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ARTICLE INFO ABSTRACT
Keywords: The present paper presents two novel data-driven topology optimization (TO) procedures to design lighter
Machine learning additively manufactured (AM) fatigue resistant components. The first TO method is driven by a probabilistic

Topology optimization machine learning (ML) algorithm based on a Bayesian Neural Network (BNN), trained on fatigue data from the

ii;g:,le facturi literature to assess probabilistic stress-life (PSN) curves. These curves are used to predict the allowable design
1{1ve manufacturin; . . N
Defects & stress for TO and are predicted directly from AM process parameters, the risk volume, and thermal and surface

Lightweight design treatments. The second TO design procedure is instead driven by another BNN, trained to predict the maximum

Fracture Mechanics critical defect size from the process parameters. The TO limit stress is computed from the predicted critical defect
and the threshold stress intensity factor K. After the TO, the critical stress intensity factor K; in the component is
computed and compared against K, to assess the effectiveness of this design procedure. These two frameworks
are applied to the design of an SS316L automotive suspension lower control arm and a Ti6Al4V aerospace
bracket, respectively. With the following framework, the limit stress calculation does not require specifically
designed experimental campaigns and prototyping, as previously sparse experimental knowledge can be
embedded in a powerful design tool, which allows for preventing fatigue failures, while accounting directly for
the influence of the AM process parameters.

Abbreviations: a,, Critical defect size [um]; AM, Additive Manufacturing; BNN, Bayesian Neural Network; C(p), Global compliance of the part; C90, Confidence
level at 90%; dt Ann, Annealing time [hours]; dt HIP, Hot Isostatic Pressing time [hours]; F, External forces vector; Fac, Cumulative probability of a critical defect
[%]; FE, Finite Element; h, Hatch Distance [ym]; HCF, High Cycle Fatigue; HIP, Hot Isostatic Pressing Thermal Treatment; K(p), Stiffness matrix; K;, Stress Intensity
Factor opening mode I [MPao\/m] ; K, Threshold Stress Intensity Factor [MPao\/m] ; m, Total mass of the part; ML, Machine Learning; my;,, Upper limit mass
constraint; Ny, Number of cycles to failure on the R50 PSN curve; Ngrgocop, Number of cycles to failure on the R90C90 PSN curve; NN, Neural Network; P, Laser Power
[W1; P_HIP, Hot Isostatic Pressing Pressure [bar]; PBF-LB, Powder Bed Fusion — Laser Beam; PS, Powder Size [pm]; PSN, Probabilistic Stress-Life (Curves); R90,
Reliability level at 90%; ReLU, Rectified Linear Unit activation function; S,, Stress amplitude [MPal; Sqroocoo, Stress amplitude retrieved on the R90C90 curve
[MPa]; S;max, 1st maximum principal stress from FE analysis [MPa]; SIF, Stress Intensity Factor; Sjn,, Upper limit stress constraint [MPa]; SN, Stress-life curves;
SS316L, Stainless Steel 316L; ST DN, Deep Nitriding surface treatment Boolean; ST EDM, Electric Discharge Machining Surface Treatment Boolean; ST EP, Electro-
polishing surface treatment Boolean; ST Grind, Grinding surface treatment Boolean; ST LSP, Laser Shot Peening Surface Treatment Boolean; ST Mac, Machining
surface treatment Boolean; ST Nitr, Nitriding surface treatment Boolean; ST Pol, Polishing surface treatment Boolean; ST SB, Sand Blasting Surface Treatment
Boolean; ST SMAT, Surface Mechanical Attrition Surface Treatment Boolean; ST SP, Shot Peening Surface Treatment Boolean; ST _SSP, Severe Shot Peening surface
treatment Boolean; ST VF, Vibratory Finishing surface treatment Boolean; t, Layer Thickness [pm]; T Ann, Annealing Temperature [°C]; T_HIP, Hot Isostatic Pressing
Temperature [°C]; TO, Topology Optimization; TT Ann, Annealing (Stress relief) thermal treatment Boolean; TT HIP, Hot isostatic pressing thermal treatment
Boolean; u, Displacement vector; v, Laser Scan Speed [mm/s]; Vi, Risk Volume; Y, Reduced parameter for the Gumbel distribution; p, Vector of design density
variables; 9, Building Orientation [°]; p*, Density threshold value.
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1. Introduction

Additive manufacturing (AM) has rapidly advanced and is now
widely adopted in sectors such as aerospace, automotive, and biomed-
ical engineering [1-3] due to its ability to fabricate complex and light-
weight geometries [4-6], such as lattices, cellular and chiral structures,
unachievable with conventional manufacturing methods [7-9]. Among
AM techniques, Powder Bed Fusion — Laser Beam (PBF-LB) stands out
for its capability to process high-performance metal alloys, including
Ti6Al4V and SS316L, with great resolution and geometric accuracy.

Despite its advantages, PBF-LB is known to introduce process-
induced defects such as lack-of-fusion, porosities, gas-entrapped voids,
and rough surfaces, which critically affect fatigue performance [10-12].
Various strategies have been proposed to mitigate these defects,
including optimization of process parameters [13] and post-processing
treatments aimed at improving surface roughness, relieving residual
stresses, or lowering porosity levels [14,15]. Nonetheless, even opti-
mized and treated components typically retain a statistically significant
defect population, which reduces fatigue performance compared to
conventionally manufactured counterparts [16].

The application of machine learning (ML) to predict the fatigue
behavior of materials is a young research field [17,18], and AM has
opened new possibilities in the matter. In fact, the effect of process pa-
rameters on both defect formation [10,16,19-21] and fatigue behavior
can be captured and predicted using ML methods, to model the rela-
tionship between manufacturing conditions and structural performance.
Among all ML algorithms, neural networks (NN) stand up as the most
flexible, precise and scalable [22,23]. They span from purely data-
driven NN to physics-informed ones [23-28], which enclose prior sci-
entific knowledge and available experimental data at the same time
[29], showing a remarkable improvement in the prediction of fatigue
life [23,30-35]. However, to improve the trustworthiness and reliability
of such algorithms, it is preferable to have a probabilistic formulation of
the ML model, such as in [36,37] and in [35], where a probabilistic NN,
namely a Bayesian NN (BNN) [38], has been created to separate the
experimental uncertainty from the ML model uncertainty. Such ML
framework allows to output fatigue curves that are shifted down thanks
to the Owen’s method [39] for improved safety.

