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 A B S T R A C T

Internal defects in laser powder bed fusion (PBF-LB/M) components are the primary drivers of fatigue failure, 
yet no systematic comparison of defect criticality models exists for ranking detected defects by severity. 
This work addresses two complementary research questions: (i) which defect is most critical? and (ii) what 
fatigue-life does the critical defect imply? For the first question, nine defect criticality ranking models, grouped 
into three geometry-based approaches (size ranking, Murakami √Area model, Tammas-Williams model) and 
six simulation-based approaches (stress–strain concentration factor, averaged strain energy density, relative 
stress gradient, Smith–Watson–Topper parameter, equivalent plastic strain, Theory of Critical Distances), are 
benchmarked on two series of PBF-LB/M TiAl6V4 specimens (93 fatigue-tested; 84 of these inspected by X-ray 
CT prior to testing; 73 fractographically analysed after testing). The simulation-based models are evaluated 
with both a linear-elastic and an elastic–plastic material model. A matching procedure links CT defect data 
to fractographically identified fracture origins (21 of 84 CT-inspected specimens matched). For the second 
question, three crack growth models (Hartman-Schijve, Murakami–Endo, and a novel hybrid formulation) 
are compared for fatigue-life prediction based on the identified critical defect. Results show that geometry-
based models achieve comparable ranking accuracy to computationally expensive simulation-based approaches, 
and that distinguishing between internal and surface crack growth environments is essential for accurate life 
prediction.
1. Introduction

Laser powder bed fusion of metals (PBF-LB/M) has matured from 
a prototyping technique to a viable production process for structural 
components in aerospace, medical and energy applications [1,2]. The 
layer-wise manufacturing principle enables geometries that are difficult 
or impossible to achieve with conventional subtractive or formative 
processes, but it also introduces process-inherent defects such as gas 
porosity, lack-of-fusion (LOF) voids and keyhole pores [3]. These de-
fects act as stress concentrators and are widely recognised as the 
primary driver limiting the fatigue performance of PBF-LB/M com-
ponents [4,5]. For safety-critical applications, regulatory frameworks 
increasingly demand a quantitative understanding of how individual 
defects affect structural integrity, shifting the design philosophy from 
a safe-life towards a damage-tolerant approach [5,6].

The fatigue strength of PBF-LB/M components is governed less by 
the bulk material properties than by the size, morphology, location 
and local stress state of the most critical defect in the loaded vol-
ume [3,7]. Surface roughness and residual stresses constitute additional 
influencing factors [8,9]; however, when the surface is machined and a 
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stress-relief heat treatment is applied, as is common practice for fatigue-
critical parts, internal defects remain as the dominant life-limiting 
feature [4,10]. The characterisation of the internal defect population 
is therefore a prerequisite for any defect-tolerant fatigue assessment.

Non-destructive testing (NDT) by X-ray computed tomography (X-
ray CT) provides three-dimensional information on the internal defect 
population of a part prior to service [11,12]. With volumetric defect 
data available, the natural question arises: which of the detected defects 
is most likely to initiate a fatigue crack? Answering this question requires 
a defect criticality model that ranks the detected defects according to 
their expected severity. Such models vary widely in complexity and in 
the type of input data they require: from simple geometric measures 
extracted directly from the X-ray CT output, through semi-analytical 
fracture mechanics estimates, to individual finite element simulations 
that resolve the full three-dimensional defect morphology.

Among the geometry-based approaches, the 
√

Area parameter in-
troduced by Muarakami [13] relates the projected defect area to an 
equivalent stress intensity factor and has become the most widely
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Nomenclature

𝜂̄ Mean logarithmic error (bias)
𝑅̄ Mean normalised rank
𝑊̄ Averaged strain energy density
𝜒∗ Relative stress gradient
𝛥𝐾 Stress intensity factor range
𝛥𝐾thr HS fitting threshold
𝛥𝐾𝑡 Stress concentration factor
𝛥𝐾𝑡ℎ Threshold stress intensity factor range
𝛥𝜎 Applied stress range
𝛥𝜎0 Fatigue strength range
𝜂𝑖 Logarithmic life ratio
𝐝 Defect parameter set
1(⋅) Indicator function
d𝑎∕d𝑁 Crack growth rate
𝜈 Poisson’s ratio
𝜌 Relative mean density
𝜎1 First principal stress
𝜎∞ Nominal stress
𝜎net Net-section stress
𝜎supported Support-effect corrected stress
𝜎UTS Ultimate tensile strength
𝜎𝑤 Crack-size-dependent fatigue limit
𝜎𝑦 Yield strength
𝜎max Maximum principal stress
𝜎𝑇𝐶𝐷 TCD ranking parameter
√

Areaeff Effective Murakami parameter
√

Area Murakami parameter, square root of the 
defect area normal to the maximum stress

𝜀∞ Nominal strain
𝜀pl,eq Equivalent plastic strain
𝜀max Maximum principal strain
𝑎 Crack size (in terms of 

√

Area)
𝑎∗ Material-dependent support factor
𝑎0 Initial crack size
𝐴crack Crack area
𝐴HS Cyclic fracture toughness
𝐴total Specimen cross section area
𝑎𝑐 Critical crack length at failure
𝐶∗, 𝑚∗, 𝑛∗ ME crack growth coefficient, stress expo-

nent, crack size exponent
𝐷, 𝑝 HS crack growth coefficient, exponent
𝐸 Young’s modulus
𝐻 Hit rate
𝐻𝑉 Vickers hardness
𝐾 Stress intensity factor
𝐾max Maximum stress intensity factor
𝑘𝑔 Stress–strain concentration factor
𝑘𝜎 Stress factor
𝑘𝜀 Strain factor
𝐾𝐼𝑐 Static fracture toughness
𝐿 Critical distance (TCD)
𝑙𝑛 Distance from defect to surface
𝑙𝑛,thr Ligament threshold for surface/internal 

classification
𝑁𝑓 Number of cycles to failure
𝑛𝑖 Number of defects in specimen 𝑖
𝑁𝑚 Number of matched specimens per series
2 
𝑁air Crack growth cycles in air
𝑁int Internal crack growth cycles in 

self-contained environment
𝑁𝑓,exp Total experimental life
𝑁𝑓,pred Total predicted life
𝑃SWT SWT fatigue indicator parameter
𝑅 Stress ratio
𝑅𝑐 SED control radius
𝑟𝑖 Rank assigned to the fracture-initiating 

defect
𝑅𝑎 Arithmetic mean roughness
𝑉𝑐 Control volume (SED)
𝑉𝑃 Volume of all detected defects
𝑉𝑆 X-ray CT scanned volume
𝑊 (𝐱) Local strain energy density
𝑌 Geometry factor
AM Additive Manufacturing
AUC Area Under the ROC Curve
CoV Coefficient of Variation
EP Elastic–plastic
FE Finite element
HS Hartman-Schijve
HSV Highly stressed volume
LE Linear-elastic
LOF Lack-of-fusion
ME Murakami–Endo
NDT Non-destructive testing
PBF-EB/M Powder Bed Fusion - Electron Beam/Melt-

ing
PBF-LB/M Powder Bed Fusion - Laser Beam/Melting
RMSElog Root-mean-square error of logarithmic life 

ratio
SED Strain Energy Density
SWT Smith–Watson–Topper
TCD Theory of Critical Distances
X-ray CT X-ray computed tomography

adopted metric for small defects and inclusions. Its application to addi-
tively manufactured materials has been demonstrated for TiAl6V4 [7] 
and AlSi10Mg [14], often in combination with extreme-value statis-
tics to predict the largest expected defect in a given volume [15,
16]. Tammas-Williams et al. [17] extended the 

√

Area concept by 
incorporating stress concentration factors derived from a-priori finite 
element simulations of idealised spherical defects, thereby accounting 
for surface proximity, defect interaction and aspect ratio effects. While 
this approach captures first-order geometric interactions, it retains the 
idealisation of defects to spherical or ellipsoidal shapes, which may 
not adequately represent the tortuous LOF morphologies typical of 
PBF-LB/M processes [18].

The limitations of geometric idealisations have motivated a grow-
ing body of work on simulation-based defect assessment, as reviewed 
by Torries et al. [19] and Awd et al. [20]. These approaches range 
from macroscopic continuum finite element (FE) models to crystal-
plasticity frameworks that resolve the microstructure around individual 
defects. At the continuum level, classical elastic or elastic–plastic (EP) 
FE analyses can quantify stress and strain concentrations at realis-
tic, X-ray CT-derived defect geometries without idealising the defect 
shape. The choice of constitutive model has a direct influence on 
the predicted local fields: linear-elastic (LE) models tend to overesti-
mate peak stresses at sharp notch roots, while EP formulations with 
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isotropic, kinematic or combined hardening capture stress redistribu-
tion through local yielding [21]. At a finer scale, crystal-plasticity 
finite element models have been used to study fatigue crack nucle-
ation around pores in AlSi10Mg [22] and the combined effect of 
microstructure and defect morphology on fatigue damage accumula-
tion in dual-phase TiAl6V4 [23]. Mikkola et al. [24] demonstrated 
mesoscale modelling of crack nucleation from defects in steel, linking 
microstructural shear stress and plastic strain to critical configurations 
even near the endurance limit. While crystal-plasticity finite element 
models offer the highest physical fidelity, their computational cost 
currently limits their application to small numbers of defects or rep-
resentative volume elements rather than to the ranking of entire defect 
populations comprising hundreds of pores. For population-level rank-
ing, continuum-scale FE sub-models therefore remain the most practical 
approach.

Within the continuum FE framework, several defect criticality rank-
ing strategies have been proposed. Li et al. [25] and Gao et al. [26] 
introduced a ranking based on a combined stress–strain concentra-
tion factor 𝑘𝑔 extracted from individual defect simulations, originally 
applied to cast aluminium alloys. This methodology was adopted 
by Tammas-Williams et al. [17] for PBF-EB/M (Powder Bed Fusion 
- Electron Beam/Melting) TiAl6V4, by Afroz et al. [27] for PBF-
LB/M AlSi10Mg with a LE material model, and by Li et al. [28] 
for PBF-LB/M TiAl6V4 with nonlinear isotropic-kinematic hardening. 
Beyond the 𝑘𝑔 factor, other fatigue-relevant metrics can be extracted 
from the same FE sub-model results, including the averaged strain 
energy density [29,30], relative stress gradients [31], and the Smith–
Watson–Topper (SWT) fatigue indicator parameter [32]. However, 
these alternative metrics have not been systematically compared as de-
fect criticality ranking criteria. An alternative framework is provided by 
the Theory of Critical Distances (TCD), which treats defects as notches 
with finite tip radii rather than idealised cracks [33–35]. The TCD has 
been applied to notched metallic components and, more recently, to 
additively manufactured surfaces by Barricelli et al. [36] and to CT-
detected internal defects by Gillham et al. [37]. However, its systematic 
use for ranking entire defect populations within a part has not yet been 
demonstrated. Furthermore, data-driven approaches combining defect 
features with machine-learning models have shown promise for fatigue-
life prediction [20,38], yet they require large training datasets and do 
not directly provide a physically interpretable defect criticality ranking.

Despite the growing number of individual studies, a systematic com-
parison of defect criticality models, spanning from simple geometric 
metrics to full FE-based approaches, on the same defect population and 
validated against experimentally identified fracture origins is lacking. 
Previous benchmarks, such as the work of Tammas-Williams et al. [17] 
on PBF-EB/M TiAl6V4, were limited to a small number of models, 
a single specimen geometry, and did not investigate the influence of 
the constitutive model used in the FE simulations. The latter aspect 
is particularly relevant, as the choice between LE, EP and cyclic-
plasticity formulations affects both the magnitude and distribution of 
the predicted stress concentrations [19,20]. Furthermore, the role of the 
specimen geometry, specifically the highly stressed volume (HSV), on 
the predictive capability of the models has not been addressed. A mean-
ingful benchmark requires (i) a well-characterised and representative 
defect population obtained by X-ray CT, (ii) fatigue tests to failure, and 
(iii) a reliable matching between the fracture-initiating defect identified 
on the fracture surface and the corresponding defect in the CT data. 
This matching is non-trivial and depends on the X-ray CT resolution 
relative to the defect size [12,39].

This work addresses two complementary aspects of defect-tolerant 
fatigue assessment for PBF-LB/M components. The first part bench-
marks nine defect criticality models on two series of PBF-LB/M TiAl6V4 
fatigue specimens that differ in gauge section volume and, conse-
quently, in the competition of defect-controlled failure. All specimens 
are inspected by X-ray CT before testing, and a matching procedure 
links the CT defect data to the fracture surfaces after testing. The defect 
3 
criticality models are grouped into two categories: three geometry-
based models (defect size ranking, Murakami 

√

Area model [13], and 
Tammas-Williams model [17]) and six simulation-based models (𝑘𝑔
factor following Li et al. [25], averaged strain energy density, relative 
stress gradient, SWT parameter, maximum equivalent plastic strain, 
and TCD [33,35]). For the simulation-based models, a semi-automated 
workflow is developed that isolates, meshes and simulates each defect 
from the CT reconstruction as a finite element sub-model, from which 
multiple ranking metrics are extracted. Two material model variants, 
LE and EP, are investigated to quantify the influence of the constitutive 
model on the ranking outcome.

The second part addresses the subsequent research question: given 
the identified critical defect, what fatigue-life does it imply? Three 
crack propagation models of increasing complexity are compared: 
(i) the Hartman-Schijve (HS) equation with dual-environment parame-
ters (surface-in-air vs. internal) [40,41], (ii) the parameter-free
Murakami–Endo (ME) scS-N model [42,43], and (iii) a novel hybrid for-
mulation that combines the Murakami-derived, crack-size-dependent 
threshold with the HS framework and its environmental sensitivity. 
A key hypothesis tested is that the distinction between surface crack 
growth in air and internal crack growth in self-contained environment 
conditions is essential for accurate fatigue-life prediction of PBF-LB/M 
components.

The remainder of this paper is structured as follows. Section 2 
describes specimen manufacturing, X-ray CT inspection, fatigue test-
ing and defect matching, followed by the defect criticality models 
(Part A) and the crack growth models (Part B). Section 3 presents 
the ranking benchmark results and the fatigue-life predictions. Sec-
tion 4 summarises the findings and discusses implications for practical 
defect-tolerant design of PBF-LB/M components.

2. Methodology

The overall methodology of this work is structured in two main 
parts, preceded by a common experimental basis. The experimental 
basis comprises manufacturing, X-ray CT inspection, fatigue testing, 
and defect matching (Sections 2.1–2.4).

