis aligned with the building direction (z axis). The 4 mm hole of the
HL specimens was obtained after printing by micro-Electric Discharge
Machining. The two grips of the HL specimens, as well as the top grip
and the hole in the lower region of the WB specimens, were machined
to guarantee alignment with the machines’ fixtures during the fatigue
tests.

2.1. Finite element analyses

FEA were carried out using Simulia Abaqus by Dassault Systèmes
to estimate the relevant material volume and extract the state of stress
3 
acting on the critical locations of the specimens. Linear-elastic material
properties were employed for the analyses, with elastic modulus equal
to 𝐸 = 70 000 MPa and Poisson’s ratio equal to 𝜈 = 0.3. An overall
load of 1 kN was applied to both geometries, exploiting the linear-
elastic material assumption to scale the obtained states of stress for
all the load levels of interest. The relevant material volume 𝑉𝑟𝑒𝑓 was
computed as 𝑉90%, that is the volume carrying a maximum principal
stress between 90% and 100% of the highest maximum principal stress
in the component.

2.1.1. Cylindrical specimens
FEA of the HL specimens was developed using a 1/8 model, ex-

ploiting the three planes of symmetry of the geometry (Fig. 2). The
simulations were carried out with quadratic brick elements (C3D20),
with average dimension set to 200 μm near the hole. The FE simulations
were performed by applying a remote load to a reference point which
was kinematically coupled with the top surface of the specimens, which
emulated the loading conditions of the experimental set-up.

2.1.2. Wishbone specimens
FEA of the WB specimens was developed using a 1/4 model, exploit-

ing the xz and yz planes as planes of symmetry (Fig. 3(a)). The simula-
tions were carried out with quadratic tetrahedral elements (C3D10),
with average dimension of 250 μm in the stress concentration re-
gion. The region of stress concentration was measured employing a
Zeiss AxioVision optical microscope and was reproduced in the model
(Fig. 3(b,c,d)). The FE simulations were performed by applying a
remote load to a reference point which was kinematically coupled with
the internal region of the top grip. The pin of the experimental set-
up was recreated by kinematically coupling the surface of the hole
in the lower portion of the specimen with a reference point lying on
the intersection between the hole’s axis and the top grip axis, allowing
rotation about and sliding along the 𝑦 axis.

2.2. Fatigue tests

Fatigue tests of HL specimens were conducted on a servo-hydraulic
Instron 8801, while tests of WB specimens were conducted on a servo-
hydraulic MTS 810 equipped with a 100 kN load cell. All the tests were
carried out in force control at 25 Hz under completely reversed loading
conditions (i.e. with a load ratio 𝑅= −1).
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Fig. 2. FE model of HL specimen.
2.3. Fracture analysis

After the fatigue tests, the fracture surfaces of HL specimens were
analysed with a Tescan Mira 3 Scanning Electron Microscope (SEM),
while a Zeiss Sigma 500 SEM was employed for WB specimens. The size
of the anomalies, expressed as

√

area, was measured with the software
ImageJ and for each specimen the largest was identified as the killer
defect.

2.4. X-ray micro-computed tomography

Five grip ends of the HCF specimens with an overall volume of
38000 mm3 were subjected to μ-CT scan to investigate the population
of volumetric anomalies. Each μ-CT scan was carried out with a Zeiss
Metrotom 1500, employing the following scanning parameters to pro-
duce a voxel size of 15 μm: detector pixel pitch of 113 μm, focal spot size
of 30 μm, voltage of 210 kV and magnification of x9.3. The voxel size
was selected as a trade-off between the size of the investigated volume
and the description of the features of the anomalies.

The volumetric anomalies were derived using VGStudio Max soft-
ware version 3.4.2. Defect identification was carried out with the
EasyPore algorithm, employing a relative difference of 80% on the
threshold, set as the iso-value 60 of the histogram of intensity. The
parameters were selected after a careful visual check on a sub-volume
prior to the actual analysis. Finally, a threshold on the minimum
anomaly diameter was set at 50 μm, given that the lower limit for an
accurate reconstruction is approximately three times the voxel size.