The flexibility and design freedom of AM can be leveraged by tech-
niques such as topology optimization (TO), which allows to reduce the
component mass, without compromising its structural safety and load
bearing capacity, as the part stiffness is maximized without exceeding a
proper stress limit. The latter one is usually obtained with statistical
methodologies and lengthy experimental campaigns, which are repre-
sentative of the AM machine with a specific set of process parameters. At
this preliminary TO stage, defects are not considered. For example, the
influence of manufacturing defects on the fatigue performance can be
verified with computed tomography (CT) scans after the production of
the TOed part [40,41], with the risk that it does not meet the safety
requirements and the required safety margin, depending on the
application.

To address these numerous issues in TO, several attempts have been
made over the years [42]. In [6], a defect-driven TO for fatigue design is
proposed, where the first principal stress is reduced according to the
defect distribution derived from the AM process. In [43], two TO
methodologies to design against fatigue failures for AM parts have been
proposed: the first one is defect driven, whereas the second one con-
siders the size-effect while accounting for the stress distribution in the
material. In [44], an aerospace bracket was optimized and manufac-
tured by considering fatigue constraints to avoid stress concentration in
critical areas. In [45], the design problems of stress constrained topology
optimization with free form design domain have been addressed by
proposing new computing procedures. However, to the best of the au-
thors’ knowledge, no research employs ML as a direct tool to consider at
once all the influencing factors when predicting a reliable stress limit for
the TO of AMed parts.
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In the present paper, two components, respectively an automotive
suspension lower control arm (lower control arm) made of SS316L, and
an aerospace bracket made of Ti6Al4V, are designed using TO, by setting
a ML-derived stress constraint. For the lower control arm, the stress
constraint corresponds to the stress amplitude (S,) at two million cycles,
with 90 % confidence and 90 % reliability (R90C90), namely Sq roocoo,
predicted by the Fatigue BNN of [35]. Moreover, for the Ti6Al4V
component, an alternative approach has been developed and validated,
with the TO carried out by computing the limit stress from the most
critical stress intensity factor (SIF) and from the critical defect size. The
latter one is estimated with a BNN, which predicts the defect size
starting from the process parameters. Two combinations of process pa-
rameters are considered to assess the stress limit and to run both
optimizations.

The article is structured as follows: Section 2 describes the two BNNs,
which predict the stress limit and the critical defect size starting from the
process parameters, and the TO design procedures. Section 3 describes
two case studies, the training databases employed and the results of the
TO procedures. Section 4 compares the two TO procedures on the
bracket and analyses the SIF validation procedure. Section 5 discusses
the strengths and the limitations of this framework. Lastly, conclusions
are drawn in Section 6.

2. Methods

This section describes the adopted algorithms. Section 2.1 provides
details on the Fatigue BNN used to predict the stress limit with a given
combination of process parameters. Section 2.2 explains the architecture
of the BNN used to predict the most critical defect size a. (Defects BNN in
the following). Section 2.3 and 2.4 describe their implementation into
the TO algorithm used to design components against fatigue failures.

2.1. Fatigue BNN

The Fatigue BNN is employed to predict the design stress limit
against fatigue failures for the TO. The BNN has an architecture very
similar to the one described in [35], enabling the calculation of the stress
limit with user defined confidence and reliability levels. The BNN
inherently accounts for process-affected defect distributions, which
implicitly affect the resulting fatigue performances. It features an input
layer, three hidden deterministic layers and an output variational layer.
The number of input nodes depends on the selected alloy, as the type and
number of surface treatments reported in the literature datasets varies.
An input node belongs to one of these five categories: process parame-
ters, risk volume (V,), thermal treatments, surface treatments, and
stress amplitude. These input types are either reported in numeric or
Boolean format. The process parameters include: building orientation 9
[°], laser power P [W], laser scan speed v [mm/s], hatch distance h [pm],
and layer thickness t [pm]. The risk volume Vg [mm?] is defined as
described in [32], i.e., the volume of material that is bearing a level of
stress above 90 % of the nominal stress. Thermal treatments features are
divided into Boolean — for both annealing (TT Ann) and hot isostatic
pressing (TT_HIP) — and numeric — to highlight the treatment charac-
teristics such as temperature in [°C] (T_Ann and T HIP), duration in
[hours] (dt HIP and dt Ann) and pressure in [bar] (P_HIP). As anticipated
before, the surface treatments depend on the considered alloy; however,
common treatments as machining (ST Mac), polishing (ST Pol), sand
blasting (ST _SB), and shot peening (ST SP) are common to every alloy.
The last input node is referred to the equivalent stress amplitude S,
[logip(MPa)] defined wusing the Smith-Watson-Topper correction
(Sa.r=—1 = Smax ® /0.5 @ (1 — R)). These input nodes are connected to a
pyramidal architecture of hidden layers with 100, 75 and 50 neurons,
respectively, all featuring a rectified linear unit (ReLU) activation
function, which shows superior performance as opposed to the other
types of activation functions for the fatigue life prediction of AMed parts.
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Fig. 1. Fatigue BNN structure. In blue the input nodes, in green the hidden ones and in orange the output ones. In grey deterministic ReLU connections, while in red,
variational connections for the output layer. A BNN is trained by minimizing the loss function L, which includes the Kullback-Leibler [38] divergence of the learned

weight distribution and the negative log likelihood of the weights [35].

This type of structure has proven to be suitable for predicting the fatigue
life of PBF-LBed parts [22-24,35,46]. Since S, influences Nysignificantly
more than the other inputs, the third layer has been concatenated to the
input node of S, to give it a higher importance, and to establish the
correct linear relation between S, and Ny. The hidden structure is then
connected to the linearly activated variational output layer, which
provides the final prediction of the training labels, namely the R50 (Ny)
and R90C90 (Nfrooceo) fatigue life. The structure of the Fatigue BNN is
shown in Fig. 1. For more details about the implementation of varia-
tional layers and the BNN, the reader is referred to [35,38]. The Fatigue
BNNs are trained for 1500 epochs, with a learning rate of 0.001 and a
variable batch size with a training and test split of 90 %-10 %. The
choice of this training split was validated for each BNN with a 10-fold
cross validation, which showed comparable training and validation
losses across the different folds. Moreover, the Fatigue BNN exhibits
good training behavior and a very low generalization error for both

materials. Additional analyses regarding the 10-fold cross validation and
the Fatigue BNNs structure sensitivity analysis with considerations on
the activation functions, number of layers and neurons and generaliza-
tion error are available online as supplementary materials.