2.1. Manufacturing

To assess the influence of fatigue specimen shapes on fatigue results, 
two different series of TiAl6V4 (Grade 5) fatigue test samples are manu-
factured with a PBF-LB/M process. To reflect the current possibilities of 
industrial additive manufacturing (AM), the samples are manufactured 
by an industrial supplier on a TruPrint 5000 (TRUMPF, Ditzingen, 
Germany) machine. Due to external manufacturing, the process pa-
rameters and powder properties cannot be disclosed. The production 
parameters are designed to produce high-quality, dense parts. A subset 
of the first build job specimens are manufactured horizontally, the 
following results focus exclusively on the vertical specimens. In the 
second series, all samples are manufactured vertically. All samples are 
manufactured as cylindrical blanks and machined down for fatigue 
testing. This is done to ensure that the surface finish meets the standard 
requirement of 𝑅𝑎 < 0.8 μm [44] and to completely remove subsurface 
porosity, both of which are shown to be detrimental to fatigue-life [4,
45]. Since machining removes the as-built surface and any subsurface 
porosity, all CT-detected defects lie within the bulk material. Defects 
that intersect the final machined surface are nevertheless classified 
as surface-connected in the fractographic analysis (Section 2.4). The 
estimated fatigue-life properties therefore reflect the hatch-region de-
fect population of the manufacturing process. The manufacturing of 
cylindrical blanks ensures a constant interlayer time for the relevant 
areas. The build platform is exclusively used to manufacture these 
blanks, no other parts are added to the platform. Thermal variations 
due to changes in the scan area per layer are minimised. Even though 
the fatigue specimens from both series are manufactured in different 
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build jobs, a comparison is considered valid because the production 
parameters are left unchanged. Since the production parameters target 
high-quality, dense parts with standard industrial settings, the resulting 
defect population is considered representative of current PBF-LB/M 
practice, ensuring that the subsequent criticality metrics are not biased 
towards a specific defect type or morphology.

After manufacturing, the samples are stress-relieved below 𝛽-transus 
at 710 ◦C for 130min under vacuum, transforming the initial martensitic 
𝛼′ structure into a mixture of 𝛼 and 𝛽 phases within prior-𝛽 grains [46]. 
The resulting microstructure is consistent with literature reports [46–
48] and is documented in Supplementary Material S1.

The shape and size of the specimens are varied between both testing 
series. To avoid confusion, in the following sections the first series 
will be referred to as ‘small’ and the second series will be named 
‘large’. The series ‘small’ is manufactured according to DIN EN 6072 
FCE A12.5 [44]. This specimen geometry creates a concentrated HSV, 
allowing a fatigue property assessment with a reduced impact of in-
ternal defects. The HSV is defined as the volume in which the local 
maximum principal stress 𝜎1(𝑥) is equal to or larger than 90% of the 
nominal stress 𝜎∞. The specimen geometry ‘large’ is chosen to increase 
the effect of defects on the fatigue-life, by increasing the volume and 
HSV, which in turn increases the competition between defects. Series 
‘large’ consists of a cylindrical gauge section with blended radii at 
both ends for a constant HSV which is approximately 13 times larger. 
The two series serve complementary purposes: the ‘small’ geometry 
concentrates a small highly stressed volume (HSV) to characterise the 
baseline fatigue strength with minimal defect competition, whereas 
the ‘large’ geometry deliberately increases the HSV (≈13×) to promote 
defect-controlled failure and thus enable the CT-to-fracture matching 
required for the ranking benchmark.

The specimen geometries of both series and their respective HSV are 
shown in Fig.  1. Series ‘small’ follows DIN EN 6072 FCE A12.5 [44] 
(gauge length 18mm, minimal gauge diameter 3.99mm, transition ra-
dius 28mm); series ‘large’ has a gauge length of 43mm, a gauge di-
ameter of 6mm and a compound transition radius (R25.15 + R50 + 
R300). A total of 50 specimens were tested in series ‘small’ and 43 in 
series ‘large’, of which 41 and 43, respectively, were inspected by X-
ray CT prior to testing (see Table  5 for an overview of all subsequent 
subsets).

2.2. X-ray computed tomography

After machining to the final geometry, all parts undergo non-
destructive testing via X-ray CT. Series ‘small’ is scanned in full, 
including the threaded ends, which limits the achievable voxel size to 
25.6 μm; for series ‘large’ only the gauge section is scanned, permitting 
14 μm. The CT acquisition parameters are kept identical for both series 
(Table  1). At 25.6 μm, defects near the detection limit cannot be reliably 
detected or accurately reconstructed, which is the primary reason 
for the lower matching rate in series ‘small’ (Section 2.4). To avoid 
confounding this resolution effect, the ranking metrics are evaluated
within each series and are not pooled across resolutions. The resulting 
defect populations are characterised in Section 3.2.

Fig.  2 shows two representative CT-reconstructed defects spanning 
the observed size range: a smaller defect from series ‘small’ (√Areaeff =
51.39 μm) and a larger defect from series ‘large’ (√Areaeff = 206.46 μm), 
each shown before and after the smoothing step. Defects represented by 
only a small number of voxels are more susceptible to voxel-induced 
staircase artefacts that reduce the morphological accuracy of the re-
constructed surface. For larger defects, these artefacts are present but 
do not significantly alter the reconstructed defect shape. The rescaling 
and smoothing workflow described in Section 2.7.2 and in more detail 
in [39] reduces these artefacts and improves the geometric accuracy of 
the defect surface for FE sub-modelling.
4 
Fig. 1. Specimen geometries from both testing series. The red areas mark the 
highly stressed volume, where the maximum principal stress 𝜎1(𝑧) is at least 
90% of the nominal stress 𝜎∞. The origin is set at the centre of symmetry, with 
𝑧 aligned to the build direction per DIN EN ISO 17295 [49].

Table 1
X-ray CT acquisition parameters (identical for both series).
 Parameter Acc. voltage Current Exposure Projections Integrations 
 Value 260 kV 100 μA 300ms 1001 4  

2.3. Fatigue testing

Fatigue testing is performed at MPA Stuttgart on a Testronic 50 kN 
(Rumul, Switzerland) resonance test machine in accordance with
DIN 50100 [50] at room temperature under axial tension-compression 
loading in force-controlled mode with a stress ratio of 𝑅 = −1 at a test 
frequency of 70Hz to 90Hz. The applied waveform is sinusoidal. The 
runout criterion is set to 𝑁 = 3 × 106 cycles.

The two specimen series serve different experimental purposes. 
Series ‘small’ is used to establish the baseline fatigue behaviour of the 
machined and stress-relieved PBF-LB/M TiAl6V4 material with reduced 
defect competition due to the smaller HSV. Series ‘large’ is then tested 
at stress levels selected relative to this baseline in order to promote 
defect-controlled failures in a larger HSV and thereby increase the 
probability of CT/fractography matching.

For series ‘small’, two complementary fatigue test procedures are 
used. First, 26 specimens are tested at multiple stress amplitudes using 
a pearl-string approach to establish the finite-life P-S-N behaviour. 
Second, 24 specimens are tested by the staircase method to determine 
the fatigue strength at 3 × 106 cycles. Of these staircase specimens, 12
runout specimens are subsequently retested to failure or until 1 × 107

cycles. Of these retested specimens, 2 remain runouts at 1 × 107 cycles, 
while the remaining 10 fail before reaching this limit. The retests are 
shown in Fig.  4 but are not included in the fatigue-strength evaluation. 
Consecutive staircase stress levels differ by a factor of 1.059.

For series ‘large’, two stress amplitudes are selected relative to this 
reference fatigue strength: one below, 𝜎𝑎 = 530MPa, and one above, 
𝜎 = 600MPa. In total, 34 specimens are tested at 530MPa and 9
𝑎
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Fig. 2. Representative CT-reconstructed defects before and after the smoothing and rescaling step applied prior to FE sub-modelling. (a) Raw voxel-based 
reconstruction, series ‘small’ (√Areaeff = 51.39 μm); (b) same defect after smoothing and rescaling; (c) Raw reconstruction, series ‘large’ (√Areaeff = 206.46 μm); 
(d) same defect after smoothing and rescaling. Voxel-induced staircase artefacts visible in (a) and (c) are substantially reduced by the smoothing procedure.
specimens at 600MPa. This test design is chosen to probe whether the 
larger HSV shifts failure towards defect-dominated behaviour even at 
a nominal stress amplitude below the fatigue strength derived from 
series ‘small’.

In total, 93 specimens are fatigue-tested in the present study: 50 in 
series ‘small’ and 43 in series ‘large’. The resulting fatigue data and the 
corresponding P-S-N representation are presented in Section 3.1. The 
complete specimen-level dataset, including stress amplitudes, cycles 
to failure, fractographic measurements (

√

Area, 𝑙𝑛), CT-derived defect 
data, and the classification of each specimen for the crack growth 
models, is provided in Supplementary Material S5.

2.4. Defect matching

After fatigue testing, the fracture surfaces are analysed by digital 
optical microscopy (VHX5000, Keyence, Japan). Optical microscopy 
is selected because it provides a sufficiently large field of view to 
document the complete fracture origin region and both fracture halves 
efficiently, while still allowing geometric measurement of the initiating 
defect. Higher-resolution SEM imaging is not required for the present 
purpose, since the matching procedure is based primarily on defect 
position, projected defect geometry, and ligament distance rather than 
on sub-micrometre fractographic features.

For each specimen, the fracture-initiating defect is identified on the 
fracture surface. From the optical micrographs, the projected defect 
area and the nearest distance to the specimen free surface (𝑙𝑛) are mea-
sured using ImageJ [51]. The reported values of 

√

Area and 𝑙𝑛 represent 
the mean of four manual measurements obtained from two viewing 
angles and from both fracture halves. The corresponding minimum 
and maximum values are used in the sensitivity study (Section 3.5.3). 
The fracture origin is further classified as surface-connected or internal 
based on its ligament to the free surface.

To assess the ranking accuracy of the defect criticality models, the 
fracture-initiating defect identified by fractography is matched to the 
pre-test X-ray CT defect population. For this purpose, the fracture image 
and the segmented CT defects are imported into a CAD environment. 
The fracture surface image is aligned with the specimen coordinate 
system, scaled to the specimen diameter, and translated along the 
specimen axis to the experimentally documented fracture location. 
Candidate CT defects are then evaluated based on their axial position, 
radial distance from the specimen axis, projected shape, and relative 
position with respect to the specimen surface. A match is accepted 
only when these criteria are jointly consistent. Fig.  3 illustrates the 
procedure for a representative specimen from series ‘large’: the full 
CT-detected defect population (a) and the optical fracture surface mi-
crograph (b) are aligned in the CAD environment, and the confirmed 
5 
match between the CT defect and the fractographic fracture origin is 
shown in (c).

For the comparison between fractography and CT, the CT defect size 
is defined by the projected area of the segmented three-dimensional de-
fect normal to the loading direction, expressed as the Murakami param-
eter 

√

Area. This definition ensures consistency with the fractographic 
measurement, which is likewise based on the projected initiation area 
on the fracture surface. A perfect quantitative agreement between 
both measurements is not expected, since they rely on fundamen-
tally different measurement principles: CT-based segmentation involves 
greyscale thresholding and is subject to partial-volume effects, whereas 
fractographic measurement is a direct projection of the fracture sur-
face. Systematic deviations between CT-based and microscopy-based 
defect size measurements are well documented in the literature and are 
attributed to CT scan parameters, segmentation threshold choice and 
partial-volume effects at the defect boundary [12,39]. A quantitative 
comparison of CT-derived and fractographically measured defect sizes 
for the 21 matched specimens is presented in Section 3.2 (Fig.  6).

Of the 93 fatigue tested specimens, 84 specimens were available 
for the matching procedure. The remaining 9 specimens (all from 
series ‘small’) were not inspected by X-ray CT prior to fatigue testing 
and therefore could not contribute to the matching procedure. The 
matching rate itself is considered an experimental result rather than 
only a methodological limitation. In series ‘small’, only 5 of 41 speci-
mens could be matched, whereas in series ‘large’ 16 of 43 specimens are 
matched successfully. This difference reflects not only the finer voxel 
size in series ‘large’, but also the larger HSV, which shifts the fracture-
initiating defects towards larger and therefore more reliably detectable 
defects. The present dataset therefore highlights the practical difficulty 
of closing the chain from non-destructive inspection to fracture-origin 
validation, especially when the expected critical defects are close to the 
CT detection limit. A more detailed discussion of the limiting factors for 
successful matching is provided in Supplementary Material S2.

2.5. Evaluation metrics

The performance of the models is assessed separately for the two 
parts of this study.

2.5.1. Part A: Ranking accuracy
The purpose of the ranking analysis is to evaluate how well each 

defect criticality model identifies the defect that actually initiated fa-
tigue failure. For each matched specimen, the experimentally observed 
fracture-initiating defect is known from fractography and is located 
within the pre-test CT defect population by the matching procedure 
described in Section 2.4. Each defect criticality model is then applied 
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Fig. 3. Representative example of the CT-to-fractography matching procedure (series ‘large’). (a) X-ray CT reconstruction showing all segmented defects detected 
in the gauge section of the specimen. (b) Optical micrograph of the fracture surface after fatigue testing; the fracture-initiating defect is visible at the centre of 
the fracture pattern. (c) Matched configuration: the CT-detected defect is aligned with the fracture origin identified in (b). Agreement in axial position, radial 
distance from the specimen axis, projected defect shape and surface-proximity confirms a successful match.
to all CT-detected defects of that specimen and assigns an ordered list 
from the most critical to the least critical defect.

Let 𝑟𝑖 denote the rank assigned by a given model to the experimen-
tally identified fracture-initiating defect in specimen 𝑖. A value of 𝑟𝑖 = 1
means that the model correctly assigns the highest criticality to the 
actual fracture origin. If 𝑟𝑖 > 1, the model predicts one or more other 
defects to be more critical than the true fracture initiator. The larger the 
value of 𝑟𝑖, the larger the ranking error. Since the number of detected 
defects varies between specimens, the rank must be interpreted relative 
to the defect population of the respective specimen.

To compare the models, two complementary ranking metrics are 
used in this work.
Hit rate. The hit rate 𝐻 measures how often a model correctly places 
the fracture-initiating defect at rank 1: 

𝐻 = 1
𝑁𝑚

𝑁𝑚
∑

𝑖=1
1(𝑟𝑖 = 1) , (1)

where 𝑁𝑚 is the number of matched specimens and 1(⋅) is the indicator 
function. A value of 𝐻 = 1 indicates perfect ranking, i.e. the model 
identifies the correct fracture origin in every matched specimen. The hit 
rate is therefore the most direct measure of practical ranking success.
Mean normalised rank. The hit rate alone does not distinguish between 
a near miss and a severe mis-ranking. To capture how far the true 
fracture origin lies from the top of the predicted ranking when it is 
not ranked first, the mean normalised rank 𝑅̄ is additionally computed 
as 

𝑅̄ = 1
𝑁𝑚

𝑁𝑚
∑

𝑖=1
𝑅𝑖 , 𝑅𝑖 =

⎧

⎪

⎨

⎪

⎩

𝑟𝑖 − 1
𝑛𝑖 − 1

, 𝑛𝑖 > 1

0 , 𝑛𝑖 = 1 .
(2)

where 𝑛𝑖 is the total number of defects in specimen 𝑖. This normalisation 
maps the rank to the interval [0, 1], allowing comparison between 
specimens with different defect counts. A value of 𝑅̄ = 0 corresponds 
to perfect ranking in all specimens, whereas 𝑅̄ = 1 corresponds to the 
worst possible ranking in all specimens.