3. EVS model for material anomalies

Process-induced material anomalies are always present in AM com-
ponents not subjected to Hot Isostatic Pressing (HIP). When mul-
tiple anomaly types are present, as is typical for Al-based alloys,
directly employing EVS leads to curvilinear anomalies’ size distribu-
tions (Fig. 4(a)). However, when supervised ML algorithms are em-
ployed to efficiently categorise volumetric anomalies (Fig. 4(b)), EVS
of each anomaly type produces robust and simple maxima distribu-
tions (Fig. 4(c)). The ML-assisted EVS model for volumetric anomalies
proposed by the authors in [26] is hereby summarised:

1. Specimens are subjected to μ-CT scan.
4 
2. Internal anomalies are revealed with dedicated post-processors.
3. A selection of anomalies representative of different types are

individually classified.
4. A ML algorithm, e.g. a neural network or a decision tree, is

trained using the identified anomalies and then employed to
classify all the anomalies revealed by μ-CT scan.

5. Sampling is performed separately onto the different types of
anomalies.

6. EVS is employed to fit the maxima anomalies’ distributions and
make predictions onto relevant volumes for each anomalies type.

Considering Block Maxima (BM) sampled anomalies on a sampling
volume 𝑉𝐵 𝑀 , the Generalised Extreme Value Distribution (GEVD) can
be employed to fit the data. The GEVD has distribution function:

𝐹 (𝑥) = exp
(

−

(

1 + 𝛾 ⋅
𝑥 − 𝜇
𝜎

)− 1
𝛾
)

(1)

where 𝛾 is the shape parameter, 𝜇 is the location parameter and 𝜎 is
the scale parameter. For 𝛾 = 0, typical when a single type of anomaly
is sampled, the GEVD becomes a Largest Extreme Value Distribution
(LEVD) with distribution function:

𝐹 (𝑥) = exp
(

− exp
(

−
𝑥 − 𝜇
𝜎

))

(2)

After fitting the distributions, a Competing Risk (CR) approach
can be employed to account for the presence of multiple types of
anomalies [37]. The CR approach models the competition between
multiple distributions as independent realisations onto the same refer-
ence volume 𝑉𝑟𝑒𝑓 , thus describing the overall cumulative distribution
function 𝐹𝐶 𝑅 for the anomalies’ size as:

𝐹𝐶 𝑅(𝑥) =
∏

𝑖
𝐹𝑖(𝑥) = exp

(

−
∑

exp

(

−
𝑥 − 𝜇𝑖 − 𝜎𝑖 ⋅ log(𝑉𝑟𝑒𝑓∕𝑉𝐵 𝑀 ,𝑖)

𝜎𝑖

))

(3)

where the subscript 𝑖 refers to the 𝑖𝑡ℎ anomaly type.
The effect of the volume is governed by the parameter 𝜎, which is

an index of the scatter of the distribution. For large values of 𝜎, the
size distribution changes significantly over different volumes, while for
small values of 𝜎 the distribution is less affected.
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Fig. 3. FE model of WB specimen. (a) Symmetries, boundary conditions and size of the mesh. (b) Example of failed WB specimen. (c) Region of the notch, in which the plane
normal to the surface is shown with a dotted black line. (d) Detail of the mesh of the FEM near the notch of WB specimens.
It is important to highlight that the CR approach is effectively a
weakest link model. In fact, let us consider the relationship between
a target life 𝑁𝑓 (𝑎) and the related initial defect size 𝑎, which can be
derived with suitable fatigue models and is schematically shown in
Fig. 5. The failure probability at the target life 𝑁𝑓 (𝑎) is defined as:

𝑃𝑓 = Pr[𝑁𝑓 ≤ 𝑁𝑓 (𝑎)] (4)

Considering that the relationship between 𝑁𝑓 (𝑎) and 𝑎 is monotonic,
it follows that:

Pr[𝑁𝑓 ≤ 𝑁𝑓 (𝑎)] = Pr[𝑎 > 𝑎] (5)

And thus:

𝑃𝑓 = 1 − 𝐹 (𝑎) (6)

Rewriting Eq. (6) in terms of reliability 𝑅𝐿 = 1 −𝑃𝑓 and considering
for the distribution of the defect size with the CR approach, it follows
that:

𝑅𝐿 = 𝐹𝐶 𝑅(𝑎) =
∏

𝑖
𝐹𝑖(𝑎) =

∏

𝑖
𝑅𝐿,𝑖 (7)

Which is the formulation for the reliability of a series system, i.e. a
weakest link model for failure.
5 
Table 2
Parameters of LEVDs for maxima pores and LoFs from [26].