2.2. Defects BNN

The Defects BNN has an architecture similar to the Fatigue BNN,
except for the number of inputs and the type of outputs. The training
data for Ti6Al4V is the same used in [24], while the architecture has
been reformulated in a probabilistic ML framework as in [35]. The in-
puts are the process parameters (9, P, v, h and t), the mean powder size
(PS) and the reduced variable Y = -log(—log(Fa,)), calculated from the
cumulative probability of a defect Fa.. The output is the critical defect
size a., defined as the square root area of a defect projected on a plane
perpendicular to the direction of the principal stress. The inputs are

Fig. 2. Defects BNN structure: Input nodes are shown in blue, hidden neurons in green, and output nodes in orange. Deterministic ReLU connections are depicted in

grey, while variational connections for the output layer are colored in red.
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passed to a deterministic pyramidal structure similar to the one shown in
Section 2.1, with three layers featuring 100, 75 and 50 neurons,
respectively, concatenated on the third layer with the Y input. The last
hidden layer is then connected to a linear variational output layer of a.
The architecture of the Defects BNN is schematized in Fig. 2. The
hyperparameters are: 1500 epochs, a learning rate of 0.001 and 15 steps
per epoch, with a 90 %-10 % training-test split, which was once again
validated with a 10-fold cross validation, leading to a low generalization
error and a stable training process. The training database is detailed in
Table 2 of Section 3.2.1. Also here, the employment of a BNN favors
model improvement and a better generalization [38]. Further discus-
sions regarding the k-fold cross validation and the Defects BNN structure
(activation functions, number of layers and neurons) with overfitting
analyses are available online as supplementary materials.

2.3. Topology optimization combined with the fatigue BNN

To design components against fatigue failures using TO algorithms,
the commercial software Altair Hypermesh has been used. Once the
material has been chosen and the BNN has been trained, the next step

International Journal of Fatigue 206 (2026) 109481

consists of selecting the process parameter settings that could be
potentially used for the AM of the parts. In this study, the BNN is used to
predict the R90C90 PSN curve, given the parameters 9, P, v, h, and t.
Different levels of reliability and confidence can be used to train the
model, depending on the application [35]. For the estimation of the PSN
curves, Vs is conservatively considered equal to the maximum volume
available in the training database, and the material is considered as-
built, i.e., without thermal and surface treatments. The TO is per-
formed with linear elastic Finite Element (FE) analyses, using an implicit
solver, as formulated in Eq. (1).

p" = argmin C (g)

o120
lim

@)
Sl,max _ 1 S 0

lim

governed by K (g) u=~F.

In Eq. (1), C(p) is the global compliance of the part (i.e. the function to

Fig. 3. Flowchart to design fatigue resistant TOed parts that account for process-affected fatigue performances. In purple, the procedure that calculates Sy;,, from the

Fatigue BNN, in blue, the one that starts from the Defects BNN.
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Fig. 4. SS316L automotive lower control arm initial design space, with constraints and loads.

Fig. 5. All 518 SS316L training points belonging to the automotive suspension lower control arm Fatigue BNN training database, divided by dataset (refer to
Table A.1 for dataset codes), displayed in the bi-logarithmic SN plane. Circular markers are failed specimens, whereas triangular ones are runouts.
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(a)
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(b)

Fig. 6. Design PSN curves for the SS316L automotive suspension lower control arm, for the best (a) and worst (b) configuration of process parameters. The black
points are all the instances of the training database. In red, the lifecycle limit in the HCF regimen, while in blue the R90C90 PSN curve from which the stress limit has

been retrieved.

Table 1

Sets of process parameters and Vi;sx used to retrieve the corresponding design
stress limit Sjiy,, from the Fatigue BNN for the SS316L automotive suspension
lower control arm.

Condition & P v [mm/ h t Vyisk Stim
[°] [W] s] [pm] [pm] [mm®] [Mpa]

Best 90 100 1200 60 20 1005 145

Worst 90 225 800 100 50 1005 117

minimize), and p = {p1, pa,..., pn} is the vector of the design variables,
namely the densities of the N elements. The minimization of C(p) must
proceed without violating the upper constraints on the mass my, and
stress Sjim, which are imposed a priori. In Eq. (1), m is the total mass of
the part and Spmax the maximum principal stress. Sy, is equal to Sg,
R90C90, 1-€. the limit stress calculated with the R90C90 curve obtained
with the Fatigue BNN. The imposed TO stress constraint value is

(a)

probabilistic in the sense that, even if the mean value is selected, the
BNN is trained on R90C90 fatigue data. This specific training formula-
tion takes into account three important sources of uncertainties, namely
the epistemic and aleatoric uncertainty of fatigue (accounted by the
R90CI0 life) and the ML model uncertainty (accounted by the BNN)
[35]. As such, the BNN allows to extract the stress constraint limit Sy,
for the TO, both as the mean value or as the 10th percentile of the design
R90C90 curve. In the following study Sjin is chosen as the mean value.

The results of the TO are a density map with values ranging from pj,¢
(equal to 10 = 10'4, to avoid numerical instabilities) and 1. The final
material distribution is then defined using a density threshold value p*,
by deleting all the elements with p < p*. Then the geometry is recon-
structed and the component is re-meshed, to check that the mass and
stress constraints have not been violated. If one of the constraints is
violated, a different value of p* can be chosen. Once an acceptable
design is identified, the geometry is re-shaped into a manufacturable AM
part using the Polynurbs function of Altair Inspire, which smooths spiky
areas that can create stress concentrations. Finally, the stress constraint

(b)

Fig. 7. FEA of the re-shaped TO geometries of the SS316L lower control arm for the best (a) and worst (b) with the S; distribution.
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Fig. 8. Ti6Al4V aerospace bracket initial design space, with constraints
and loads.

Fig. 9. All the 222 training points belonging to the defects training database of
the Ti6Al4V aerospace bracket divided by dataset (refer to Table 2 for dataset
code), displayed in the Gumbel plot.

is verified on the optimized geometry with a FEA. For a graphical
interpretation of the procedure, the reader is referred to Fig. 3, following
the purple path.

2.4. Topology optimization combined with the Defects BNN

The limit stress can be computed from the allowable SIF Ky, using the
prediction of the Defects BNN. This second approach involves a TO
formulation and procedure similar to that reported in Eq. (1), but Sy, is
calculated as in Eq. (2):

Table 2

International Journal of Fatigue 206 (2026) 109481

K

Sim:47
" Cerea

(2)

The allowable SIF Ky, can be found in the literature or experimentally,
while a. is obtained from the Defects BNN with the investigated sets of
process parameters. The corrective factor C is conservatively assumed to
be equal to 0.65 (corresponding to surface defects, as opposed to 0.5 for
internal defects). Once the TO is performed, the procedure follows the
same steps described in Section 2.3. For a graphical interpretation of this
procedure, the reader is referred to Fig. 3, considering the blue path.

3. Application to aerospace and automotive components

In this Section, the design procedures against fatigue failures are
applied to two case studies: the optimization of an automotive suspen-
sion lower control arm made of SS316L using the Fatigue BNN (Section
3.1), and the optimization of an aerospace bracket made of Ti6Al4V
using the Defects BNN (Section 3.2).