Together, the two metrics provide complementary information: the 
hit rate quantifies how often a model identifies the correct defect 
directly. The mean normalised rank quantifies the severity of the 
ranking error when the critical defect is not correctly identified. While 
both metrics build on established rank-based measures, they are here 
specialised to the present benchmark to compare models consistently 
across specimens with different defect populations. Specifically, the hit 
rate corresponds to the rank-1 accuracy commonly used in information 
retrieval and recognition tasks [52–54], while the mean normalised 
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rank is adapted from normalised rank measures used in retrieval eval-
uation [55,56]. Because the ranking benchmark is based on only 21
matched specimens, small differences between models should be inter-
preted cautiously; the metrics are therefore used primarily to identify 
robust performance trends rather than to claim strict superiority based 
on marginal differences.

For the present benchmark, the hit rate and mean normalised rank 
are evaluated separately for each series on the respective matched 
subset, comprising 𝑁𝑚 = 5 specimens for series ‘small’ and 𝑁𝑚 = 16
specimens for series ‘large’ (21 in total, see Table  5).

2.5.2. Part B: Fatigue-life prediction accuracy
For the fatigue-life predictions, the logarithmic life ratio is used as 

the primary accuracy measure: 

𝜂𝑖 = log10

(𝑁𝑓,pred,𝑖

𝑁𝑓,exp,𝑖

)

. (3)

A value of 𝜂𝑖 = 0 indicates perfect prediction. The overall model 
accuracy is characterised by:

• The mean logarithmic error (bias): 𝜂̄ = 1
𝑛
∑

𝑖 𝜂𝑖. A positive value 
indicates systematic overprediction.

• The root-mean-square logarithmic error: RMSElog =
√

1
𝑛
∑

𝑖 𝜂
2
𝑖 .

• The percentage of predictions within factor-𝑘 scatter bands
(𝑘 = 3, 6), i.e. |𝜂𝑖| ≤ log10(𝑘).

Predictions within a scatter band of factor 3 are commonly considered 
acceptable for fatigue-life models [18]. The results are presented in 
predicted-vs-experimental life diagrams with scatter bands.

2.6. Material properties

Table  2 summarises the material parameters used in this study. 
The TCD parameters 𝛥𝐾𝑡ℎ and 𝛥𝜎0 are taken from the engineering 
estimation of Rigon and Meneghetti [57] and the Murakami hardness-
fatigue strength correlation [13]. The lower part of the table lists 
derived characteristic quantities that are not independent material 
properties but follow directly from the primary parameters. These 
quantities define the length scales and thresholds used in the individual 
ranking and life prediction models.

The elastic constants 𝐸 and 𝜈 are well-established for stress-relieved 
PBF-LB/M TiAl6V4 and show only minor process-to-process varia-
tion [28]. The yield strength 𝜎𝑦 is taken from a directly comparable 
PBF-LB/M process variant [28]; its influence on the defect ranking 
is evaluated implicitly through the comparison of LE and EP model 
variants in Section 2.7. A separate calibration of FE material parameters 
to the present material is not pursued.



S. Mansky et al. Theoretical and Applied Fracture Mechanics 147 (2026) 105875 
Table 2
Material properties for TiAl6V4 (PBF-LB/M, stress relieved) and derived characteristic quantities.
 Parameter Symbol Value Unit Source  
Primary material properties

 Young’s modulus 𝐸1 103.7 GPa [28]  
 𝐸2 , 𝐸3 95.238 GPa [28]  
 Poisson’s ratio 𝜈12 , 𝜈13 , 𝜈23 0.342 – [28]  
 Shear modulus 𝐺12 , 𝐺13 35.966 GPa [28]  
 𝐺23 39.161 GPa [28]  
 Yield strength 𝜎𝑦 1018 MPa [28]  
 Ultimate tensile strength 𝜎UTS 1165 MPa [58,59]  
 Hardness 𝐻𝑉 380 kgf∕mm2 [59]  
 Static fracture toughness 𝐾𝐼𝑐 49 MPa

√

m [60]  
 Threshold stress intensity factor rangea 𝛥𝐾𝑡ℎ 6.363 MPa

√

m [57]  
 Fatigue strength rangeb 𝛥𝜎0 1216 MPa [13]  
Derived characteristic quantities

 Critical distance (TCD) 𝐿 8.72 μm Eq. (22) 
 SED control radius 𝑅𝑐 6.62 μm Eq. (12) 
 Support length 𝑎∗ 0.07 mm Eq. (16) 
 ASTM threshold (air) 𝛥𝐾𝑡ℎ,ASTM 2.63 MPa

√

m Eq. (33) 
Notes: 𝐿 and 𝑅𝑐 are computed from 𝛥𝐾𝑡ℎ, 𝛥𝜎0, and 𝜈. The ASTM threshold is the long-crack threshold at d𝑎∕d𝑁 = 10−10 m/cycle implied by 
the HS surface-in-air parameters (Eq. (33)). The ME fatigue limit 𝜎𝑤 (Eq. (29)) depends on the current crack size 𝑎 and is therefore not listed 
as a single value.
a Estimated from the engineering correlation of Rigon and Meneghetti [57] for PBF-LB/M TiAl6V4 (stress relieved). Not directly measured 
on the present material; value corresponds to 𝑅 = −1.
b Derived from the Murakami hardness-fatigue strength correlation [13]: 𝛥𝜎0 = 2×1.6𝐻𝑉 , representing the intrinsic defect-free fatigue strength 
range.
2.7. Defect criticality models

Defect criticality models estimate the effect of defects on the fatigue-
life and try to generate a ranking of the detected defects inside of a 
part. These models vary in complexity and input data requirements. 
Tammas-Williams et al. [17] compared four different models, includ-
ing their own model on defect data from PBF-EB/M. In this paper, 
nine defect criticality models, including the four models of Tammas-
Williams et al. [17], are benchmarked and the results are compared. 
The benchmark also considers data sources, as well as computational 
cost.

2.7.1. Geometry-based criticality models
The following three models assess defect criticality based on ge-

ometric features extracted directly from the X-ray CT data. They do 
not require individual finite element simulations of each defect and 
are therefore computationally inexpensive. The models differ in the 
number of geometric and material parameters considered, ranging from 
a simple size ranking to semi-analytical stress concentration estimates.
Defect size ranking. One of the simplest metrics to rank the defects is 
the defect size. The size of all detected defects can be gathered directly 
from the NDT data, with the option for size ranking already built into 
CT software. In this model, the defect size, either by volume or surface 
area, governs the defect criticality. The largest defect is deemed to be 
the fracture critical defect. The ranking is defined in the following way. 
For a part with 𝑛 defects 𝐝 = 𝑑1, 𝑑2,… , 𝑑𝑛 the critical defect is the 
defect with the largest projected area perpendicular to the principal 
stress direction. To establish comparability with subsequent models, the 
square root of this value, defined as 

√

Area is considered: 
𝑑crit = max

√

Area . (4)

This model may be inaccurate in a non-uniform stress field. Larger 
defects at locations with a low stress can reduce the accuracy of the 
model since the stress is not considered in this model. A potential 
solution lies in the definition of thresholds, where a defect might 
become critical. This leads to the definition of HSVs, in which the stress 
is close to the maximum stress. Common thresholds for the HSV are 
80% to 90% of the maximum nominal stress. The resulting volumes 
are likely locations for fracture critical defects. However, the arbitrary 
definition of these volumes can cause issues with rare, large defects 
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that can be fracture critical at significantly lower stresses. The HSV 
approach was not used in the benchmark; defect size was the only 
metric in this specific model. While the applied stress is not part of 
the ranking, it is necessary to determine the stress field to determine 
the normal direction for the area calculation.
Murakami model. The Murakami model [13] can be seen as an expan-
sion of the defect size model. It uses the square root of the defect area 
perpendicular to the load direction as a criticality estimator. Larger 
areas are deemed more harmful and more likely to initiate a fatigue 
fracture. The model also includes the local stress 𝜎 in the ranking. The 
approach of Murakami et al. calculates a stress intensity factor 𝐾 based 
on the square root of the maximum defect area normal to the stress 
direction 

√

Area, the local stress 𝜎 and a factor based on the proximity 
to the surface 𝑌 . The critical defect is then described as the defect with 
the maximum stress intensity factor:

𝐾 = 𝑌 𝜎
√

𝜋
√

Area, (5)

𝑑crit = max𝐾1, 𝐾2,… , 𝐾𝑛, (6)

for 𝑛 defects in a part. Multiple expansions of the original Murakami 
model were developed to account for stress increasing factors like sur-
face proximity or defect interaction due to clustering. The square root 
of the defect area normal to the maximum stress 

√

Area is increased 
once the defect distance to other defects or the surface falls below a 
size specific threshold. A detailed explanation of the different cases and 
their effect on 

√

Area can be found in Masuo et al. [7]. The expanded 
model uses the term √Areaeff  to indicate the usage of the effective area, 
which may be larger than the area of the initial defect. The Murakami 
model can be used in combination with a Hardness correlation and a 
local stress field to estimate the fatigue strength of a part with defects 
based on empirical data. This allows the definition of fatigue strength 
based on defect sizes, similar to other fracture mechanical models 
developed for cracks, like the El-Haddad–Smith–Topper [61] model.
Tammas-Williams model. The Tammas-Williams model [17] uses a pri-
ori finite element simulations on idealised, spherical defects. The sim-
ulations are used to model the effects of surface proximity, defect 
interaction and pore aspect ratio on the tensile stress as a ratio of 
the nominal stress 𝜎∞. In combination with the 

√

Area parameter, a 
relative tensile stress concentration factor 𝛥𝐾𝑡 is calculated, which can 
be used to rank the defects in a part. The stress concentration factors of 
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a defect are calculated by comparison of the defect parameters with the 
previous simulations. The product of all stress concentration factors, 
the local nominal stress 𝜎∞ and the square root area 

√

Area equals 
the relative stress concentration factor used for the ranking, as shown 
below:

𝛥𝐾𝑡 = 𝜎∞ 𝐾𝑡(surface)𝐾𝑡(aspect ratio)𝐾𝑡(proximity)
√

√

Area, (7)

𝑑crit = max𝛥𝐾𝑡1 , 𝛥𝐾𝑡2 ,… , 𝛥𝐾𝑡𝑛 , (8)

for 𝑛 defects in a part. The stress concentration factors are deter-
mined by interpolation from pre-computed FE results for idealised 
spherical and oblate spheroidal pores: 𝐾𝑡(surface) is a function of the 
dimensionless depth ratio 𝑑∕𝐷 (pore centroid depth to pore diameter); 
𝐾𝑡(aspect ratio) depends on the ratio of pore axes; and 𝐾𝑡(proximity)
accounts for the interaction between two pores with face-to-face sepa-
ration 𝑠 < 𝐷, following Tammas-Williams et al. [17]. The model was 
developed for tensile load cases. For other load cases, further simulation 
would be necessary to determine the accurate stress intensity factors. 
Tammas-Williams et al. [17] report an increase in accuracy on their 
dataset compared to the Murakami model and the defect size ranking. 
However, the idealisation of defects to spherical, or ellipsoidal objects 
might reduce the accuracy when applied to PBF-LB/M due to the 
existence of tortuous LOF defects.

2.7.2. Simulation-based criticality models
In contrast to the geometry-based models, the following defect 

criticality models require individual finite element simulations for each 
detected defect. By resolving the actual three-dimensional defect mor-
phology in the FE model, these approaches capture stress and strain 
concentrations that arise from the tortuous, irregular shapes typical of 
PBF-LB/M defects. This comes at a significantly higher computational 
cost, but avoids the idealisation to spherical or ellipsoidal shapes 
inherent in the geometry-based models. All simulation-based criticality 
models operate on the same FE sub-model results; they share a common 
defect processing workflow, which is described in the following before 
the individual ranking criteria are introduced.

For the simulation-based criticality models, a semi-automated defect 
processing workflow is developed to isolate, mesh and simulate each 
detected defect individually. The workflow operates on the X-ray CT 
reconstruction data and consists of five steps:

1. Defect isolation: A cuboidal bounding region (5× defect size) 
is defined around each defect. Neighbouring defects and the 
specimen surface are included in the sub-model if they intersect 
this region.

2. Geometry preparation: Surface subdivision, smoothing and 
rescaling are applied to reduce voxel-induced staircase artefacts 
and compensate for systematic CT size underestimation [12,39].

3. Volume meshing: Graded tetrahedral mesh with fine elements 
at the defect surface and coarser elements towards the bound-
aries.

4. Boundary conditions: Displacement boundary conditions inter-
polated from a defect-free global model onto the sub-model cut 
faces.

5. FE simulation: Solution with either a LE or EP material model 
(see below).

The sub-modelling approach decouples global and local length 
scales and enables parallelisation. For the present dataset (472 + 
605 defects), the workflow was executed using a scripted pipeline in
Python 3.10 with the PyMAPDL interface.

The material model used in the sub-model simulation influences 
both the magnitude and the distribution of the local stress and strain 
concentrations and, consequently, the ranking outcome. To quantify 
this influence, two material model variants are investigated:
8 
1. LE: Young’s modulus 𝐸 and Poisson’s ratio 𝜈 only. This is the 
computationally cheapest option and serves as a baseline. Be-
cause no yielding is captured, the model may overestimate peak 
stresses at sharp notch roots, as used by Afroz et al. [27].

2. EP: An elastic-perfectly-plastic model with yield strength 𝜎𝑦. 
Stress redistribution around the defect is captured, which lim-
its the peak stress and shifts the ranking towards defects that 
produce larger plastic zones, as used by Li et al. [25].

Both variants are applied to the same set of defect sub-models, so 
that the effect of the material model on the ranking can be isolated. 
The following paragraphs describe the individual ranking metrics ex-
tracted from these simulation results. All simulation-based metrics are 
extracted from the same simulation results using a post-processing 
script based on Ansys DPF (Data Processing Framework).

Stress–strain concentration factor. Following the work of Li et al. [25] 
and Gao et al. [26], the stress–strain concentration factor 𝑘𝑔 is defined 
as the geometric mean of the local stress concentration 𝑘𝜎 = 𝜎max∕𝜎∞
and strain concentration 𝑘𝜀 = 𝜀max∕𝜀∞, with the maximum principal 
stress 𝜎max and strain 𝜀max extracted from the defect sub-model and the 
far-field stress 𝜎∞ and strain 𝜀∞ obtained from the defect-free global 
model:

𝑘𝑔 =
√

𝑘𝜎 𝑘𝜀 , (9)

𝑑crit = max
(

𝑘𝑔,1, 𝑘𝑔,2,… , 𝑘𝑔,𝑛
)

. (10)

For purely LE simulations, 𝑘𝜎 = 𝑘𝜀 and thus 𝑘𝑔 = 𝑘𝜎 . For EP simulations, 
stress redistribution reduces 𝑘𝜎 while increasing 𝑘𝜀, so that 𝑘𝑔 captures 
the combined severity of the local stress–strain state. Tammas-Williams 
et al. [17] adopted this factor from Li et al. [25] for their comparison 
of defect rankings on PBF-EB/M data.