Anomaly type 𝜇 [μm] 𝜎 [μm] 𝑉𝐵 𝑀 [mm3]

Pores 109.30 9.20 127
LoFs 87.97 37.58 127

In this work, the volumetric anomalies’ distributions of HCF speci-
mens manufactured by PBF-LB in AlSi10Mg and reported in [26] were
considered. In fact, the material was nominally the same as the one
of the present study (i.e. the specimens were printed by the same
company, employing the same machine and printing parameters, and
underwent the same heat treatment). After the defect identification,
BM sampling was carried out on the cylindrical volumes, employing
sampling disks of height h = 0.5 mm, thus defining a sampling volume
𝑉𝐵 𝑀 = 127 mm3. The largest pore and irregularly shaped anomaly
(i.e. LoF or pores’ cluster) in each disk were recorded and then fitted
with the LEVD, producing the fitting parameters reported in Table 2.
The LoFs and pores’ clusters were grouped together in the ‘‘LoFs’’
category due to the consistent overlap of the features employed for their
description.

The importance of applying a CR approach is well captured by
Fig. 6, which provides a comparison between the CR approach and
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Fig. 4. (a) GEVD with non-categorised anomalies. (b) Features of pores and irregular anomalies (i.e. LoFs and clusters of pores) categorised with a decision tree algorithm. (c)
LEVDs of pores and irregular anomalies after categorisation.
Source: Adapted from [26].
Fig. 5. Scheme of the relationship between failure probability for a target number of
cycles and initial defect size distribution.

the GEVD on the non-categorised anomalies with their 95% confidence
bands. In fact, while the confidence band of the GEVD becomes very
large for large percentiles, the confidence band for the CR approach
remains narrow and close to the largest sampled anomalies.

It is important to underline that for materials with low defect
density the BM approach would need to be applied properly, so that
the maxima are representative of the material (i.e. each control volume
for block maxima should contain at least 10–15 anomalies [38]). Two
strategies could be applied in this sense: (i) to increase the sampling
volume; (ii) to improve the resolution of the μ-CT scan, so that smaller
anomalies could be properly identified.
6 
Fig. 6. Comparison of 95% confidence bands for GEVD on non-categorised anomalies
and CR approach on categorised anomalies.

An alternative would be to apply peaks-over-threshold (POT) sam-
pling. However, if the Generalised Pareto Distribution (GPD) is fitted
to POT data of non-categorised anomalies [20], the same problems
of directly fitting a GEVD to BM data would arise. For example, if
only the upper tail of the parent distribution is fitted, only large
anomalies (usually LoFs) would be sampled with POT, while pores
distribution would be completely lost. On the other hand, if anomalies
are categorised, then POT would lead to exponential distributions [37]
for which the CR approach can be applied.
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Fig. 7. (a) Fractography of specimen HL5. (b) Fractography of specimen WB2. (c) Detail of the killer pore of specimen HL5. (d) Detail of the killer pore of specimen WB2.
Table 3
Summary of fatigue test results and fractographies of HL specimens.

Specimen ID 𝛥𝐹 [kN] 𝛥𝜎𝑙 𝑜𝑐 [MPa] 𝑁𝑓 [cycles]
√

𝑎𝑟𝑒𝑎 [μm] Defect type

HL1 6.160 330 37 061 66 Pore
HL2 6.160 330 35 505 94 Pore
HL3 6.160 330 42 884 56 Pore
HL4 6.160 330 37 165 53 Pore
HL5 6.160 330 39 942 77 Pore
HL6 6.468 346 38 840 78 Pore

4. Results

4.1. Fatigue tests and fractographies

The results of the fatigue tests in terms of applied load 𝛥𝐹 , local
stress range 𝛥𝜎𝑙 𝑜𝑐 (from FEA), number of cycles at failure 𝑁𝑓 , killer
defect size

√

area and type are reported in Tables 3 and 4, respectively
for HL and WB specimens. Exemplary fracture surfaces of HL and
WB specimens are shown in Fig. 7, in which the killer defects were
highlighted with a red dashed line.