3.1. Automotive suspension lower control arm

The automotive lower control arm [47] is originally made of SS316L,
with a total mass of 2.55 kg. For the TO, the initial design space has been
defined as shown in Fig. 4. The part is connected to the application point
of the loads through rigid elements, as described in [47]. A load of 3000
N along the negative x direction, and a torque of 84.6 Nm around the y
direction are applied to the lower control arm, representative of a
braking maneuver. As shown in Fig. 4, the design space corresponds to
the region in dark red, whereas the non-design space corresponds to the
grey regions. The masses of the design and non-design spaces are
respectively 21.84 kg and 0.22 kg. The lower control arm has been
meshed with solid tetra elements, with a mesh size of 4 mm, which
yields to 169,671 elements. The following mesh size proves to be fine
enough to guarantee high precision of the FE model, without leading to
unnecessarily long computation times, as finer mesh sizes do not
introduce significant benefits. Details regarding the mesh sensitivity
analysis of the lower control arm are available as supplementary
materials.

3.1.1. Training database

The process parameters and datasets collected in the SS316L training
database are reported in Table A.1 of Appendix A. For the SS316L alloy,
the ranges of the process parameters are the following: P ranges from 90
W to 350 W, v from 425 mm/s to 2400 mm/s, h from 60 pm to 150 pm
and t from 20 pm to 50 pm. The database also reports Vs to account for
the size effect, which ranges from 27 mm? to 1005 mm®. The thermal
treatments are either annealing or HIP and are encoded with Boolean
features (TT Ann and TT HIP), while their details are noted with numeric
features. The treatment details are: the temperature (T_Ann and T _HIP),
its duration (dt. Ann and dt HIP) — which is O if the thermal treatment is

Training database used to train the Defects BNN used to retrieve the critical defect size a. for the Ky, TO validation of the Ti6Al4V aerospace bracket.

Indexing Process parameters Powder size
Reference  Article  Dataset  N° Orientation 9 Laser Power P Scan Speed v Hatch Distance h Layer Thickness t Powder Size
Instances [°] [W] [mm/s] [pm] [pm] [pm]
[49] 1 0 17 90 175 710 120 30 41.5
[501] 2 1 15 90 280 1200 140 30 38
[51] 3 2 53 0 175 775 120 30 43
3 3 39 45 175 775 120 30 43
3 4 35 90 175 775 120 30 43
[52] 4 5 9 90 400 150 120 60 38.18
[53] 5 6 15 920 280 1200 140 30 45
5 7 18 90 280 1200 140 30 34
[54] 6 8 21 90 300 1400 140 30 38
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Fig. 10. All the 1106 Ti6Al4V training points belonging to the aerospace bracket training database divided by dataset (refer to Table B.1 for dataset code), displayed
in the bi-logarithmic SN plane. Circular markers are failed specimens, whereas triangular ones are runouts.

Table 3

Literature Ky, values used for the Defects BNN design procedure. To find the Slim the lowest one.
Code K1 Kn2 Kin3 Kin4 Kih s Kine Kin7 Kins Kino
Ref [56] [55] [57] [54] [58] [59] [60] [61] [62]
K [MPao\/m] 2.7 4.3 5 5.5 5.63 6.5 7.234 7.5 7.8

not applied — and its pressure (P_HIP). Surface treatments are noted as
Boolean features, and for SS316L are seven: machining (ST Mac), pol-
ishing (ST Pol), grinding (ST Grind), vibratory finishing (ST VF),
nitriding (ST Nitr), deep nitriding (ST_DN) and electro polishing (ST _EP).
For SS316L, there are 518 training instances in total, coming from 51
experimental datasets, which come from 17 literature papers. Fig. 5
reports all the experimental datasets of the training database.

3.1.2. Topology optimization from the fatigue BNN

As anticipated in Section 2.3, the TO aims at minimizing the material
usage of the part, while guaranteeing safety against fatigue loads. This
workflow is ML-aided to properly define Sj;,, which is retrieved from the
Fatigue BNN with a defined set of process parameters, allowing the
designer to gain control and knowledge over their influence. In TO al-
gorithms, the portion of material not useful to bear the load is removed
from the design space according to Eq. (1), by minimizing the compli-
ance, while respecting my;,, and Sgp,. This last one is retrieved from the
R90C90 PSN curves (Fig. 6a-b) as Sq roocoo, by interrogating the Fatigue
BNN with two sets of process parameters: one leading to a higher S,
and one yielding a lower one, which will be referred to as the best and
the worst case throughout the article, to simplify the discussion. This has

been done to assess the limits of this procedure. The required fatigue life
for the lower control arm is Ny = 20100 cycles, which has been used to
calculate the required fatigue limit Sj;;, from the predicted PSN curve.

V:isk has been set to the largest value in the database (1005 mm3) to
have a conservative estimate. No thermal or surface treatments have
been considered. The two process parameter cases are reported in
Table 1 and will be referred to as the “best” and “worst” conditions
throughout the paper.

Once the stress limits are defined, the TO is run for both cases
achieving convergence in less than 100 iterations. For the best one, an
Stim of 145 MPa has been imposed, whereas for the worst case, an Sy, of
117 MPa has been considered. Once the TO has successfully converged,
the geometry is reconstructed, with a mass of 1.98 kg and 2.32 kg (22.4
% and 9.1 % mass reduction with respect to the original component), for
the best and worst cases. Fig. 7a-b shows the stress distribution for the
optimized components. Both designs are verified, with a S;max of 142.1
and 116.1 MPa for the best and worst case, respectively. Additional
analyses of the TO convergence of the lower control arm are reported as
supplementary material.
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(b)

Fig. 11. FE stress analysis of the re-shaped geometries for the best (a) and worst (b) case, shown with the Sy distribution, for the Ti6Al4V aerospace bracket with the

inverse TO approach that starts from the Defects BNN and the Kth values.

3.2. Aerospace bracket

The aerospace bracket described in [48] is made of Ti6Al4V, with an
initial weight of 2.06 kg (Fig. 8). The bracket is constrained at the four
bottom holes and is subjected to a load of 10560 N, with an angle of 40°
with respect to the negative y-axis. The load has been applied to the
midpoint of the two top holes using rigid element connectors. The mass
of the non-design space (grey) is 0.19 kg, while the mass of the design
space (dark red) is 1.87 kg. The bottom holes have an inner diameter of
10 mm and an outer diameter of 16 mm, with a depth of 8 mm, whereas
the two top holes are 6.5 mm deep and have an inner diameter of 20 mm
and an outer one of 29 mm. The bracket was meshed with solid tetra-
hedral elements with a size of 4 mm again, resulting in 119,288 ele-
ments. This mesh resolution is sufficient to achieve high accuracy in the
FE model and avoids excessive computation time, since additional
refinement does not significantly enhance the results. A mesh sensitivity
analysis of the bracket has also been reported as supplementary
material.