Averaged strain energy density (SED). The averaged strain energy den-
sity method, originally proposed by Lazzarin et al. [29,30] for notch fa-
tigue assessment, evaluates the mean elastic (and, if applicable, plastic) 
strain energy density 𝑊̄  averaged over a material-dependent control 
volume surrounding the stress hotspot: 

𝑊̄ = 1
𝑉𝑐 ∫𝑉𝑐

𝑊 (𝐱) d𝑉 , (11)

where 𝑉𝑐 is a spherical control volume of radius 𝑅𝑐 centred at the point 
of maximum principal stress on the defect surface, and 𝑊 (𝐱) = 1

2𝜎𝑖𝑗𝜀𝑖𝑗
is the local strain energy density. For elastic–plastic simulations, the 
plastic work contribution is included: 𝑊 = 𝑊𝑒 +𝑊𝑝, with 𝑊𝑝 = 𝜎𝑖𝑗𝜀

𝑝𝑙
𝑖𝑗 .

The control radius 𝑅𝑐 is a material property derived from the thresh-
old stress intensity factor range and the defect free fatigue limit [30]:

𝑅𝑐 =
(1 + 𝜈)(5 − 8𝜈)

4𝜋

(

𝛥𝐾𝑡ℎ
𝛥𝜎0

)2
. (12)

The defect ranking is based on the maximum averaged SED: 

𝑑crit = max
(

𝑊̄1, 𝑊̄2,… , 𝑊̄𝑛
)

. (13)

Compared to the peak-value-based 𝑘𝑔 metric, the SED method averages 
over a finite volume and is therefore less sensitive to mesh refinement 
and local stress singularities at sharp geometric features of the defect 
surface. The control radius 𝑅𝑐 was originally derived by Lazzarin and 
Berto [29,30] for blunt V-notches in metallic components under fatigue 
loading, where it defines the radius of the process zone over which 
crack initiation is governed. In the present work, it is applied to the 
defect surface as an equivalent notch root, following the interpretation 
that CT-resolved pores and LOF defects feature finite tip radii rather 
than idealised crack tips.
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Relative stress gradient. The relative stress gradient concept, originally 
introduced by Siebel and Stieler [31] to characterise the notch support 
effect on fatigue strength, quantifies how rapidly the stress field decays 
from the defect surface into the bulk material. The approach has since 
been widely adopted in fatigue assessment of notched components [62–
64]: 

𝜒∗ = 1
𝜎max

|

|

|

|

d𝜎1
d𝑟

|

|

|

|𝑟=0
, (14)

where 𝜎1 is the first principal stress, 𝑟 is the distance from the hotspot 
perpendicular to the defect surface (into the material), and 𝜎max is the 
peak stress at the surface. The gradient is determined by sampling 
the stress field along a line from the hotspot into the material and 
performing a linear fit over a distance of 2𝑅𝑐 .

The support length 𝑎∗ was originally calibrated by Mei et al. [63] 
for notched metallic components under uniaxial fatigue loading. Its 
application here assumes that the local stress gradient at a CT-detected 
defect can be treated analogously to a macro-notch gradient, which 
is a simplification that may introduce uncertainty for irregular LOF 
morphologies.

A high 𝜒∗ indicates a steep stress decay, implying that the stress 
concentration is highly localised, characteristic of sharp notch-like 
features. A low 𝜒∗ indicates a more gradual stress field extending 
deeper into the material, which is more damaging from a fatigue 
perspective since a larger material volume is subjected to near-peak 
stresses, promoting crack initiation and early propagation [31,62]. 
This observation forms the basis of the support factor concept: steep 
gradients allow load redistribution to less-stressed subsurface material, 
effectively increasing the tolerable peak stress [31,63]. Following the 
modified effective stress approach of Mei et al. [63], defects are ranked 
by a support-effect corrected stress: 

𝜎supported =
𝜎max

1 + 𝜒∗𝑎∗
, (15)

where 𝑎∗ is a material-dependent support length that governs the sen-
sitivity to stress gradients. The formulation corresponds to a first-order 
linearisation of the stress decay over the characteristic length scale [63,
64]. The parameter 𝑎∗ is estimated from the empirical correlation [63]:

𝑎∗ =
(

270
𝜎UTS

)1.8
, (16)

where 𝜎UTS is the ultimate tensile strength in MPa. The ranking crite-
rion is: 

𝑑crit = max
(

𝜎supported,1, 𝜎supported,2,… , 𝜎supported,𝑛
)

. (17)

Smith-Watson-Topper (SWT) parameter. The Smith–Watson–Topper [32]
fatigue indicator parameter 𝑃SWT combines the maximum stress and the 
strain range into a single damage metric that accounts for mean stress 
effects: 

𝑃SWT = 𝜎max
𝛥𝜀
2

, (18)

where 𝜎max is the maximum principal stress at the defect surface and 
𝛥𝜀 is the total strain range (elastic plus plastic) at the same location. 
For fully reversed loading (𝑅 = −1), the strain range equals twice 
the maximum strain: 𝛥𝜀 = 2(𝜀el,max + 𝜀pl,max). The SWT parameter has 
physical units of stress and can be interpreted as a fatigue damage 
intensity. Defects are ranked by: 

𝑑crit = max
(

𝑃SWT,1, 𝑃SWT,2,… , 𝑃SWT,𝑛
)

. (19)

The SWT parameter is particularly relevant for elastic–plastic simula-
tions, where stress redistribution limits the peak stress but increases the 
local plastic strain, capturing a trade-off that neither 𝑘𝜎 nor 𝑘𝜀 alone 
reflects.
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Table 3
TCD method variants used for defect ranking.
 Method Evaluation domain Criterion  
 Point Method (PM) Stress at 𝑟 = 𝐿∕2 𝜎(𝐿∕2) ≥ 𝛥𝜎0  
 Line Method (LM) Average over line [0, 2𝐿] 1

2𝐿
∫ 2𝐿
0 𝜎(𝑟) d𝑟 ≥ 𝛥𝜎0  

 Area Method (AM) Average over hemisphere, radius 𝐿 2
𝜋𝐿2

s
𝐴 𝜎d𝐴 ≥ 𝛥𝜎0  

 Volume Method (VM) Average over sphere, radius 𝐿 3
2𝜋𝐿3

t
𝑉 𝜎 d𝑉 ≥ 𝛥𝜎0 

Maximum equivalent plastic strain. For elastic–plastic simulations, the 
maximum equivalent plastic strain at the defect surface provides a 
direct measure of local plastic damage accumulation: 

𝜀pl,eq =
√

2
3
𝜀pl𝑖𝑗𝜀

pl
𝑖𝑗 . (20)

This metric is only available for the elastic–plastic model variant; for 
LE simulations it is identically zero. Defects that produce larger plastic 
zones or higher peak plastic strains are considered more critical, since 
plastic strain localisation is a precursor to fatigue crack nucleation. The 
ranking criterion is: 

𝑑crit = max
(

𝜀pl,eq,1, 𝜀pl,eq,2,… , 𝜀pl,eq,𝑛
)

. (21)

Theory of critical distance (TCD). The TCD treats the existing defects 
as notches, rather than cracks [35]. This is arguably more realistic for 
additive manufacturing defects, since the three-dimensional shape of 
porosity and LOF defects features notch roots with a finite tip radius, 
as opposed to the idealised infinitely sharp crack tip assumed in LE 
fracture mechanics-based approaches [33,34,41]. TCD is a family of 
methods that use a material length parameter (referred to as the critical 
distance, 𝐿), together with material parameters to establish the critical 
fracture conditions [35]. The length parameter 𝐿 is defined as 

𝐿 = 1
𝜋

(

𝛥𝐾𝑡ℎ
𝛥𝜎0

)2
, (22)

with the threshold stress intensity factor 𝛥𝐾𝑡ℎ and the theoretical, 
defect-free fatigue limit 𝛥𝜎0. The parameter 𝐿 is a material constant 
and does not depend on defect geometry. The TCD is evaluated in 
four variants that differ in how the stress field is sampled relative to 
the notch tip (Table  3). All variants use the same critical distance 𝐿
(Eq. (22)) and predict failure when the respective averaged stress range 
reaches 𝛥𝜎0. For the purpose of a defect ranking, the TCD is com-
bined with the FE sub-model results from the shared defect simulation 
workflow. The stress field around each defect, already computed for 
the other simulation-based metrics, is reused and the TCD criterion is 
evaluated without additional simulations. A ranking parameter 𝜎𝑇𝐶𝐷
can be defined for each defect. Using the PM as an example: 

𝜎𝑇𝐶𝐷,𝑖 = 𝜎𝑖
(

𝑟 = 𝐿
2

)

(23)

The fracture-critical defect is then: 

𝑑𝑐𝑟𝑖𝑡 = max
(

𝜎𝑇𝐶𝐷,1, 𝜎𝑇𝐶𝐷,2,… , 𝜎𝑇𝐶𝐷,𝑛
)

(24)

for 𝑛 defects in a part. Compared to the direct FE ranking based on 
𝑘𝑔 , TCD avoids the strong mesh-size sensitivity of maximum stress and 
strain values at the defect surface, because the evaluation point or 
averaging domain lies away from the singularity-prone surface. This 
makes the result less dependent on mesh refinement. However, TCD 
requires the additional material parameters 𝛥𝐾𝑡ℎ and 𝛥𝜎0, increasing 
the experimental effort. The TCD is applicable to a range of loading 
conditions (uniaxial, multiaxial, static, cyclic) and has been validated 
for notched metallic components [33,34], though its application to AM 
defect populations is still limited [36].
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2.8. Fatigue-life prediction models

While Part A of this study addresses the question of which defect 
is most critical, this section (Part B) addresses the complementary 
question: what fatigue-life does the critical defect imply? Once the fracture-
initiating defect is identified, either by the defect criticality models 
(predicted) or by fractographic analysis (ground truth), a crack growth 
model translates the defect characteristics (size, location, morphology) 
into a predicted number of cycles to failure.

A key aspect of defect-controlled fatigue in PBF-LB/M components 
is the distinction between surface and internal crack growth. Inter-
nal cracks propagate in a self-contained environment, shielded from 
the ambient atmosphere by the surrounding material. It has been 
demonstrated that the crack growth rate in vacuum can be orders of 
magnitude lower than that in air, particularly at low stress intensity 
factor ranges 𝛥𝐾 close to the threshold [65–67]. This difference has a 
profound effect on the fatigue-life of specimens failing from internal 
defects: models that do not account for the reduced internal crack 
growth rate systematically underestimate the fatigue-life of internally 
initiated failures [41]. Conversely, once an internal crack breaches the 
free surface, it transitions to surface-crack growth in air, and the growth 
rate increases accordingly [41].

To quantify the influence of the crack growth model and the envi-
ronmental distinction on the fatigue-life prediction, three crack propa-
gation models of increasing complexity are benchmarked:

1. HS with dual-environment parameters (Section 2.8.2),
2. ME scS-N model without environmental distinction
(Section 2.8.3),

3. Hybrid combining the Murakami-derived evolving threshold 
with the HS dual-environment framework (Section 2.8.3).

For consistency and to isolate the effect of the crack growth model from 
the defect criticality model, the initial crack size for all life predictions 
is taken from fractographic analysis of the actual fracture-initiating 
defect, independent of the criticality models from Part A. The crack 
propagation models are described in the following sections.

2.8.1. Initial crack size
Each ranking model provides a different representation of the defect 

severity, which must be translated into an equivalent initial crack 
size 𝑎0 for the crack propagation calculation. Following Murakami [13], 
the initial crack size is taken directly as the 

√

Area parameter of 
the dominant defect identified on the fracture surface via optical mi-
croscopy 

𝑎0 =
√

Area , (25)

and the stress intensity factor is computed as 

𝛥𝐾 = 𝑌 ⋅ 𝛥𝜎 ⋅
√

𝜋𝑎 , (26)

with the geometry factor 𝑌 = 0.5 for internal defects and 𝑌 = 0.65 for 
surface-connected defects, the crack size 𝑎 and the applied stress range 
𝛥𝜎.

The defect location relative to the free surface governs whether the 
crack is classified as a surface crack (growing in air from the first cycle) 
or an internal crack (initially growing in a self-contained environment). 
For internal cracks, the transition to air-environment growth occurs 
when the crack front reaches the specimen surface, i.e. when the crack 
depth equals the distance between the defect and the free surface 
𝑙𝑛 [41]. At a ligament threshold of 𝑙𝑛 ≤ 20 μm the crack is defined as 
surface-connected and the surface crack growth regime applies.
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Table 4
Crack growth model parameters.
 Model Environment Parameter Value Source  
 HS Air (surface) 𝐷air 2.791 × 10−10 MPa

√

m [40]  
 𝑝air 2.12 [40]  
 𝛥𝐾thr 2.0MPa

√

m [40]  
 𝐴air 90MPa

√

m [41]  
 Self-contained (internal) 𝐷int

a 2.897 × 10−13 MPa
√

m [41]  
 𝑝int a 4.18 [41]  
 𝛥𝐾thr

a 2.0MPa
√

m [41]  
 𝐴int 90MPa

√

m [41]  
 ME (single) 𝐶∗ 10−4 [42]  
 𝑚∗ 2.0 [42]  
 𝑛∗ 1.0 [42]  
 Hybrid Air/self-contained 𝐷, 𝑝 As HS [40,41]  
 𝛥𝐾thr(𝑎) From Eq. (30) This work 
a Parameters are refitted to the present PBF-LB/M TiAl6V4 dataset in Phase 2 
(Section 3.5.2); all other values are taken from the cited literature without modification.

2.8.2. Crack growth model I: HS (dual environment)
The HS equation [40] explicitly includes the crack growth threshold 

𝛥𝐾thr and the cyclic fracture toughness 𝐴: 

d𝑎
d𝑁

= 𝐷

(

𝛥𝐾 − 𝛥𝐾thr
√

1 −𝐾max∕𝐴HS

)𝑝

, (27)

with the material constants 𝐷 and 𝑝, the stress intensity factor range 
𝛥𝐾 computed from Eq. (26), the maximum stress intensity factor 𝐾max
and the threshold 𝛥𝐾thr . Following Han et al. [41], separate parameter 
sets are used for surface crack growth in air and internal crack growth:

• Surface crack in air: 𝐷air , 𝑝air , 𝛥𝐾thr,air , 𝐴air (Table  4).
• Internal crack (self-contained): 𝐷int , 𝑝int , 𝛥𝐾thr,int , 𝐴int (Table 
4).

The transition from internal to surface growth occurs when the crack 
depth reaches the ligament distance (𝑎 ≥ 𝑎0 + 𝑙𝑛), as described in 
Section 2.8.4. Compared to the Paris–Erdogan [68] law, the HS equa-
tion captures the near-threshold behaviour more accurately, which 
is particularly relevant for high-cycle fatigue where the majority of 
cycles are consumed at low 𝛥𝐾 values close to the threshold [40,41]. 
Furthermore, the explicit threshold term prevents non-physical crack 
growth below 𝛥𝐾thr , which is important for internal defects where the 
initial 𝛥𝐾 may be close to or below the threshold.