4.2. Finite element analyses

Local peak stress 𝜎𝑙 𝑜𝑐 and relevant material volume 𝑉𝑟𝑒𝑓 , needed for
the fatigue life predictions, were estimated from the FEA of HL and WB
specimens and are reported in Table 5. Fig. 8 shows the states of stress
on the plane perpendicular to the stress concentration features of HL
and WB specimens, with 𝜎𝑙 𝑜𝑐 evidenced. Exemplary expected locations
of the critical defect and the related initial crack are also shown.
7 
Table 4
Summary of fatigue test results and fractographies of WB specimens.

Specimen ID 𝛥𝐹 [kN] 𝛥𝜎𝑙 𝑜𝑐 [MPa] 𝑁𝑓 [cycles]
√

𝑎𝑟𝑒𝑎 [μm] Defect type

WB1 15.0 248 57 767 129 Cluster
WB2 15.0 248 232 578 86 Pore
WB3 15.0 248 105 837 80 Pore
WB4 15.0 248 137 057 124 Cluster
WB5 18.8 310 35 570 78 Cluster
WB6 18.8 310 37 543 91 Pore
WB7 18.8 310 39 767 81 Pore
WB8 18.8 310 36 803 99 Pore

WB6 11.0 182 5 000 000 (R.O.) – –

Table 5
Peak stress for 1 kN 𝜎𝑙 𝑜𝑐 and relevant material volume 𝑉90% extracted from FEA of HL
and WB specimens.

Specimens 𝜎𝑙 𝑜𝑐 [MPa] 𝑉𝑟𝑒𝑓 [mm3]

HL 53.5 2.9
WB 16.5 28.1

4.3. Killer defect estimates with EVS

The killer defect sizes of HL and WB specimens were fitted with
LEVD employing the moments method [39], which minimises the
difference between the observed moments of the sample data and the
analytical moments of the distribution. On the other hand, the killer
defect sizes of HCF specimens were fitted with a GEVD employing the
maximum likelihood method [40], which allows to estimate the param-
eters by maximising the probability that the sample data belongs to
the chosen distribution. The fitted parameters are reported in Table 6,
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Fig. 8. (a) State of stress in HL specimens. (b) State of stress in WB specimens. (c) Location of critical defect and initial crack for HL specimens. (d) Location of critical defect
and initial crack for WB specimens.
.

Table 6
Estimated parameters of EV distributions for killer defects of HL, WB and HCF specimens

Specimens 𝛾 [−] 𝜇 [μm] 𝜎 [μm]

HL 0 63.73 12.02
WB 0 87.58 14.59
HCF 0.3565 73.08 16.72

while Fig. 9(a,c,e) show the killer defect distributions of HL, WB and
HCF specimens with their 95% confidence band on Gumbel probability
charts.

The killer defect sizes of HL and WB specimens were estimated with
the CR approach using with the reference volumes 𝑉𝑟𝑒𝑓 calculated with
the FEA (Table 5). The resulting distributions are shown in Fig. 9 for HL
and WB specimens as well as for the HCF specimens. It is interesting to
see that the dispersion (𝜎) of HL and WB distributions is similar to the
dispersion of the pores’ distribution of HCF specimens, thus confirming
that the distributions obtained from HCF specimens well represent
the volumetric anomalies of this AlSi10Mg. This matches the findings
from [41], which shows that, while the defect density may change from
one specimen to another on the build plate, the technological firm of
a process is well captured by the scatter of the distributions, which
remains constant.

In Fig. 9(b,d,f) the killer defects of HL, WB and HCF specimens are
compared with the pores’ and LoFs’ probability density function as well
as their combination with the CR approach. In this way, it is possible
to see the effect of the different relevant volumes on the shift of the
pores’ and LoFs’ distributions.

This well depicts the importance of the CR approach. In fact, while
for relatively large material volumes (i.e. for the HCF specimens) both
8 
pores and LoFs have distributions with size above 0 μm. For smaller ma-
terial volumes (i.e. for the WB specimens), part of the LoFs and clusters
distribution is below 0 μm, and the ratio of irregular defects to pores is
reduced. Finally, for very small material volumes (i.e. 𝑉𝑟𝑒𝑓 = 2.9 mm3

of HL specimens), only the pores distribution is relevant, given that
the LoFs and clusters distribution is mostly below 0 μm. This effect is
due to the significantly different values of 𝜎 of the two distributions, as
previously mentioned, and demonstrates the importance of combining
the distributions of pores and LoFs to properly capture the occurrence
of both for different relevant material volumes.