3.2.1. Training database

The database used for the Defects BNN TO of the bracket contains the
defect distributions obtained using different parameters for the AM of
Ti6Al4V. 222 training points (Fig. 9) have been collected from six
literature papers, resulting in nine training datasets. As for the Fatigue
BNN, the process parameters such as 8, P, v, h, t and the powder size,
have been labelled in the defects training database (Table 2).

The Ti6Al4V Fatigue BNN training database is similar to the SS316L
one. However, the surface treatments for the Ti6Al4V are: ST Mac,
ST Pol, ST Grind, sand blasting (ST SB), shot peening (ST SP), laser shot
peening (ST LSP), surface mechanical attrition (ST SMAT) and electric
discharge machining (ST EDM). As reported in Table B.1, there are 1106
training points from 88 experimental datasets, retrieved from 32 arti-
cles. The process parameters ranges are the following: P goes from 95 W
to 450 W, v from 150 mm/s to 1900 mm/s, h from 50 pm to 180 pm and t
from 20 pm to 60 pm. As can be observed in Fig. 10, the order of
magnitude of Ny ranges from 10° to 10° while S, ranges from 50 MPa to

850 MPa. This training database is used to derive Sy, to drive the TO for
the Ti6Al4V aerospace bracket, so that both fatigue and defect driven TO
can be directly compared in Section 4.1.

3.2.2. Topology optimization from the defects BNN

The results of the TO based on the Defects BNN are hereby reported
for the bracket, where Sji, is calculated as in Eq. (2). The maximum a_ is
retrieved from the Defects BNN with a Fa, of 90 %, and two sets of
process parameters, yielding respectively to a high a, (172 pm, worst
case) and to a low one (137.5 pm, best case). Given the variability in
dataset sizes for the Defects BNN, Fa. = 90 % was selected as it is the
highest Fa, consistently reachable across all datasets (the smallest
dataset of Table 2 contains 9 samples, allowing a maximum Fa, of 90 %).
This choice ensures that the BNN is not queried with input features
beyond its training range. Ky, is chosen as the lowest one, among the
available literature Ky, values with similar process parameters to the best
and worst case. This has been done to have the most conservative sce-
nario. Among the values reported in Table 3, the lowest Ky, values — that
are also similar in terms of process parameters to the best and worst case
— are 4.3 MPao\/m [55] and 2.7 MPao\/m [56], respectively.

The resulting S, are 318 MPa and 179 MPa, for the best and worst
case. The TOs achieve a stable convergence in less than 80 and 40 it-
erations for the best and worst case respectively.

The re-shaped parts have been reported in Fig. 11a-b, with results
highly similar to the reconstructed TO results: a Sy max of 291 MPa and a
final mass of 0.28 kg (86.4 % mass reduction with respect to the original
part), for the best case, and a S; max of 146.1 MPa and a final mass of 0.35
kg (83.1 % mass reduction), for the worst case. Additional details
regarding the TO convergence of the bracket are available as supple-
mentary materials.

4. Validation
Considering that the two TO procedures are highly dependent on the

type and number of available data, the SS316L lower control arm can
only be designed with the Fatigue BNN, given the scarcity of K values
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Table 4

Summary of the TO procedure that starts from defects and literature Ky, values, for the Ti6Al4V aerospace bracket.

Re-shaping

TO results

Constraints

Input Features

Am

Am

Mjim

Stim

Ky, min

ac

Fa,

PSmean

9

Condition

S max

Simax

[%]

[kg]

[MPa]
291

[%]

[kgl

[MPa]
308
164

[%]
55
75

[kg]

[MPa]
318
179

[MPae \/ m]

[pm]
137.5
172

[%]
90
90

[pm]

[pm]
35
35

[pm]
60
60

[mm/s]
750

W]
400
100

Units
Best

86.4

0.28
0.35

87.4

0.26
0.38

0.3
0.5

4.3

41.28
41.28

90
90

83.1

146

81.6

2.7

1100

Worst

10
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and defect data in the literature. Although the defect-based TO allows to
explicitly account for the presence of defects, it has one major limit: it is
complex to retrieve Ky and a. data, both experimentally and in the
literature. Obtaining experimental Ky values is a time-consuming pro-
cedure. On the contrary, S-N fatigue data are more readily available,
making the fatigue-based TO more favorable from a data availability
perspective. Despite this, it is still necessary to verify if the fatigue BNN
can correctly account for the presence of defects. Section 4.1 compares
the two methodologies applied to the bracket, since enough Ti6Al4V
data is available for both fatigue curves and defect distributions. In
Section 4.2 the Ky, verification for the Ti6Al4V bracket is explained, to
validate the trustworthiness and the effectiveness in implicitly consid-
ering defects of the Fatigue BNN.

4.1. Fatigue BNN based TO for the aerospace bracket

As for the lower control arm, the TO is performed for the two cases,
with Sy, retrieved on the R90C90 PSN curves obtained from the Ti6Al4V
Fatigue BNN, interrogated with the same sets of process parameters used
in the Defects BNN TO (Table 4). As shown in Fig. 12a-b, Sy, is 224 MPa
for the best, and 79 MPa for the worst case (Table 5). Once again, Vi
has been set to maximum value (10560 mm3), and no thermal and
surface treatments have been applied. The predictions of the Fatigue
BNN are consistent with the one of the Defects BNN: a higher Sy is
associated to the process parameters set that produces a lower a, (best
case), and a lower Sy, is associated to the process parameters set that
yields a higher a, (worst case). The TO converges after 35 and 28 iter-
ations for the best and worst case.

Fig. 13a-b shows the final re-shaped parts, with a final Sy yax of 208.3
MPa and a mass of 0.33 kg (84 % mass reduction), for the best case, and
a Symax 0f 70.1 MPa and a mass of 1.01 kg (51 % mass reduction), for the
worst case.

Comparing these results with the ones of the defects procedure
(Section 3.2.2, Table 4), it is evident how this approach leads to a lower
Stim (224 MPa as opposed to 318 MPa for the best case, and 79 MPa as
opposed to 179 MPa for the worst case), hence to a lower mass reduc-
tion, as shown in Table 6. From this analysis it can be deduced that these
higher Sy, for the Defects BNN TO, may be due to the data scarcity issue
highlighted before, both in terms of literature K, values and a.. On the
other hand, given that there are five times more data points coming from
more than 80 datasets for the Ti6A14V Fatigue BNN, the Sj;,, estimate can
be considered more representative, and this may even be the reason
behind its lower value. However, both TO methods are in agreement as
both Sy, obtained with the worst setting are pairwise smaller than their
best process parameters counterparts. This analysis shows that the Fa-
tigue BNN TO may be more preferable, given that S-N data is more easily
available and that the assessment of Sy, is faster compared to the Defects
BNN TO. However, this depends on the data available to the designer.