2.8.3. Crack growth model II: ME scS-N model
In addition to the fracture-mechanics-based crack growth equations 

described above, a second model is included in the benchmark that 
does not require the determination of crack growth parameters from 
fatigue crack growth testing. The scS-N prediction model proposed 
by Murakami and Endo [42] predicts fatigue-life based solely on the 
Vickers hardness 𝐻𝑉  and the initial defect size, without curve-fitting 
of crack growth constants to experimental data. The model is based on 
the small crack growth equation: 

d𝑎
d𝑁

= 𝐶∗
(

𝜎
𝜎𝑤

− 1
)𝑚∗

𝑎𝑛
∗
, (28)

where 𝑎 is the crack size in terms of 
√

Area in μm, 𝜎 is the applied stress 
amplitude, and 𝜎𝑤 is the fatigue limit, which decreases cycle by cycle 
as the crack grows. The constants 𝐶∗ = 10−4, 𝑚∗ = 2 and 𝑛∗ = 1 are 
claimed to be material-independent [42] and were validated for steels, 
cast iron, and AM TiAl6V4 as well as AM Inconel 718 [42,43]. The 
fatigue limit 𝜎𝑤 at any crack size 𝑎 is given by the 

√

Area parameter 
model: 

𝜎 =
𝐶(𝐻𝑉 + 120) (29)
𝑤,𝑅=−1 𝑎1∕6
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where 𝐶 = 1.43 for surface defects and 𝐶 = 1.56 for subsurface defects, 
𝐻𝑉  is the Vickers hardness in kgf∕mm2, and 𝑎 =

√

Area in μm. For 
materials with 𝐻𝑉 > 450, Murakami and Endo recommend using 80%
of the value given by Eq. (29).

The key conceptual difference between this model and the HS 
formulation is that the threshold behaviour is embedded implicitly: 
when 𝜎 ≤ 𝜎𝑤, the crack growth rate is zero by construction, and 𝜎𝑤
evolves with crack size. This eliminates the need for a fixed 𝛥𝐾thr
parameter and inherently captures the small-crack effect, since smaller 
cracks have a higher 𝜎𝑤 (and hence a lower effective threshold in 𝛥𝐾
space) than larger cracks.

It is noted that the conversion between the tension-only stress range 
𝛥𝜎 used in the HS formulation and the stress amplitude 𝜎 used in the 
ME model depends on the stress ratio. For 𝑅 = −1, the tension-only 
stress range equals the maximum stress: 𝛥𝜎 = 𝜎max = 𝜎amp, since only 
the tensile half-cycle contributes to crack growth. This convention is 
adopted consistently across all models.

A limitation of the ME model as originally formulated is that it 
does not distinguish between surface crack growth in air and internal 
crack growth environments (though the geometric location factor 𝐶 in 
Eq. (29) differs between surface and subsurface defects). To address this 
within the present benchmark, two variants are considered:

1. ME (single environment): The model is applied as published, 
with a single set of constants (𝐶∗, 𝑚∗, 𝑛∗) regardless of defect 
location. This serves as a test of whether the model’s simplicity 
is sufficient for the present dataset.

2. Hybrid model: The Murakami-derived, crack-size-dependent 
threshold is incorporated into the HS framework. At each inte-
gration step, the fixed 𝛥𝐾𝑡ℎ𝑟 in Eq. (27) is replaced by 
𝛥𝐾thr (𝑎) = 𝑌 ⋅ 𝑓 (𝑅) ⋅ 𝜎𝑤(𝑎) ⋅

√

𝜋𝑎 , (30)

where 𝑓 (𝑅) = 1 for 𝑅 < 0 and 𝑓 (𝑅) = 2 for 𝑅 ≥ 0, 
and 𝜎𝑤(𝑎) is computed from Eq. (29) at the current crack size 
𝑎. The dual-environment distinction (surface-in-air vs. internal 
parameters for 𝐷 and 𝑝) is retained from the HS model. This 
hybrid formulation combines the physically motivated, evolving 
threshold of the ME approach with the environmental sensitivity 
of the HS equation, eliminating 𝛥𝐾thr as a free parameter while 
preserving the distinction between surface and internal crack 
growth rates.

The integration procedure for both variants follows the same scheme 
as described in Section 2.8.4, with the physical failure criterion (Sec-
tion 2.8.4) applied to all three models. Murakami and Endo [42] 
originally used a fixed 𝑎𝑐 = 1000 μm; the sensitivity study (Supple-
mentary Material S3) confirms that the choice of failure criterion has 
negligible influence on predicted life in the present HCF regime.

2.8.4. Integration and life calculation
For all three crack growth models, the fatigue-life is obtained by 

numerical integration of the respective crack growth equation from the 
initial crack size 𝑎0 to the critical crack length 𝑎𝑐 : 

𝑁𝑓,pred = ∫

𝑎𝑐

𝑎0

d𝑎
(d𝑎∕d𝑁)

. (31)

The critical crack length 𝑎𝑐 is determined by the lesser of the fracture 
toughness criterion (𝐾max = 𝐾𝐼𝑐) or the net-section failure of the 
specimen cross-section. For the present high-cycle fatigue conditions, 
the predicted life is insensitive to the exact choice of 𝑎𝑐 , since the 
majority of cycles are consumed at small crack lengths near 𝑎0.

For internal defects, the integration is split at 𝑎 = 𝑎0 + 𝑙𝑛: the 
first segment uses self-contained/internal parameters, and the second 
segment uses air/surface parameters. The total predicted life is 

𝑁𝑓,pred = 𝑁int +𝑁air =
𝑎0+𝑙𝑛 d𝑎 +

𝑎𝑐 d𝑎 . (32)
∫𝑎0 (d𝑎∕d𝑁)int ∫𝑎0+𝑙𝑛 (d𝑎∕d𝑁)air
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This two-stage formulation follows Han et al. [41] and accounts for 
the orders-of-magnitude difference in crack growth rate between the 
internal (self-contained) and surface (air) environments.

An adaptive integration scheme is employed: at each step, the cycle 
increment is chosen such that the crack growth does not exceed 1%
of the current crack length, ensuring numerical accuracy in the near-
threshold regime where growth rates are extremely low. A maximum 
cycle count of 1010 is imposed as a runout criterion.
Physical failure criterion. In addition to the geometric crack size limit, 
two physical failure criteria are evaluated at each integration step:

1. Unstable fracture: Failure occurs when 𝐾max ≥ 𝐾𝐼𝑐 , with the 
static fracture toughness 𝐾𝐼𝑐 (see Table  2).

2. Net-section collapse: Failure occurs when the net-section stress 
𝜎net exceeds the ultimate tensile strength 𝜎UTS, approximated for 
the circular specimen cross-section as 𝜎net = 𝜎max ⋅𝐴total∕(𝐴total −
𝐴crack ).

The integration terminates at the first occurrence of either criterion. 
For the present HCF conditions, unstable fracture is reached before net-
section collapse in all cases, and the predicted life is insensitive to the 
exact failure criterion since the vast majority of cycles are consumed at 
crack sizes where 𝐾max ≪ 𝐾𝐼𝑐 .

It is noted that the HS equation uses a fitting parameter 𝛥𝐾thr that 
differs from the ASTM E647 [69] threshold 𝛥𝐾th defined at d𝑎∕d𝑁 =
10−10 m∕cycle. Following Jones et al. [40], the relationship is: 

𝛥𝐾th ≈ 𝛥𝐾thr +
(

10−10
𝐷

)1∕𝑝
(33)

For the surface-crack-in-air parameters (𝐷air = 2.791 × 10−10 MPa
√

m,
𝑝air = 2.12), this yields 𝛥𝐾th ≈ 𝛥𝐾thr + 0.62MPa

√

m. This distinction 
ensures that the equation returns a small but non-zero growth rate at 
the ASTM-defined threshold, rather than exactly zero.

2.8.5. Fitting of internal crack growth parameters
The surface-crack-in-air parameters from Jones et al. [40] have 

been shown to be valid across multiple AM TiAl6V4 process variants 
and are therefore adopted without modification. The internal crack 
growth parameters, however, may differ between the wrought TiAl6V4 
data used by Han et al. [41] and the present PBF-LB/M material 
due to differences in microstructure and defect morphology. A fitting 
procedure is therefore applied exclusively to the internal parameters.

For the HS model, the parameters 𝐷int , 𝑝int , and 𝛥𝐾thr,int are opti-
mised simultaneously, with 𝐴int = 90MPa

√

m held fixed. For the hybrid 
model, only 𝐷int and 𝑝int are optimised, since 𝛥𝐾thr is determined by the 
Murakami formulation at each integration step. The objective function 
is the mean squared logarithmic life ratio over the subset of specimens 
with internal dominant defects (Eq. (34)).

The optimisation employs a two-stage strategy: first, a grid search 
over physically meaningful parameter ranges (log10(𝐷int ) ∈ [−13,−8]
MPa

√

m, 𝑝int ∈ [2, 6], 𝛥𝐾thr,int ∈ [0.5, 3.0] MPa
√

m) identifies the approx-
imate optimum; second, a Nelder–Mead simplex refinement [70,71] 
converges to the final parameter values. This approach avoids conver-
gence to local minima while remaining computationally tractable.

The defect classification into surface and internal is governed by 
the ligament threshold: defects with 𝑙𝑛 ≤ 𝑙𝑛,thr are classified as surface-
connected and assigned air-environment parameters from the first cy-
cle. The default threshold of 𝑙𝑛,thr = 20 μm is adopted, and its influence 
is investigated in the sensitivity study (Section 3.5.3).

2.8.6. Summary of crack growth parameters
Table  4 summarises the material parameters used for each crack 

growth model variant. For HS and Hybrid, two parameter sets are 
listed: one for surface crack growth in air and one for internal crack 
growth. The parameters for surface crack growth in air are taken from 
Jones et al. [40], who demonstrated their validity across multiple AM 
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Table 5
Specimen subsets used in each stage of the analysis.
 Subset small large Total 
 Fatigue-tested (Section 2.3) 50 43 93  
 Inspected by X-ray CT (Section 2.2) 41 43 84  
 Fractographically analysed (Section 2.4) 30 43 73  
 Matched CT/fractography (Section 2.4) 5 16 21  

TiAl6V4 process variants. The internal crack growth parameters are 
adopted from Han et al. [41], who fitted them to literature data of 
crack growth in vacuum and synchrotron-observed internal cracks in 
wrought TiAl6V4.

3. Results

The results are presented in two parts, corresponding to the two 
main objectives of this work. Section 3.4 presents the ranking bench-
mark (Part A), comparing the ability of each criticality model to 
identify the fracture-initiating defect. Section 3.5 presents the fatigue-
life predictions (Part B), comparing the three crack growth models 
against the experimentally observed cycles to failure.

Not all fracture-initiating defects detected in the fracture surface 
analysis could be matched with NDT data. A direct comparison of the 
defect model criticality prediction to the fracture-initiating defect is 
therefore only possible on a subset of specimens (21 out of 84 CT 
scanned specimens, see Table  5). Of all 93 fatigue-tested specimens, 
73 contribute to the life prediction benchmark, where the fracture-
initiating defect is identified from fractography independent of the 
CT data. The remaining 20 specimens were not available for fractog-
raphy and therefore only contribute to the fatigue testing. Table  5 
summarises the specimen subsets underlying each stage of the analysis, 
from the total fatigue-tested population down to the subset used for the 
defect-ranking benchmark.

3.1. Fatigue test results

Fig.  4 shows the fatigue test results of both specimen series in a 
P-S-N representation. For series ‘small’, the combined finite-life and 
staircase programme yielded an experimental fatigue strength of 𝜎F =
559.5MPa at 3 × 106 cycles. In contrast, all specimens of series ‘large’ 
failed before reaching 3× 106 cycles, including those tested at 530MPa, 
i.e. below the fatigue strength reference derived from series ‘small’. 
This confirms that the increased HSV of series ‘large’ promotes defect-
controlled failure and reduces the fatigue performance relative to the 
baseline established on series ‘small’.

The scatter in fatigue-life is substantially larger in series ‘large’, 
which is consistent with the stronger competition between defects in 
the enlarged highly stressed volume. This increased competition is one 
of the main reasons why series ‘large’ is particularly informative for 
benchmarking defect criticality models.

3.2. Defect characterisation

Table  6 summarises the CT-detected defect populations for both 
series. Due to the higher resolution (finer voxel size) in series ‘large’, a 
higher amount of defects is detected, even though the scanned volume 
𝑉𝑆 is lower. This results in a lower mean relative density, though 
both series exceed a relative density of 99.99%, indicating a stable 
and successful build process. It is noted that these values represent 
an upper bound, as defects smaller than approximately 2–3× the voxel 
size cannot be reliably resolved by X-ray CT, causing the CT-derived 
density to tend towards 100%. Complementary metallographic analysis 
of 15 cross-sections yields a minimum relative density of 99.84% and 
a mean of 99.90%, confirming that the true porosity level is higher 
than the CT data suggest but remains well within acceptable limits for 
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structural applications. Fig.  5 shows a histogram of defect size for both 
series. The finer resolution in series ‘large’ results in a higher number 
of detected defects and a shift of the peak to smaller defect sizes. Fig. 
5 therefore serves as an indirect resolution comparison: the shift in 
detected defect size distribution and the increase in high-sphericity 
defects at 14 μm resolution compared to 25.6 μm reflect the improved 
detection capability rather than a true change in the underlying defect 
population.

The practical impact of the resolution difference on the down-
stream analysis is quantified by two complementary outcomes. First, 
the CT/fractography matching rate increases from 12% (5/41 speci-
mens at 25.6 μm) to 37% (16/43 specimens at 14 μm), reflecting the im-
proved detectability of fracture-initiating defects above the resolution-
dependent detection limit. Second, for the 21 matched specimens, the 
mean absolute deviation between CT-derived and fractographically 
measured 

√

Area is comparable across both series (Fig.  6), indicating 
that once a defect is detectable, the sizing accuracy is similar at both 
resolutions. The CT resolution therefore primarily determines which
defects can be detected and matched to fracture origins, rather than 
the accuracy with which detected defects are sized.

Fig.  5 shows that both series are dominated by near-spherical gas 
pores (𝛹 > 0.7), with a minor population of irregular LOF-type defects 
at lower sphericity values. This morphological distribution is consistent 
with the high relative density and the use of standard industrial process 
parameters targeting dense parts. The predominance of gas pores im-
plies that the Murakami 

√

Area model, which assumes a compact defect 
projection, is an appropriate approximation for the present defect 
population. The scarcity of highly elongated LOF defects means that 
the potential advantage of simulation-based models capturing tortuous 
morphologies (Section 2.7.2) is limited for the present dataset.

Fig.  6 provides a quantitative consistency check of the CT char-
acterisation by comparing CT-derived and fractographically measured 
√

Area values for the 21 matched specimens; the measurement defini-
tions and underlying uncertainty sources are discussed in Section 2.4. 
In 16 of the 21 matched specimens the CT-derived 

√

Area exceeds the 
fractographically measured value, with a mean difference of approxi-
mately 6 μm. The five cases of CT underestimation are concentrated at 
CT values below 55 μm, consistent with partial-volume effects near the 
detection limit (3 × 14 μm ≈ 42 μm for series ‘large’). These deviations 
are within the expected range for the respective resolutions and do 
not compromise the validity of the CT-based defect population for the 
ranking benchmark.