5. Fatigue life predictions

It has been considerably demonstrated that volumetric anomalies
act like short cracks [2,4,6,36,42,43]. Therefore, two defect-based mod-
els were considered for fatigue life predictions, namely, Shiozawa law
for finite life and El-Haddad model for infinite life, described in the
following.

5.1. Finite life model

The Shiozawa law [44] was successfully employed on PBF-LB
AlSi10Mg [26,45,46] for fatigue assessment based on stress amplitude
and defect size and location. Under the assumptions that the fatigue life
is dominated by crack propagation rather than by crack initiation and
that the failure-initiating defects are relatively small compared to the
crack size at failure, it is possible to integrate the Paris–Erdogan law
from the initial defect size

√

area to the final crack size. The Shiozawa



G. Minerva et al. International Journal of Fatigue 195 (2025) 108852 
Fig. 9. Comparison between EV distributions of killer defects and the competing risk model on Gumbel probability chart and as probability density function for: (a,b) HL specimens;
(c,d) WB specimens; (e,f) and HCF specimens from [6].
law is thus obtained:

𝛥𝐾 =
[

𝐶(𝑚 − 2)
2

]−1∕𝑚
⋅

(

𝑁𝑓
√

area

)−1∕𝑚

(8)

Defining the defect related life 𝑁𝑑 𝑒𝑓 as the ratio between the num-
ber of cycles to failure 𝑁𝑓 and the killer defect size

√

area, Eq. (8) de-
fines a linear relationship in double logarithmic scale between 𝑁𝑑 𝑒𝑓 and
cyclic SIF 𝛥𝐾. The 𝛥𝐾 can be estimated with Murakami’s formula [42]:

𝛥𝐾 = 𝛥𝜎 ⋅ 𝑌 ⋅
√

𝜋 ⋅
√

area (9)

where the shape factor 𝑌 is equal to 0.65 for surface defects and to 0.5
for internal defects. Then, it is possible to fit the Shiozawa curve onto
the experimental data assuming 𝑁 is log-normally distributed with
𝑑 𝑒𝑓

9 
law:

𝑁𝑑 𝑒𝑓 ∼ log
(

𝑎 ⋅ log𝛥𝐾 + 𝑏, 𝜎log𝑁𝑑 𝑒𝑓
)

(10)

where 𝑎 and 𝑏 are the fitting parameters of the average Shiozawa
curve (50% percentile), while 𝜎log𝑁𝑑 𝑒𝑓 is the fitted standard deviation,
assumed constant for all levels of 𝛥𝐾. The fitting was performed by
employing the maximum likelihood method [40]. The fitted parameters
for the HCF specimens (Fig. 10(a)) are reported in Table 7 and were
obtained considering

√

area expressed in [m]. The standard deviation
in terms of 𝛥𝐾 (𝜎log𝛥𝐾 ) was also calculated as:

𝜎log𝛥𝐾 = −
𝜎log𝑁𝑑 𝑒𝑓

𝑎
(11)
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Table 7
Estimated parameters of Shiozawa curve for the investigated PBF-LB AlSi10Mg.
𝑎 𝑏 𝜎log𝑁𝑑 𝑒𝑓 𝜎log𝛥𝐾

−6.555 27.832 0.633 0.097

Table 8
Parameters of NASGRO equation for long crack threshold of this AlSi10Mg.
ource: From [36].
𝛥𝐾1 𝐶+

𝑡ℎ 𝐶−
𝑡ℎ 𝛼 𝜎𝑚𝑎𝑥∕𝜎0

[MPa
√

m] [−] [−] [−] [−]

1.0741 −0.5408 0.124 1.9 0.3

It is promising to see how the experimental results for WB and
L specimens lie close to the average Shiozawa curve of the HCF

pecimens.
Shiozawa law allowed to compute fatigue life for a given combina-

tion of load level 𝛥𝜎 and defect size
√

𝑎𝑟𝑒𝑎 by employing the following
equation:

𝑁𝑓 =
√

area ⋅ exp
[

𝑎 ⋅ log
(

𝑌 ⋅ 𝛥𝜎 ⋅
√

𝜋 ⋅
√

area
)

+ 𝑏
]

(12)