4.2. K, validation

The geometries designed with the aid of the Fatigue BNN are safe,
given that S;max < Sim for all design cases. However, to verify if the
Fatigue BNN provides reliable results and predictions when a defect
originates the fatigue failure, the following procedure has been fol-
lowed. Starting from the defect size a, estimated with the Defects BNN,
and by considering the same process parameters in input, the SIF Kj, for
the most critical defect, is calculated according to Eq. (3) and are then
compared with literature Ky, values:

KI:C.SI.max.\/?[.\/a_m 3)

with Sj max being the maximum 1st principal stress from the FE analysis
of the aerospace bracket TOed with the Fatigue BNN and with a, being
the critical defect size obtained from the Defects BNN. This last one has
been queried with the same sets of process parameters of Section 3.2.2,
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(b)

Fig. 12. Design PSN curves for the Ti6Al4V aerospace bracket, for the best (a) and worst (b) configuration of process parameters. The black points are all the
instances of the training database. In red the lifecycle limit in the HCF regimen, while in blue the R90C90 from which the stress limit has been retrieved.

Table 5
Sets of process parameters used to retrieve the corresponding design Sjm, as S,
Ro0co0, from the Fatigue BNN for the Ti6A14V aerospace bracket.

Condition 9 P vimm/ h t Viisk Sa,R90C90
] W] s] [um] [pm] [mm®] [MPa]

Best 90 400 750 60 35 10,560 224

Worst 90 100 1100 60 35 10,560 79

which lead to the same values of a, as shown in Table 7.

This yields to a K; of 2.77 MPae+/m and 1.03 MPae+/m, for the best
and worst case. These ones are then compared with the lowest literature
Ky, values with similar process parameters, namely 4.3 MPae \/ m for the
best and 2.7 MPae+/m for the worst case, which are the same used to

(a)

derive Sy, for the Defects BNN TO. It can be clearly seen that both K; are
smaller than their respective Ky,. This proves the trustworthiness of the
Fatigue BNN to account for the defect influence. Indeed, the Fatigue
BNN is capable of implicitly accounting for the presence of defects, as all
failures used to train the Fatigue BNN originate from them.

5. Discussion

AMed components like, the lower control arm and bracket hereby
used as examples, exhibit significantly different complexities and
geometrical features with respect to standardized specimens found in
the literature datasets used to train the Fatigue and Defects BNN. Hence,
the cyclic response of these specimens may differ substantially from the

(b)

Fig. 13. FE stress analysis of the TOed Ti6Al4V aerospace bracket from the Fatigue BNN. The best (a) and worst (b) case geometries are shown re-shaped with the Sy

distribution.
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Table 6

Summary of both ML driven TO procedures for the Ti6Al4V aerospace bracket.

Re-shaping

TO results

Constraints

Input parameters

Am

Am

Myim

Stim

Ky min

ac

Fa,

[%]

PSmean

Viisk

Case

BNN

Spmax

Spmax

[%]

[kel
0.

[MPa]

291
1

[kg] [%]

[MPa]
308

[%]

[kel
0.3
0.5

0.5

[MPa]
318
179
224
79

[MPae+/m]

4.3

[pm]
137.5
172

[pm]
41.28
41.28

[mm?]

[pm]
35
35
35

[pum]
60

[mm/s]
750

W]
400
100
400
100

Units

86.4 %
83.1 %

84 %

28

87.4 %
81.6 %

83 %

0.26
0.38

0.35
1.04

55 %

90 %

Best 90

Defects

0.35
0.33
1.01

46

164
205

75 %

2.7

90 %

Worst 90 1100
750

Best

BNN
Fatigue

208.3
70

77.5 %
47.5 %

10,560
10,560

60
60

90
90

51 %

49.5 %

68

35

1100

Worst

BNN
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one of actual components. Therefore, the reason behind the employment
of this data-driven tool lies behind the fact that it allows to design
lightweight TOed AM components in a simplified manner, while
imposing Spn, constraint that account for the design against fatigue
failures. In fact, literature data are exploited to guide the design process,
while accounting for the inherent scatter of fatigue performance of
materials and for the influence of process parameters. Nevertheless,
given the geometrical and Vi differences between specimens and
components, it is important to make conservative design choices, to
counteract possible limitations introduced with this simplification. For
example, when designing parts the R90 curve can be chosen to extract
Siim- Here instead the R90C90 curve is adopted which yields more con-
servative results. Moreover, when querying the Fatigue BNN with the
process parameters, the maximum Vi is adopted and, this choice is
indeed conservative, as it yields to lower fatigue performances [15], as
opposed to smaller volumes (Fig. 14).

When the design procedure employs the Defects BNN, a is extracted
with a Fa, of 90 % instead of lower values (e.g. 50 %), and this latter one
is considered to be located in the component most critical point, i.e.
where S max is applied. Additionally, when the stress limit is calculated
with the Defects BNN and Eq. (2), the corrective factor C is conserva-
tively assumed to be equal to 0.65. This choice yields to a lower stress
limit value as opposed to 0.5, which refers to internal defects. If a
component designed with this framework is employed in critical appli-
cations, it is obviously necessary to carry out dedicated experimental
tests for validation. Nevertheless, by incorporating experimental find-
ings reported in the literature, the statistical significance of the fatigue
data and the influence of process parameters, the proposed methodol-
ogies allow to guide the design process of AM components, especially in
the early design phase. Alternatively, higher reliability and confidence
levels (e.g. 95 % or 99 % as opposed to 90 %) could be adopted by the
designer, as the two BBNs easily allows to do so. Nonetheless, the
employment of these several conservative design choices, leads to
lightweight and fatigue resistant parts, which are even proven not to be
overdesigned as, even in the worst process parameter case, a consider-
able mass reduction can be achieved. Moreover, given the ability of the
Fatigue BNN to account for Vg, it must be verified whether the con-
servative choice to consider the maximum V5 for both alloys to assess
the PSN curve has been respected or not in the final re-shaped geome-
tries. To this end, the volume of the region undergoing a stress above 90
% (Vgp) of Symax has been computed via FEA, and it corresponds to the
risk-volume according to [32], for all parts TOed with the Fatigue BNN.
As shown in Fig. 15, the FEA of the re-shaped parts designed from the
Fatigue BNN shows only the portion of material undergoing a stress
above 90 % of the Sj max. The resulting volumes are respectively of 88.77
mm? and 52.46 mrn3, for the best (Fig. 15a) and worst (Fig. 15b) case of
the SS316L lower control arm, and 33.65 mm?® and 25.83 rnm3, for the
best (Fig. 15c¢) and worst (Fig. 15d) case of the Ti6Al4V bracket,
respectively. This shows that having used and assumed the maximum
Viisk as input has been a conservative estimate for the analyzed com-
ponents, since the Vg are significantly smaller and within the training
ranges. In fact, although the fatigue BNN has been trained only on
specimens whose maximum Vs are of 1005 mm? for the lower control
arm and of 10560 mm? for the bracket, this analysis shows that the TOed
geometries present several notched regions that lead to small Vgy. In
addition, the Fatigue BNN mirrors the actual experimental evidence
[15], as to high Vg correspond lower fatigue performance and vice-
versa for low V. Moreover, the Vi sensitivity analysis reported in
Fig. 14, shows that using the maximum Vs value, not only yields a
lower R90C90 life, but also a smaller degree of uncertainty, as the
confidence band shrinks as Vg increases. This reduced uncertainty
associated to the maximum V4 and its employment when querying the
BNN, has limited implications that at most yield to a safer component.