3.3. Fracture-origin classification

Post-mortem fractographic analysis of all 93 tested specimens iden-
tifies the fracture-initiating defect type and location for 73 specimens; 
the remaining 20 specimens were not available for fractographic exami-
nation (retested run-outs, see Supplementary Material S5). Fig.  7 shows 
representative examples of the two observed fracture origin types: 
internal defects embedded in the bulk material (Fig.  7(a)) and surface-
connected defects intersecting the machined specimen surface (Fig. 
7(b)). Fig.  7(c) shows an internal fracture origin with a comparatively 
small ligament distance, representative of the range observed within 
the internal subset.

Table  7 summarises the distribution of fracture origin types for all 
specimens with available fractographic data. The binary classification 
at 𝑙𝑛,thr = 20 μm is adopted consistently with the crack growth models 
(Section 2.8), where defects with 𝑙𝑛 ≤ 20 μm are assigned surface-
in-air parameters from the first cycle and all others are treated as 
internal. The defect criticality models (Section 2.7) employ their own 
proximity-based classification schemes: the Murakami model applies a 
size-dependent area correction for defects within a threshold distance of 
the free surface [7], and the Tammas-Williams model uses a 𝐾𝑡(surface)
factor that increases with decreasing depth ratio [17]. However, no 
CT-detected defect in either series satisfied the proximity threshold 
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Fig. 4. Fatigue test results of both specimen series in a P-S-N representation. Series ‘small’ combines finite-life tests and staircase testing to determine the fatigue 
strength at 3 × 106 cycles. Series ‘large’ was tested at two stress amplitudes selected relative to this reference fatigue strength. The figure highlights the earlier 
failure of the large-volume specimens and the increased scatter associated with defect-controlled fatigue.
Table 6
Summary of defect data for both series.
 Series Specimen number Resolution in μm Detected defects Scanned volume 𝑉𝑆 in mm3 Defect volume 𝑉𝑃  in mm3 Mean density 𝜌 = 𝑉𝑆−𝑉𝑃

𝑉𝑆
 in % 

 small 41 25.6 472 120690.30 0.0688 99.99994  
 large 43 14 605 39384.60 0.0507 99.99987  
Fig. 5. CT-detected defect population for both series. (a,b) Histograms of defect size √Areaeff  for series ‘small’ (𝑛 = 472, 25.6 μm resolution) and series ‘large’ 
(𝑛 = 605, 14 μm resolution). The finer resolution in series ‘large’ results in detection of smaller defects, shifting the mean to lower values. Dashed lines indicate the 
respective mean values. (c,d) Sphericity 𝛹 = 𝜋1∕3(6𝑉 )2∕3∕𝐴𝑠 as a function of defect size. Values near unity indicate near-equiaxed gas pores; lower values indicate 
irregular LOF morphologies. Both series are dominated by high-sphericity pores. The differences between (a,b) and between (c,d) are attributable primarily to 
the difference in voxel size (25.6 μm vs. 14 μm) rather than to a different defect population, since both series are produced under identical process parameters.
13 
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Fig. 6. Comparison of defect sizes measured by X-ray CT (√AreaCT, projected area of the segmented 3D volume normal to the loading direction) and fractography 
(
√

Areaf ract , 2D projected area on the fracture surface) for the 21 matched specimens (5 from series ‘small’, 16 from series ‘large’). Error bars on the horizontal 
axis indicate the range of the four individual fractographic measurements per specimen. The solid line represents the 1:1 correspondence. In 16 of 21 cases 
the CT-derived value exceeds the fractographic measurement (mean: ≈ 6μm). The remaining five specimens show CT underestimation, with the largest relative 
deviations at CT values below 55 μm, consistent with partial-volume effects near the detection limit. Systematic differences between CT and microscopy-based 
defect size measurements are reported in the literature and depend on CT resolution, scan parameters and defect type [12,39]. The inset shows a zoomed view 
of the region √Area ≤ 120 μm, where 20 of the 21 matched defects are located.
required to trigger these corrections; the effective classification in the 
criticality models is therefore identical to the binary scheme applied 
in the crack growth models. In series ‘small’, fracture is predominantly 
initiated from internal defects (93%), reflecting the concentrated HSV 
that limits defect competition to the most critical, typically largest 
defect and reduces the influence of the surface area. In series ‘large’, 
a substantially higher fraction of surface-initiated failures is observed 
(40%), consistent with the larger gauge section that exposes a greater 
surface area to the applied stress. The complete specimen-level data, 
including 

√

Area, 𝑙𝑛, stress amplitude and cycles to failure, are pro-
vided in Supplementary Material S5. Fig.  8 visualises the complete 
fractographic dataset in a 

√

Area-𝑙𝑛 plane. A logarithmic scale is used 
for the ligament distance to accommodate the large dynamic range of 
nearly three decades spanned by the internal fracture origins; surface-
connected defects with 𝑙𝑛 = 0 are plotted at 𝑙𝑛 = 5μm for visibility 
on this scale, as indicated in the figure caption. The surface-connected 
failures (solid circles) cluster below the classification threshold of 
𝑙𝑛,thr = 20 μm and are substantially more frequent in series ‘large’ than 
in series ‘small’ (17 vs. 2 specimens), consistent with the larger exposed 
gauge surface area. The internal fracture origins (crosses) are broadly 
distributed in the depth direction, ranging from just above the threshold 
to 𝑙𝑛 ≈ 2700 μm, with no apparent correlation between defect size 
and ligament distance. The defect sizes of internal fracture origins in 
series ‘large’ tend to be larger than those in series ‘small’, reflecting the 
larger HSV and the increased probability of encountering a large defect 
at depth. This wide range of ligament distances directly determines 
the relative contribution of the internal crack growth phase: shallow 
internal defects transition to air-environment growth early, whereas 
deeply embedded defects accumulate the majority of their fatigue-life 
in the self-contained environment (Section 2.8).

3.4. Part A: Defect criticality ranking benchmark

21 specimens are matched between NDT and fracture surface data. 
Table  8 summarises the ranking accuracy of all investigated models, 
evaluated on the 21 matched specimens (5 from series ‘small’, 16 from 
series ‘large’). Two metrics are reported: the hit rate 𝐻 (fraction of 
specimens where the model correctly identifies the fracture-initiating 
defect as rank 1) and the mean normalised rank 𝑅̄ (lower values indi-
cate better performance). The TCD model is evaluated in four variants 
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Table 7
Summary of fracture-origin classification 
for all specimens with available fracto-
graphic data.
Series 𝑛total Surface-

connected
(𝑙𝑛 ≤
20 μm)

Internal
(𝑙𝑛 >
20 μm)

‘small’ 30 2 28
‘large’ 43 17 26

Total 73 19 54

(PM, LM, AM, VM) as described in . The 𝜀pl metric is only applicable 
to EP simulations and therefore not listed under the LE results.

For series ‘small’, all models except the pure size ranking achieve 
identical hit rates of 3∕5, with mean normalised ranks between 0.068
and 0.097. The size ranking fails to identify any fracture-initiating 
defect as the most critical (𝐻 = 0∕5, 𝑅̄ = 0.437), indicating that 
defect size alone is an insufficient criticality criterion when the stress 
field is non-uniform. The negligible differences among the remaining 
models suggest that, for a small HSV with few competing defects, even 
simple geometry-based approaches perform as well as computationally 
expensive simulation-based methods.

For series ‘large’, where a larger HSV increases the number of com-
peting defects, greater differentiation between models emerges. Among 
the geometry-based models, the Tammas-Williams model achieves the 
highest hit rate (𝐻 = 9∕16, 𝑅̄ = 0.171), outperforming both the 
Murakami model (𝐻 = 6∕16) and the size ranking (𝐻 = 5∕16). Among 
the simulation-based models with a LE material model, the averaged 
strain energy density 𝑊̄  (𝐻 = 8∕16, 𝑅̄ = 0.136), the relative stress 
gradient 𝜎supported (𝐻 = 8∕16, 𝑅̄ = 0.132), and the TCD line method 
(𝐻 = 8∕16, 𝑅̄ = 0.133) achieve the highest hit rates. Notably, the 
𝑘𝑔 factor and the SWT parameter perform poorly in the LE variant 
(𝐻 = 2∕16), suggesting that peak-value-based metrics are sensitive to 
mesh-dependent stress concentrations at sharp defect features. The TCD 
variants show a spread from 𝐻 = 5∕16 (𝜎𝐴𝑀 ) to 𝐻 = 8∕16 (𝜎𝐿𝑀 ), 
indicating that the choice of averaging domain influences the ranking 
outcome.
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Fig. 7. Representative examples of fracture origins observed in the present dataset. (a) Internal defect showing a fish-eye fracture pattern typical of subsurface 
crack initiation in a self-contained environment. (b) Surface-connected defect directly intersecting the machined specimen surface. (c) Near-surface defect with a 
measurable ligament to the free surface (𝑙𝑛 ≈ 200 μm).
The poor ranking performance of peak-value-based metrics (𝑘𝑔 , 
𝑃SWT) in the LE variant (𝐻 = 2∕16) is attributed to the sensitivity of 
local peak stresses to mesh density and to near-singular stress concen-
trations at sharp features of the CT-segmented defect surface. At the 
scale of CT-resolved defects (10 μm to 200 μm), the continuum stress 
field at the defect boundary is strongly influenced by voxel-induced 
15 
geometry artefacts, segmentation smoothing, and the local mesh res-
olution, all of which are inherent to the CT-to-FE workflow and are 
not representative of the true crack-tip field. Metrics that integrate the 
stress field over a finite, material-relevant length scale, such as 𝑊̄  (𝑅𝑐 =
6.62 μm), 𝜎supported, and the TCD variants (𝐿 = 8.72 μm), are more robust 
in this respect, as the averaging domain partially filters mesh-scale 
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Fig. 8. Fractographically measured defect size √Area and ligament distance 𝑙𝑛 for all 73 specimens with available fracture surface data. Filled circles: surface-
connected fracture origins (𝑙𝑛 = 0, plotted at 𝑙𝑛 = 5 μm for visibility); crosses: internal fracture origins. The dashed line marks the surface/internal classification 
threshold 𝑙𝑛,thr = 20 μm used in the crack growth models (Section 2.8). The complete numerical data are provided in Supplementary Material S5.
Table 8
Model comparison by ranking accuracy.
 Series Model Hit rate 𝐻 Mean normalised rank 𝑅̄ 
 small Geometry-based Size 0/5 0.437  
 Murakami 3/5 0.068  
 Tammas-Williams 3/5 0.068  
 Simulation-based 𝑘𝑔 3/5 0.091  
 LE 𝑊̄ 3/5 0.091  
 𝑃𝑆𝑊 𝑇 3/5 0.091  
 𝜎supported 3/5 0.097  
 𝜎𝑇𝐶𝐷 PM 3/5 0.097  
 LM 3/5 0.097  
 AM 3/5 0.097  
 VM 3/5 0.097  
 EP 𝑘𝑔 3/5 0.091  
 𝑊̄ 3/5 0.097  
 𝑃𝑆𝑊 𝑇 3/5 0.091  
 𝜀𝑝𝑙 3/5 0.075  
 large Geometry-based Size 5/16 0.218  
 Murakami 6/16 0.166  
 Tammas-Williams 9/16 0.171  
 Simulation-based 𝑘𝑔 2/16 0.275  
 LE 𝑊̄ 8/16 0.136  
 𝑃𝑆𝑊 𝑇 2/16 0.269  
 𝜎supported 8/16 0.132  
 𝜎𝑇𝐶𝐷 𝜎𝑃𝑀 6/16 0.193  
 𝜎𝐿𝑀 8/16 0.133  
 𝜎𝐴𝑀 5/16 0.220  
 𝜎𝑉𝑀 7/16 0.191  
 EP 𝑘𝑔 5/16 0.258  
 𝑊̄ 5/16 0.289  
 𝑃𝑆𝑊 𝑇 5/16 0.300  
 𝜀𝑝𝑙 4/16 0.298  
artefacts. This behaviour is consistent with the observation by Tammas-
Williams et al. [17], who found that FE-based ranking on CT-segmented 
pores did not improve over geometry-based approaches, attributing this 
to CT resolution limitations and segmentation uncertainties.

The EP material model does not improve the ranking accuracy 
compared to the best LE results. All EP metrics (𝑘𝑔 , 𝑊̄ , 𝑃SWT, 𝜀pl) 
achieve hit rates of 4∕16−5∕16 with mean normalised ranks between 
0.258 and 0.300, which is consistently worse than the best-performing 
LE and geometry-based models. This indicates that stress redistribution 
through local yielding reduces the discriminative power of peak-based 
ranking metrics by homogenising the stress–strain response across de-
fects of different severity.
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The mean normalised rank 𝑅̄ provides complementary information 
to the hit rate by quantifying the severity of ranking errors in specimens 
where the fracture-initiating defect is not assigned rank 1. For the 
best-performing LE simulation-based metrics, 𝜎supported and 𝜎𝐿𝑀  achieve 
𝑅̄ = 0.132 and 𝑅̄ = 0.133, respectively, indicating that on average 
the true fracture origin is ranked within the top 13% of all detected 
defects even when the model assigns rank 1 to a different defect. The 
Tammas-Williams model achieves the highest hit rate (𝐻 = 9∕16) at 
a somewhat higher mean normalised rank (𝑅̄ = 0.171), reflecting a 
trade-off: it identifies the critical defect directly more often but, when 
incorrect, places the true fracture initiator slightly deeper in the ranking 
than the best LE simulation-based models. For the EP metrics, the 
simultaneously elevated 𝑅̄ ≈ 0.26–0.30 indicates that even in specimens 



S. Mansky et al. Theoretical and Applied Fracture Mechanics 147 (2026) 105875 
Table 9
Input requirement matrix for the investigated models.
 Data group Parameter Geometry-based Simulation-based

 Size Murakami Tammas-Williams LE EP 
 3D CT defect data ∙ ∙ ∙ ∙ ∙  
 Specimen surface data ◦ ∙ ∙ ∙ ∙  
 Mesh data Mesh of defect proximity ◦ ◦ ◦ ∙ ∙  
 Simulation Defect free stress field G#a ∙ ∙ ∙ ∙  
 Defect free strain field ◦ ◦ ◦ G#b ∙  
 A-priori FE database ◦ ◦ ∙ ◦ ◦  
 Individual FE simulation ◦ ◦ ◦ ∙ ∙  
 Defect Distance to other defects ◦ ∙ ∙ ◦ ◦  
 √

Area ◦ ∙ ∙ ◦ ◦  
 Aspect ratio ◦ ◦ ∙ ◦ ◦  
 Material Hardness 𝐻𝑉 ◦ ∙ ◦ ◦ ◦  
 Young’s modulus 𝐸 ◦ ◦ ∙ ∙ ∙  
 Poisson ratio 𝜈 ◦ ◦ ∙ ∙ ∙  
 Yield strength 𝜎𝑦 ◦ ◦ ∙ ◦ ∙  
a Stress field only required to assess projected area orientation.
b Strain field is function of stress field.
where the correct defect is missed, the fracture origin is on average 
only ranked within the top 25%–30% of the detected population. In 
practical terms, the mean normalised rank indicates how many defects 
an analyst would need to investigate in priority order before reaching 
the true fracture initiator: for 𝑅̄ = 0.132 and a mean defect count of ≈14, 
this corresponds to examining approximately 2–3 defects on average.