5.2. Fatigue limit model

The El-Haddad formulation of the Kitagawa–Takahashi diagram was
mployed to model the fatigue limit of the present AlSi10Mg alloy:

𝛥𝜎𝑤 = 𝛥𝜎𝑤,0 ⋅

√

√

√

√

√

area0
√

area +
√

area0
(13)

where the fatigue limit for the defect-free material 𝛥𝜎𝑤,0 = 315.8 MPa
(valid for 𝑅 ≤ −1) from [6] was considered, while the El-Haddad
arameter

√

area00 was computed as:

√

area0 =
1
𝜋
⋅
( 𝛥𝐾𝑡ℎ,𝐿𝐶

𝑌 ⋅ 𝛥𝜎𝑤,0

)2
(14)

The threshold SIF 𝛥𝐾𝑡ℎ,𝐿𝐶 was estimated with the NASGRO equation
for long crack threshold for load ratio 𝑅 ≤ 0 (Eq. (15)), employing the
fitted parameters from [36], reported in Table 8.

⎧

⎪

⎪

⎪

⎨

⎪

⎪

⎪

⎩

𝛥𝐾𝑡ℎ,𝐿𝐶 (𝑅) =
𝛥𝐾1

(1 − 𝐴0)
𝐶+
𝑡ℎ−𝑅⋅𝐶

−
𝑡ℎ

⋅
(

1 − 𝑅
1 − 𝐴0 − 𝐴1 ⋅ 𝑅

)1+𝑅⋅𝐶−
𝑡ℎ

𝐴0 =
(

0.825 − 0.34 ⋅ 𝛼 + 0.05 ⋅ 𝛼2) ⋅
(

cos
(

0.5 ⋅ 𝜋 ⋅
𝜎𝑚𝑎𝑥
𝜎0

))1∕𝛼

𝐴1 = (0.415 − 0.071 ⋅ 𝛼) ⋅ 𝜎𝑚𝑎𝑥
𝜎0

(15)

An effective load ratio 𝑅 ≈ −2 was considered for the HCF spec-
imens, which accounted for the residual stresses due to machining
operations [6]. The same effective load ratio was employed also for
he WB specimens, considering compressive residual stresses on the

surface due to sand-blasting. Moreover, the residual stress profiles of
andblasted HCF specimens were similar to the profile of machined HCF
pecimens [47]. On the other hand, the nominal load ratio 𝑅 = −1 was

considered for the calculation of the fatigue limit of the HL specimens,
due to the fact that the failures originated from the internal surfaces of
the hole, which was not subjected to sand-blasting.

5.3. Fatigue life predictions with EVS

For each geometry, defect sizes corresponding to percentiles 2.5%,
50% and 97.5% were used as input for the Shiozawa law to estimate
he average S-N curves and a 95% scatter in fatigue life. Analogously,
he same percentiles were employed for the El-Haddad model to obtain
10 
Table 9
Comparison between percentiles 𝑝2.5, 𝑝50, 𝑝97.5 of competing risk distribution and pores
LEVD, estimated on 𝑉𝑟𝑒𝑓 for HL, WB and HCF specimens.

Specimens Competing risk [μm] Pores [μm]

𝑝2.5 𝑝50 𝑝97.5 𝑝2.5 𝑝50 𝑝97.5
HL 62 78 113 62 78 108
WB 84 101 170 83 99 129
HCF 77 98 201 76 90 121

the average fatigue limit and its 95% scatter. For both formulations, the
hape factor 𝑌 was always assumed equal to 0.65, i.e. only surface de-
ects were considered. The percentiles estimated with the CR approach
re reported in Table 9 for the three series alongside the percentile

estimated employing only the pores distribution. The resulting S-N
urves using the CR approach and the pores’ distribution for HL, WB
nd HCF specimens are shown in Fig. 10(b,c,d), respectively. It is

interesting to see how the S-N curves predicted considering only the
pores distribution significantly overestimate the fatigue life of WB and
HCF specimens, in which pores’ clusters and LoFs were present. On the
other hand, predictions with the CR approach well describe the scatter
of the fatigue life observed experimentally for all the investigated
series.

Additional considerations on the estimated fatigue behaviour when
onsidering also the intrinsic scatter of the Shiozawa model are pro-
ided in Appendix.