It must be noted that an iterative approach which adjusts Sy, as a
function of the Vg of the component during the TO process could relax
the conservative Sy, constraints obtained by considering the maximum
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Process parameters used to retrieve a. from the Defects BNN, whose related K; value has been calculated with the corresponding S; max for the Ti6Al4V aerospace

bracket TOed with the Fatigue BNN.

Condition 3 P v h t PSmean Fa. a. St max K; K

[°] W] [mm/s] [um] [pm] [pm] % [pm] [MPa] [MPaey/m] [MPaey/m]
Best 90 400 750 60 35 41.28 90 137.5 205 2.77 4.3
Worst 90 100 1100 60 35 41.28 90 172 68 1.03 2.7

Fig. 14. Sensitivity study of Vg on the R90C90 fatigue life for the Ti6Al4V
bracket. The BNN allows to output both the mean value (blue) as well as the 90
% confidence band (light blue) of the predicted R90C90 fatigue life, which
shrinks as Vi increases. This shows that to the maximum Vg value not only is
associated a lower life, but also a smaller degree of uncertainty.

Vyisk- However, this would complicate the TO process and significantly
increase its duration. Therefore, the designs obtained with the maximum
Viisk can be considered safe and easy to implement. However, it is
important to note that this applies to these specific components and
must be verified case by case, i.e., the risk-volume considered in the ML
algorithm should be equal or above the risk-volume of the component
after the TO.

It should also be pointed out that, with respect to previous research
activities [23,35], several novel aspects have been introduced in the
present work. The Fatigue BNN is not only trained on SS316L, but also
on Ti6Al4V to predict Syn for the bracket. Previously a deterministic
Defect FFNN was proposed [24], whereas here the Defects BNN is novel,
as it has been declined probabilistically, allowing to determine the
critical defect size a,, to later compute Sy, starting also from literature
K, values. Additionally, the a, output from the Defects BNN is used to
estimate K; for the best and worst process parameters case with Sy max
computed from the FE analysis of the parts TOed with the Fatigue BNN.
These K; values are shown to be smaller when compared to literature Ky,
corroborating the trustworthiness of the Fatigue BNN procedure and its
capabilities to implicitly account for the presence of defects, given that
fatigue failures are originated by them. These two BNN model types are
key integral modules of this framework, that actively affect the outcome
of the design procedure of the part to be designed against fatigue failure
with TO. Furthermore, the trustworthiness of the procedure can be
assessed by using both BNNs simultaneously to design the same
component, provided that there is enough data for both BNNs as for the
aerospace bracket. With this, the Fatigue BNN has shown to be more
conservative, as it estimates a lower Sy;,, with respect to the Defects BNN.
Beyond that, the Fatigue BNN driven TO may also be preferable from a
data availability point of view, given that fatigue failures data is more
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readily available as opposed to critical defects data. Additionally,
coherence holds between the two BNNs, as the best process parameter
set leads to the highest Sy, and the smallest a., and the worst process
parameters set leads to the smallest Sy, and the highest a.. To the best of
the authors’ knowledge, this is the first paper to present simultaneously
two data driven design approaches to compute the TO Sy, against fa-
tigue failures: a direct process to fatigue performances approach (from
process to life: Fatigue BNN), and a process to crack propagation root
cause approach (from process to defects: Defects BNN). Ultimately, with
these considerations and the conservative design choices listed at the
beginning of this section, the following data driven TO framework al-
lows to design lightweight AMed components, making additional in-
termediate part production for the defects assessment and further
prototyping optional.

6. Conclusions

The present work presents an approach for the design against fatigue
failures of metallic components, whose geometry is optimized with to-
pology optimization (TO) algorithms, to be produced by means of Ad-
ditive Manufacturing (AM) processes. In particular, the stress limit (Sy;y,)
to be considered in the TO process is estimated by using Machine
Learning (ML) algorithms, which receive as input the process parame-
ters set during the manufacturing process. The procedure has been
applied to an automotive suspension lower control arm and an aero-
space bracket, respectively made of SS316L and Ti6A14V. The following
final remarks summarize the key aspects of the present work:

e For each material, a Bayesian neural network (BNN) is trained on
fatigue failures literature data of the respective alloy, using data for
Ti6Al4V and for SS316L. This Fatigue BNN is used to retrieve the
corresponding design probabilistic stress-life (PSN) curve, from
which the design S, for the TO is computed.

Two different designs have been obtained for each component: one
with a set of process parameters that leads to a higher Sy, the other
with a process parameters combination that yields a lower Sj,.

e The proposed ML framework allows the Sy, assessment by exploiting
literature data into a single design tool, that accounts for the inherent
scatter of fatigue performance of materials and for the influence of
process parameters, thus allowing for the reliable fatigue design of
AM components through TO.

A Defects BNN has been trained to compute the maximum critical
defect size a. from the process parameters, from which the most
critical stress intensity factor K; for the optimized component can be
computed. The estimated K; is compared with threshold values Ky,
retrieved from the literature. The outcome of this comparison ver-
ifies the trustworthiness of the design procedures, as K; (2.77 and
1.03 MPae \/ m, for the best and worst case) is lower than the lowest
K (4.3 and 2.7 MPae+/m).

These results also confirm that the Fatigue BNN is capable of
implicitly accounting for the presence of defects, as this BNN is
trained on fatigue failures that originate from defects.