Overall, the results demonstrate that geometry-based models, par-
ticularly the Tammas-Williams model, achieve ranking accuracy com-
parable to or exceeding that of the best simulation-based approaches, 
despite requiring orders of magnitude less computational effort. The 
additional complexity of individual FE sub-model simulations does not 
translate into a measurably higher ranking accuracy for the present 
dataset.

3.4.1. Computational cost and input complexity
Table  9 summarises the input data required for each model cate-

gory. The size model requires the least amount of parameters, followed 
by the Murakami model. The other models have similar requirements, 
with some simulation-based metrics needing further parameters for 
correlations and the definition of characteristical lengths. The Tammas-
Williams model has the highest parameter requirements, due to the 
combination of geometry-based analysis and a-priori FE simulations.

The geometry-based models operate directly on the X-ray CT recon-
struction and the defect-free stress field; their evaluation required less 
than 1min per specimen on a single CPU core, though the exact time 
scales with the number of detected defects per specimen (1 to 31 in 
the present dataset). The simulation-based models additionally require 
volume meshing and individual FE solutions for each defect. With the 
LE material model, the mean computation time was approximately 
10min per specimen (including meshing, solving and post-processing 
for all defects) with 4 CPU cores on 16 GB memory; the EP model 
increased this to approximately 30min per specimen due to the iterative 
nonlinear solution. All simulation-based ranking metrics (𝑘𝑔 , 𝑊̄ , 𝜒∗, 
𝑃SWT, 𝜀pl, 𝜎TCD) are extracted from the same FE results, so the marginal 
cost of evaluating additional metrics is negligible once the simulation 
is completed. The simulation-based models require approximately one 
to two orders of magnitude more computation time than the geometry-
based approaches, yet this additional effort does not translate into a 
measurably higher ranking accuracy for the present dataset.

3.4.2. Root cause analysis
A detailed analysis of the discriminative power of all metrics (Area 

Under the ROC Curve (AUC), partial correlations controlling for 
√

Area, 
and within-specimen Coefficient of Variation (CoV) comparison) is 
provided in Supplementary Material S4. The key finding is that all 
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FE-based metrics retain negligible independent information after con-
trolling for defect size (|𝜌partial| ≤ 0.039), confirming that 

√

Area is 
the dominant criticality driver. This conclusion is not sensitive to the 
specific literature values used for the material length scales 𝐿, 𝑅𝑐 , and 
𝑎∗. Since all three parameters (𝐿 = 8.72 μm, 𝑅𝑐 = 6.62 μm, 𝑎∗ = 0.07mm) 
are smaller than or comparable to the lower end of the observed 
defect size range (

√

Area ∶ 15 μm to 200 μm), the averaging domains 
of the respective metrics are dominated by the defect geometry itself 
rather than by the precise parameter values. Furthermore, the near-
zero partial correlations of the TCD, SED and support-gradient metrics 
(|𝜌partial| ≤ 0.031, 0.005, and 0.023, respectively; Supplementary Ma-
terial S4) confirm that none of these models provides independent 
ranking information beyond defect size, irrespective of the choice 
of 𝐿, 𝑅𝑐 or 𝑎∗ within physically plausible ranges. The EP material 
model reduces the within-specimen metric spread by 32%, explaining 
its consistently lower ranking performance. Combined ranking metrics 
achieve a maximum hit rate of 10∕16, suggesting a performance ceiling 
governed by stochastic microstructural effects.

3.5. Part B: Fatigue-life prediction

The presentation follows a logical progression: Section 3.5.1 first 
applies all models with literature parameters to establish the base-
line performance (Phase 1); Section 3.5.2 then fits only the internal 
crack growth parameters to the present PBF-LB/M dataset (Phase 2); 
Section 3.5.3 quantifies the sensitivity of the fitted parameters to key 
modelling assumptions; and Section 3.5.4 provides a direct comparison 
of the threshold formulations.

3.5.1. Phase 1: Direct comparison without parameter fitting
The specimen-level input data (

√

Area, 𝑙𝑛, 𝑁𝑓,exp) used for all life 
predictions are listed in Supplementary Material S5. Fig.  9 shows 
the predicted versus experimentally observed cycles to failure for all 
specimens, using the crack growth parameters from Table  4 without 
any fitting to the present dataset. For all models, the initial crack size is 
taken as 𝑎0 =

√

Area from the dominant defect identified on the fracture 
surface via optical microscopy at 500× magnification, and the geometry 
factor is 𝑌 = 0.65 for surface defects and 𝑌 = 0.5 for internal defects 
following Murakami [13].

Table  10 summarises the prediction accuracy of the three models. 
The metrics include the root-mean-square error of the logarithmic life 
ratio (RMSElog), the percentage of predictions falling within factor-3 
and factor-6 scatter bands, and the mean logarithmic error (bias 𝜂̄).

The unfitted results reveal a clear performance split between surface 
and internal defect subsets (Table  10 and Fig.  9). For surface-initiated 
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Fig. 9. Predicted versus experimental fatigue-life for all three crack growth models with literature parameters (no parameter fitting, Phase 1). Results shown for 
all 73 specimens; red markers: surface-initiated failure (𝑛 = 19); blue markers: internally initiated failure (𝑛 = 54). Solid line: 1:1 correspondence; dashed lines: 
factor-3 scatter band; dotted lines: factor-6 scatter band.
Table 10
Phase 1 prediction accuracy metrics (literature parameters, no parameter 
fitting to present dataset). Results shown separately for surface-initiated (𝑛 =
19) and internally initiated (𝑛 = 54) failures.
 Environment Model 𝜂̄ RMSElog Within

 ±3× (%) ±6× (%) 
 HS −0.300 0.475 63.158 89.474  
 Surface ME −0.199 0.428 73.684 89.474  
 Hybrid 0.135 0.406 68.421 100  
 HS 1.050 1.153 9.259 25.926  
 Internal ME −1.012 1.086 7.407 29.630  
 Hybrid 1.771 1.820 0 1.852  

failures, the HS model achieves an RMSElog of 0.475 with 63.2% of 
predictions within the factor-3 scatter band and 89.5% within factor 6. 
The small negative bias (𝜂̄ = −0.300) indicates a slight systematic 
underprediction of fatigue-life, i.e. the model is marginally conservative 
for surface defects. The ME model achieves an RMSElog of 0.428 for 
surface defects, with a similarly conservative bias (𝜂̄ = −0.199) and the 
highest fraction within the factor-3 band (73.7%). The hybrid model 
exhibits the lowest surface RMSElog = 0.406 with an unconservative 
overprediction for (𝜂̄ = +0.135) and 68.4% within factor 3, but achieves 
100% within factor 6.

For internally initiated failures, all three models perform substan-
tially worse. The HS model strongly overpredicts fatigue-life (𝜂̄ =
+1.050, RMSE = 1.153), with only 9.3% of predictions within factor 3 
log

18 
and 25.9% within factor 6. This indicates that the internal (vacuum) pa-
rameters from Han et al. [41], derived from wrought TiAl6V4, predict 
excessively slow crack growth for the present PBF-LB/M material. The 
ME model underpredicts internal fatigue lives (𝜂̄ = −1.012, RMSElog =
1.086), with 7.4% within factor 3 and 29.6% within factor 6. Since 
the ME model does not distinguish between air and self-contained 
environments, this underprediction reflects its inability to capture the 
reduced crack growth rate in the internal self-contained environment. 
The hybrid model shows the largest discrepancy for internal defects 
(𝜂̄ = +1.771, RMSElog = 1.820), with 1.9% of predictions falling 
within the factor-6 band. This extreme overprediction arises because 
the combination of the Murakami-derived evolving threshold (which is 
higher than the fixed HS threshold for larger defects) with the unfitted 
Han et al. vacuum parameters produces an excessively low predicted 
crack growth rate.

These results confirm two key observations: (i) the surface-in-air 
parameters from Jones et al. [40] transfer reasonably well to the 
present PBF-LB/M TiAl6V4 without refitting, with the hybrid model 
achieving the lowest surface RMSElog = 0.406, followed by ME (0.428) 
and HS (0.475); and (ii) the internal crack growth parameters require 
material-specific parameter fitting, as all three models show RMSElog >
1.08 for internal defects. This motivates the parameter fitting of the 
internal parameters in Phase 2 (Section 3.5.2).

3.5.2. Phase 2: Parameter fitting of internal crack growth parameters
Given the discrepancy observed for internal defects in Phase 1, the 

internal crack growth parameters are fitted to the present dataset while 
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Table 11
Fitted internal crack growth parameters compared to literature values by Han 
et al. [41].
 Parameter Model Literature value Fitted value  
 𝐷int HS 2.897 × 10−13 MPa

√

m 2.471 × 10−13 MPa
√

m 
 𝑝int HS 4.18 4.564  
 𝛥𝐾thr,int HS 2.0MPa

√

m 0.5MPa
√

m  
 𝐷int Hybrid 2.897 × 10−13 MPa

√

m 3.388 × 10−11 MPa
√

m 
 𝑝int Hybrid 4.18 3.12  

Table 12
Phase 2 prediction accuracy metrics after parameter fitting of internal crack-
growth parameters to the present PBF-LB/M TiAl6V4 dataset. ME model shown 
unchanged for reference.
 Model 𝜂̄ RMSElog Within ±3× (%) Within ±6× (%) 
 HS (fitted internal) −0.080 0.425 75.34 94.52  
 Hybrid (fitted internal) 0.033 0.386 76.71 95.89  
 ME (unchanged) −0.800 0.959 24.66 45.21  

keeping the surface-in-air parameters from Jones et al. [40] unchanged. 
This approach is motivated by the observation that internal crack 
growth occurs in a self-contained environment whose characteristics 
may differ between wrought and PBF-LB/M material due to differences 
in microstructure, residual porosity, and local chemistry at the crack 
tip.

For the HS model, three parameters are fitted: 𝐷int , 𝑝int , and 𝛥𝐾thr,int , 
with 𝐴HS = 90MPa

√

m held fixed (its insensitivity in HCF is confirmed 
in Section 3.5.3 and Supplementary Material S3). For the hybrid model, 
only 𝐷int and 𝑝int are fitted, since 𝛥𝐾thr is determined by the Murakami 
formulation at each crack size. The parameter fitting minimises the 
mean squared logarithmic life error over the internal-defect subset: 

obj = 1
𝑛int

𝑛int
∑

𝑖=1

[

log10

(𝑁𝑓,pred,𝑖

𝑁𝑓,exp,𝑖

)]2

. (34)

Table  11 compares the fitted internal parameters with the literature 
values. The fitted HS coefficient 𝐷int = 2.471 × 10−13 MPa

√

m is slightly 
smaller than the Han et al. value of 2.897 × 10−13 MPa

√

m, indicating 
comparable internal crack growth rates. The dominant change lies in 
the substantially reduced threshold 𝛥𝐾thr,int , which allows crack prop-
agation at lower driving forces and thus accelerates the predicted life 
consumption in the near-threshold regime. The exponent 𝑝int increases 
slightly from 4.18 to 4.564, steepening the near-threshold sensitivity. 
Most notably, the fitted threshold 𝛥𝐾thr,int = 0.5MPa

√

m is substantially 
lower than the literature value of 2.0MPa

√

m. This suggests that inter-
nal cracks in PBF-LB/M material begin propagating at lower driving 
forces than in wrought material, consistent with the irregular, tortuous 
morphology of process-induced defects that may locally elevate the 
effective stress intensity factor.

For the hybrid model, the fitted 𝐷int is approximately two orders 
of magnitude larger than in the HS model (3.388 × 10−11 MPa

√

m vs. 
2.471 × 10−13 MPa

√

m), compensating for the higher evolving threshold 
imposed by the Murakami formulation. The lower exponent (𝑝 = 3.12
vs. 4.564) reflects the different functional form of the driving force near 
the threshold.

After parameter fitting, Table  12 and Fig.  10 present the improved 
prediction accuracy for the full dataset. Both parameter fitted models 
achieve RMSElog < 0.45 over all specimens, with more than 90% of 
predictions falling within the factor-6 scatter band.

The parameter fitting reduces the RMSElog for internally initiated 
specimens from 1.153 (Phase 1) to 0.406 for the HS model and from 
1.820 to 0.379 for the hybrid model, while leaving surface-initiated 
predictions unchanged (RMSElog = 0.475 for HS, RMSElog = 0.406 for 
hybrid, since the surface parameters are identical). The overall im-
provement is driven entirely by the internal subset, confirming that the 
surface-in-air parameters from Jones et al. [40] require no modification 
for the present material.
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Table 13
Leave-one-out cross-validation results for the parameter fitted 
crack growth models (internal defect subset, 𝑛 = 54).

RMSElog CoV (%)
Model In-sample LOOCV 𝛥 𝐷 𝑝 𝛥𝐾thr

HS 0.406 0.425 0.019 13.9 2.4 1.0
Hybrid 0.379 0.391 0.011 2.7 1.2 –

The ME model remains unchanged in Phase 2, as it does not use 
separate environmental parameters. Its overall RMSElog of 0.959 reflects 
the systematic underprediction of internal lives (𝜂̄ = −0.800) combined 
with reasonable surface performance (𝜂̄ = −0.199). This confirms that a 
single-environment model cannot simultaneously capture both failure 
populations.

The hybrid model achieves the lowest overall RMSElog (0.386) with 
one fewer free parameter than the HS model (𝛥𝐾thr is not fitted), 
demonstrating that the Murakami-derived evolving threshold provides 
a physically motivated and effective replacement for the empirical 
threshold. Its slight positive overall bias (𝜂̄ = +0.033) indicates near-
unbiased predictions, compared to the slightly conservative HS model 
(𝜂̄ = −0.080).

It is important to emphasise that the fitted internal parameters 
(𝐷int , 𝑝int , 𝛥𝐾thr,int) should be interpreted as effective parameters of 
the proposed modelling framework, derived from total fatigue-life ob-
servations and post-mortem fracture-origin measurements. They were 
not obtained from direct observation of internal crack-growth kinetics 
and may implicitly absorb contributions from short-crack behaviour, 
defect morphology variability, uncertainty in 

√

Area and 𝑙𝑛, the gradual 
transition from internal to surface crack growth, and simplifications 
in the adopted SIF formulation (Eq. (26)). This framing does not 
weaken the practical utility of the approach, but the parameters should 
not be transferred to other material conditions without independent 
validation.

The hybrid and HS models are internally validated for the present 
PBF-LB/M TiAl6V4 dataset at 𝑅 = −1. Broader generalisation to 
other build parameters, specimen geometries, stress ratios, material 
conditions or defect populations would require independent validation 
on a separate dataset not used in the fitting.