6. Conclusions

This work investigated the transferability of anomaly data from
pecimens to components manufactured by PBF-LB in AlSi10Mg. When
ultiple types of anomalies are present in the material, it is possi-

le to employ Machine-Learning assisted Extreme Value Statistics to
btain individual distributions. Then, employing a Competing Risk
pproach, it is possible to evaluate the size effect of each distribution
nto the components’ relevant material volume, estimated with ded-
cated Finite Element Analyses. Combining Competing Risk estimates
ith simple defect-based models such as the Shiozawa law and the
l-Haddad formulation, the predicted fatigue properties of the inves-
igated component-like specimens were quite close to the experimental

results. The following conclusions can be drawn:

• Different material volumes may have significantly different
anomaly populations. This is particularly relevant for small ma-
terial volumes, typical of notched AM components, which lack
‘‘rare’’ anomalies but always contain gas entrapped porosity.

• The Competing Risk approach allows to account for the concur-
ring presence of different types of anomalies with a weakest link
model. Moreover, the different effect of the relevant volumes on
the anomaly distributions is properly described. For example, if
only the largest anomalies were considered (i.e. the LoFs) their
size tends to 0 for small volumes. In contrast, when a Competing
Risk approach is employed, the overall defect distribution would
always have a lower limit provided by the maximum pores, which
do not change significantly with the volume of the material,
because their dispersion (expressed by the 𝜎 parameter) is quite
small.

• The Shiozawa model allows to predict fatigue life in a simple
way, while accounting for the position and size of the defects.
In this work, the Shiozawa model fitted on HCF specimens’ data
was found to provide accurate estimates for the two component-
like geometries. When a Competing Risk approach is employed
to estimate the maxima anomalies’ size for the relevant material
volume, the effect of the different types of anomalies is also
correctly captured.
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Fig. 10. Shiozawa model for fatigue life considering only the scatter due to defects. (a) Shiozawa curve with the experimental data and the threshold SIF of the El-Haddad model.
(b) Experimental data and predicted SN curves for HL specimens. (c) Experimental data and predicted SN curves for WB specimens. (d) Experimental data and predicted SN curves
for HCF specimens from [6].
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Appendix. Uncertainty quantification for the Shiozawa model

Within a probabilistic framework, an important factor affecting the
predictions is the intrinsic scatter of the chosen model. The intrinsic
scatter can be accounted for with suitable statistics tools, such as Monte
Carlo (MC) simulations [48]. For the finite life fatigue model provided
by Shiozawa’s law, this translates to the derivation of the intrinsic
scatter from the fitted data (𝜎log𝛥𝐾 in Eq. (11)) and the estimate of
maxima anomalies distribution on the relevant material volume.

MC simulations were performed to derive SN curves for the in-
vestigated specimens considering only surface defects (i.e. 𝑌 = 0.65)
employing the following procedure:

1. extraction of the killer defect size
√

area from the maxima
anomalies distributions combined with the CR approach;

2. extraction of the applied SIF range 𝛥𝐾 from the intrinsic scatter
of the Shiozawa’s model, considering the stress level and the
killer defect size.

3. identification of the number of cycles to failure 𝑁𝑓 from Eq. (12)
for the extracted

√

area and 𝛥𝐾.
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Fig. A.1. Shiozawa model for fatigue life considering the scatter due to the fitting model and the defects. (a) Shiozawa curve with the experimental data and the threshold SIF of
the El-Haddad model, highlighting the scatter of the Shiozawa curve along the 𝛥𝐾 axis. (b) Experimental data and predicted SN curves for HL specimens. (c) Experimental data
and predicted SN curves for WB specimens. (d) Experimental data and predicted SN curves for HCF specimens from [6].
4. calculation of the percentiles 2.5%, 50% and 97.5% from the
distribution of 𝑁𝑓 obtained from all the simulations at the given
𝛥𝜎.

5. definition of the finite life SN curve for different stress level.
6. plot of the scatter bands for the endurance limit estimated with

the El-Haddad model using the same scatter identified for the
finite life.

The results of the MC simulations are reported in Fig. A.1. It is
possible to see how the scatter bands become significantly larger when
employing MC simulations, with respect to the scatter bands with only
the maxima anomalies distributions and this shows the importance of
proper modelling for the scatter of the chosen fatigue model when
employing probabilistic approaches.

Data availability

Data will be made available on request.
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