Taken together, the results of Sections 3.1–3.5.2 represent a self-
contained experimental chain for defect-tolerant fatigue assessment 
of PBF-LB/M TiAl6V4: pre-test X-ray CT inspection, fatigue testing 
to failure, post-mortem fractographic identification of fracture ori-
gins, CT/fractography matching, and fitting of effective internal crack-
growth parameters from total fatigue-life data. The systematic combi-
nation of all five steps on a single, well-defined specimen population 
constitutes a substantive experimental contribution independent of the 
model benchmark results. Even where individual steps have been re-
ported in previous studies, their consistent execution at the population 
level, across 84 specimens, two CT resolutions, and two specimen 
geometries, provides a dataset whose value extends beyond the specific 
model comparisons presented here.
Cross-validation. To assess the generalisability of the fitted internal 
parameters, leave-one-out cross-validation (LOOCV) was performed on 
the 𝑛int = 54 internally initiated specimens. In each fold, one specimen 
is held out, the internal parameters are refitted on the remaining 
𝑛int − 1 specimens, and the held-out specimen’s life is predicted with 
the fold-specific parameters. Table  13 summarises the results.

The cross-validated RMSElog exceeds the in-sample value by 𝛥 =
+0.011 for the hybrid model and 𝛥 = +0.019 for the HS model, 
confirming that overfitting is negligible for both formulations despite 
the small fitting dataset. The parameter stability across folds confirms 
that both parameter fits are robust: the HS model achieves CoV values 
of 13.9% for 𝐷, 2.4% for 𝑝, and 1.0% for 𝛥𝐾thr , while the hybrid model 
achieves CoV < 3.0% for both 𝐷 and 𝑝. Both models thus yield uniquely 
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Fig. 10. Predicted versus experimental fatigue-life after fitting of internal crack-growth parameters (Phase 2). Surface parameters unchanged from Jones et al. [40]. 
Red markers: surface-initiated failure (𝑛 = 19); blue markers: internally initiated failure (𝑛 = 54). Solid line: 1:1 correspondence; dashed lines: factor-3 scatter 
band; dotted lines: factor-6 scatter band.
identified parameter sets on the present dataset (two vs. three free 
parameters), which constitutes a practical advantage when the fitting 
dataset is small. The negligible LOOCV degradation (𝛥 < 0.02 for both 
models) confirms that neither formulation overfits to the fitting data.

3.5.3. Sensitivity studies
The robustness of the predictions was assessed through systematic 

sensitivity studies on the key model parameters: the ligament threshold 
𝑙𝑛, the cyclic fracture toughness 𝐴HS, the failure criterion, and the 
fractographic measurement uncertainty. The principal findings are:

• The ligament threshold 𝑙𝑛,thr governs the surface/internal classi-
fication. For 𝑙𝑛,thr ≤ 20 μm, prediction accuracy is insensitive to 
the exact value (RMSElog varies by approximately 0.04); beyond 
50 μm, accuracy degrades significantly as internal defects are 
misclassified.

• The cyclic fracture toughness 𝐴HS is confirmed to be insensitive 
in HCF in terms of prediction quality : across 𝐴HS ∈ 50MPa to
170MPa

√

m, the RMSElog varies by less than 0.003. Within the 
physically relevant range (𝐴HS ≥ 60MPa

√

m), the fitted pa-
rameters are remarkably stable (𝐷: < 20%, 𝑝: < 5%, 𝛥𝐾thr ≈
0.5MPa

√

m). Below 𝐴HS = 60MPa
√

m, the optimiser converges to 
a qualitatively different solution. This confirms that 𝐴HS neither 
affects the life prediction nor the fitted parameters within the 
Jones et al. [40] range.

• The fractographic measurement uncertainty propagates into a 
mean life uncertainty of approximately 1.5× for the parameter fit-
ted models (excluding classification-boundary specimens), which 
is well within the factor-3 scatter band. The defect size (

√

Area) 
is the dominant contributor (∼1.5×), while the ligament distance 
𝑙𝑛 has negligible influence (∼1.0×).

• The failure criterion has negligible influence: RMSElog varies by 
less than 0.022 for the parameter fitted models across all tested 
criteria.

Full details are provided in Supplementary Material S3.

3.5.4. Comparison of threshold formulations
A key distinction between the HS and hybrid models lies in the 

treatment of the crack growth threshold. The HS model uses a fixed 
𝛥𝐾thr (fitted or taken from literature), while the hybrid model derives 
a crack-size-dependent threshold 𝛥𝐾thr (𝑎) from the Murakami fatigue 
limit 𝜎𝑤(𝑎) at the current crack size (Eq. (30)): 
𝛥𝐾 (𝑎) = 𝑌 ⋅ 𝑓 (𝑅) ⋅ 𝜎 (𝑎) ⋅

√

𝜋𝑎 . (35)
thr 𝑤

20 
Fig.  11 compares the Murakami-derived threshold at the initial 
defect size 𝑎0 =

√

Area with the fixed HS thresholds (literature 
value: 2.0MPa

√

m; fitted value: 0.5MPa
√

m). The Murakami-derived 
values range from 1.68MPa to 3.95MPa

√

m. For surface defects, the 
range is 2.29MPa to 3.58MPa

√

m, exceeding the fixed HS threshold of 
2.0MPa

√

m. All values exceed the fitted HS threshold of 0.5MPa
√

m. 
The threshold increases monotonically with defect size through the 
𝑎1∕3 dependence inherent in the 

√

Area parameter model (𝛥𝐾thr ∝
𝜎𝑤 ⋅

√

𝑎 ∝ 𝑎−1∕6 ⋅𝑎1∕2 = 𝑎1∕3). This observation helps explain the different 
behaviour of the unfitted and fitted hybrid models.

First, in the unfitted hybrid model, the Murakami-derived threshold 
is consistently higher than the fixed threshold used in the HS model. 
As a result, the effective driving force (𝛥𝐾 − 𝛥𝐾thr ) is reduced. This 
directly lowers the predicted crack growth rate. Combined with the 
already slow vacuum parameters from Han et al. [41], this leads to 
a strong overprediction of fatigue-life in Phase 1 (RMSElog = 1.820 for 
internal defects).

Second, after parameter fitting, this effect is largely compensated by 
a larger fitted coefficient 𝐷int (Table  11). The parameter fitted hybrid 
model offsets the higher evolving threshold by increasing the overall 
crack growth rate. The net effect is that the fitted hybrid model achieves 
slightly better prediction accuracy (RMSElog = 0.386) than the fitted HS 
model (RMSElog = 0.425), despite the higher threshold.

A key difference remains, however, in how both models repre-
sent near-threshold behaviour. The HS model relies on a constant 
fitted threshold, whereas the hybrid model uses an evolving threshold 
𝛥𝐾thr (𝑎) that increases with crack size. This gives the hybrid formula-
tion a more physically motivated near-threshold response, which may 
explain its slightly better overall fit.

For surface defects (red markers in Fig.  11), the Murakami-derived 
thresholds range from 2.29MPa to 3.58MPa

√

m, lying 15% to 79%
above the fixed value of 2.0MPa

√

m. For internal defects (blue mark-
ers), the range extends to 3.95MPa

√

m due to the larger typical defect 
sizes. The internal defects also exhibit higher threshold values because 
the subsurface location factor (𝐶 = 1.56 vs. 𝐶 = 1.43 for surface) 
increases the Murakami fatigue limit and, consequently, the derived 
threshold.

The fitted HS threshold of 0.5MPa
√

m lies below all Murakami-
derived values. The parameter fitted HS model allows crack growth 
at lower driving forces than the hybrid model’s evolving threshold. 
This difference is compensated by the lower HS coefficient (𝐷int,HS =
2.471 × 10−13 MPa

√

m vs. 𝐷int,hybrid = 3.388 × 10−11 MPa
√

m), such that 
both parameter fitted models produce similar integrated lives.
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Fig. 11. Comparison of initial threshold stress intensity factors 𝛥𝐾thr as a function of initial defect size 
√

Area. Markers: Murakami-derived evolving threshold 
(Eq. (30)) evaluated at the initial defect size for each specimen. Horizontal lines: fixed thresholds used in the HS model.
Table 14
Summary comparison of fatigue-life prediction models. ‘‘Fitted parameters’’ refers to parameters fitted to the 
present dataset; all other parameters are taken from literature or are universal constants.
 Model Fitted parameters Total parameters Requires 𝐻𝑉 Environment distinction RMSElog 
 HS (dual env.) 3 (𝐷, 𝑝, 𝛥𝐾thr ) 8a No Yes 0.425  
 ME (single env.) 0 3b Yes No 0.959  
 Hybrid 2 (𝐷, 𝑝) 6c Yes Yes 0.386  
a 𝐷, 𝑝, 𝛥𝐾thr , 𝐴HS per environment × 2 environments = 8; surface parameters from Jones et al. [40] (not fitted), 𝐴HS fixed.
b 𝐶∗ = 10−4, 𝑚∗ = 2, 𝑛∗ = 1; claimed material-independent [42].
c 𝐷, 𝑝 per environment + 𝐴HS (fixed) + 𝜎𝑤(𝑎,𝐻𝑉 ) from Eq. (29); 𝛥𝐾thr replaced by Murakami formulation.
3.5.5. Summary of model comparison
Table  14 provides a consolidated comparison of all three crack 

growth models, including the number of parameters requiring fit-
ting to the present dataset, the input requirements beyond the de-
fect geometry, and the prediction performance after fitting of internal 
parameters.

In summary, the parameter fitted hybrid model achieves the low-
est overall RMSElog (0.386) with only two free internal parameters, 
confirming that the Murakami-derived evolving threshold provides a 
physically motivated and effective replacement for the empirical 𝛥𝐾thr . 
The HS model offers a marginally conservative alternative (RMSElog =
0.425, 𝜂̄ = −0.080) at the cost of one additional fitting parameter. 
The ME model, while requiring no parameter fitting, cannot capture 
the reduced internal crack growth rate and is therefore limited to 
a conservative first-order estimate for surface-initiated failures (sur-
face RMSElog = 0.428). These findings, together with the ranking 
results from Part A, are synthesised into practical recommendations in 
Section 4.

The choice of model depends on the available input data and 
the acceptable prediction uncertainty. If crack growth data (or fitting 
specimens) are available, the hybrid model is recommended: it re-
quires only 𝐻𝑉 , the defect geometry (

√

Area, 𝑙𝑛), and two internal 
fitting parameters. If no fitting data are available but 𝐻𝑉  is known, 
the ME model provides a conservative estimate for surface-initiated 
failure without any curve fitting. If a conservative prediction is desired 
with parameter fitting, the HS model provides a slight systematic 
underprediction that constitutes an implicit safety margin.

The results of Part B complement the ranking benchmark of Part A: 
the geometry-based defect criticality models (Section 3.4) provide a 
computationally inexpensive identification of the most critical defect, 
and the hybrid crack growth model then translates that defect’s char-
acteristics into a fatigue-life estimate with an accuracy of ≈0.4 decades 
(RMSE ) and 96% of predictions within a factor of 6.
log

21 
4. Conclusion

This work presents a systematic benchmark of nine defect critical-
ity models and three crack growth models for defect-tolerant fatigue 
assessment of PBF-LB/M TiAl6V4, evaluated on 84 fatigue specimens 
(two series) inspected by X-ray CT prior to testing. Within the scope of 
the present dataset, the following main conclusions are drawn:

1. Geometry-based defect criticality models perform compara-
bly to simulation-based approaches in the present matched 
dataset. For the 21 specimens successfully matched between CT 
and fractography, the geometry-based models, in particular the 
Tammas-Williams model, achieve ranking accuracy comparable 
to or better than the best simulation-based approaches. The 
geometry-based models require less than 1min per specimen, 
compared to 10min to 30min for the simulation-based work-
flow (LE/EP), yet the additional computational effort does not 
translate into measurably higher ranking accuracy in the present 
dataset.

2. Defect size is the dominant criticality descriptor in the 
present benchmark. Partial correlation analysis demonstrates 
that all FE-based metrics retain negligible independent discrim-
inative power (|𝜌partial| ≤ 0.039) after controlling for 

√

Area. 
This indicates that, for the investigated specimens at the given 
CT resolution, defect size is the primary driver of ranking per-
formance, while more elaborate local-field metrics add only 
limited additional information. The ranking accuracy ceiling of 
approximately 60% is governed by the dominance of defect size 
rather than by the fidelity of the stress analysis.

3. EP material models reduce ranking performance. Stress re-
distribution through local yielding homogenises the stress–strain 
response across defects (mean CoV reduction of 32%), dimin-
ishing the discriminative power of simulation-based metrics. LE 
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models consistently outperform EP variants for defect ranking 
purposes.

4. Dual-environment crack growth modelling is essential for 
life prediction accuracy. The distinction between surface crack 
growth in air and internal crack growth in a self-contained envi-
ronment improves the logarithmic prediction accuracy by more 
than a factor of two (RMSElog < 0.45 for the dual-environment 
models vs. 0.959 for the single-environment ME model). Surface-
in-air parameters from the literature [40] transfer directly to the 
present PBF-LB/M material without refitting, whereas internal 
parameters require material-specific fitting. The fitted internal 
parameters indicate faster crack growth and a lower threshold 
compared to wrought TiAl6V4, consistent with the irregular 
morphology of process-induced defects in the present build. 
These fitted values should be understood as effective parameters 
of the proposed framework (Section 2.8.5) rather than as in-
dependently measured intrinsic crack-growth constants, as they 
are inferred from total fatigue-life data and may absorb effects 
beyond the modelled crack-growth mechanism.

5. The proposed hybrid model achieves the best prediction 
accuracy with the fewest fitted parameters. By replacing 
the fixed threshold 𝛥𝐾thr with the Murakami-derived, crack-
size-dependent formulation, one free parameter is eliminated 
without loss of accuracy (RMSElog = 0.386, 96% within fac-
tor 6). Where no fitting data are available, the parameter-free 
ME model provides a conservative baseline for surface-initiated 
failures (surface RMSElog = 0.428).

6. CT resolution governs the practical applicability of the rank-
ing approach. The matching rate between CT-detected and 
fractographically identified defects increases from 12% (25.6 μm
resolution) to 37% (14 μm resolution), highlighting the need 
for high-resolution CT inspection in defect-tolerant assessment 
frameworks. This dependence of the matching rate on CT res-
olution is not only a practical limitation but also a substan-
tive experimental finding: it demonstrates the practical diffi-
culty of closing the complete chain from non-destructive in-
spection to fracture-origin validation, and quantifies the CT 
resolution required for reliable CT-to-fractography matching in 
defect-tolerant fatigue assessment.

Combining both parts, the results suggest the following workflow 
for defect-tolerant fatigue assessment of PBF-LB/M components: (i) in-
spect by X-ray CT at a resolution sufficient to resolve the expected 
critical defect size, (ii) rank defects using the Tammas-Williams model 
or, equivalently, the Murakami 

√

Area model with interaction correc-
tions, and (iii) predict the fatigue-life of the critical defect using the 
hybrid crack growth model with dual-environment parameters fitted 
to a small number of representative specimens.

Limitations of this study include the restriction to uniaxial loading 
(𝑅 = −1), a single material system (TiAl6V4), and a defect population 
dominated by near-equiaxed gas pores with moderate lack-of-fusion 
contributions. For components with highly irregular LOF-dominated de-
fect populations, multiaxial stress states, or significantly higher defect 
densities, the relative advantage of simulation-based approaches may 
increase. Future work should extend the benchmark to multiaxial load-
ing conditions, alternative AM materials, and larger matched datasets 
to further validate the observed ranking equivalence and the hybrid 
crack growth formulation.
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