Another TO procedure has also been proposed for the Ti6Al4V
aerospace bracket. Its Sy, has been computed from literature Ky
values and the critical defect sizes, derived from the Defects BNN.
This defect driven TO leads to a higher Sy, with respect to the Fa-
tigue BNN TO for the Ti6Al4V aerospace bracket.
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(b)

(d)

Fig. 15. Vg analysis on the re-shaped geometries TOed with the Fatigue BNN. The portions of material highlighted in red are undergoing 90 % of S;max. The
resulting Vg are respectively of 88.77 mm?, 52.46 mm?, 33.65 mm? and 25.83 mm?, for the best (a) and worst (b) case of the SS316L lower control arm and for the

best (c) and worst (d) case of the Ti6Al4V aerospace bracket.

o With this architecture designers can reliably calculate the limit stress
against fatigue failures, without specifically designed experiments
and by avoiding intermediate part production, as previously
neglected and scattered experimental data can be leveraged to train a
single design tool, that accounts for the process-induced fatigue
performances.

In conclusion, the proposed design methodologies can be used to
lighten AM parts with a data-driven TO, which allows for embedding the
influence of process parameters, thermal treatments, surface treatments
and manufacturing defects during the design stage and not after the
component production. Moreover, the developed ML algorithms allow
avoiding long and expensive experimental campaigns, as it is possible to
obtain Sy, while inferring the process influence, by leveraging the
experimental data and previous knowledge available in the literature.
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SS316L fatigue BNN training database
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Table A.1

. Training database used to train the Fatigue BNN used to retrieve the stress limit for the TO design of the SS316L automotive suspension lower control arm.

Indexing Process Parameters Risk Volume  Thermal Traetments Surface Treatments
Reference Article Dataset N° Orientation 9 Laser Power Scan Speed v Hatch Distance Layer Thickness Risk Volume  TT_Ann T_Ann dt Ann TT HIP T_HIP P_HIP dt HIP ST Mac ST Pol ST Grind ST_VF ST Nitr ST DN ST_EP
Specimens [°] P [W] [mm/s] h [pm] t [pm] V3isk [mm3]
[63] 1 0 7 90 103 425 130 30 28.90 0 20 0 0 20 1 0 0 0 0 0 0 0 0
1 1 14 90 103 425 130 30 28.90 0 20 0 0 20 1 0 1 0 0 0 0 0 0
1 2 16 90 103 425 130 30 28.90 0 20 0 0 20 1 0 1 1 0 0 0 0 0
[64] 2 3 10 0 350 1000 100 30 173.18 0 20 0 0 20 1 0 1 1 0 0 0 0 0
2 4 10 90 350 1000 100 30 173.18 0 20 0 0 20 1 0 1 1 0 0 0 0 0
2 5 10 45 350 1000 100 30 173.18 0 20 0 0 20 1 0 1 1 0 0 0 0 0
2 6 10 90 350 1000 100 30 173.18 0 20 0 0 20 1 0 0 0 0 0 0 0 0
2 7 10 45 350 1000 100 30 173.18 0 20 0 0 20 1 0 0 0 0 0 0 0 0
[65] 3 8 6 0 250 800 100 50 81.29 0 20 0 0 20 1 0 1 1 0 0 1 0 0
3 9 6 0 250 800 100 50 81.29 0 20 0 0 20 1 0 1 1 0 0 0 1 0
[66] 4 10 18 90 190 750 120 30 603.30 0 20 0 0 20 1 0 0 1 0 0 0 0 0
4 11 11 90 190 750 120 30 603.30 0 20 0 0 20 1 0 1 1 0 0 0 0 0
4 12 10 90 190 750 120 30 603.30 1 900 2 0 20 1 0 0 1 0 0 0 0 0
4 13 13 90 190 750 120 30 603.30 1 900 2 0 20 1 0 1 1 0 0 0 0 0
[67] 5 14 19 90 90 1000 150 30 86.39 1 500 1 0 20 1 0 0 1 0 0 0 0 0
[68] 6 15 6 0 175 750 100 30 27.00 0 20 0 0 20 1 0 0 0 1 0 0 0 0
6 16 6 0 175 550 100 50 27.00 0 20 0 0 20 1 0 0 0 1 0 0 0 0
6 17 7 45 175 750 100 30 27.00 0 20 0 0 20 1 0 0 0 1 0 0 0 0
6 18 8 45 175 550 100 50 27.00 0 20 0 0 20 1 0 0 0 1 0 0 0 0
6 19 10 90 175 750 100 30 27.00 0 20 0 0 20 1 0 0 0 1 0 0 0 0
6 20 8 90 175 550 100 50 27.00 0 20 0 0 20 1 0 0 0 1 0 0 0 0
[69] 7 21 7 90 200 1000 110 50 661.87 1 1038 1 0 20 1 0 0 0 0 0 0 0 0
7 22 8 90 200 1000 110 50 172.45 1 1038 1 0 20 1 0 0 0 0 0 0 0 0
7 23 8 90 195 1083 90 20 661.87 1 1038 1 0 20 1 0 0 0 0 0 0 0 0
7 24 8 90 195 1083 90 20 172.45 1 1038 1 0 20 1 0 0 0 0 0 0 0 0
7 25 8 90 200 1000 110 50 661.87 1 1038 1 0 20 1 0 1 1 0 0 0 0 0
7 26 7 90 200 1000 110 50 172.45 1 1038 1 0 20 1 0 1 1 0 0 0 0 0
7 27 5 90 195 1083 90 20 172.45 1 1038 1 0 20 1 0 1 1 0 0 0 0 0
[70] 8 28 4 0 195 1083 90 20 272.93 0 20 0 0 20 1 0 1 1 0 0 0 0 0
[71] 9 29 12 90 275 700 100 50 1005.31 1 620 1.5 0 20 1 0 0 0 0 0 0 0 0
9 30 12 90 275 700 100 50 1005.31 1 620 1.5 0 20 1 0 0 1 0 0 0 0 0
9 31 15 90 275 700 100 50 60.00 1 620 1.5 0 20 1 0 0 0 0 0 0 0 0
9 32 15 90 275 700 100 50 60.00 1 620 1.5 0 20 1 0 0 1 0 0 0 0 0
9 33 11 90 275 700 100 50 60.00 1 620 1.5 0 20 1 0 0 1 0 0 0 0 0
[72] 10 34 22 90 245 960 100 30 346.84 0 20 0 1 900 1000 2 0 1 0 0 0 0 0
10 35 21 90 245 960 100 30 346.84 0 20 0 0 20 1 0 0 1 0 0 0 0 0
[73] 11 36 7 0 250 1083 90 20 45.89 0 20 0 0 20 1 0 0 0 0 0 0 0 0
11 37 8 90 250 1083 90 20 45.89 0 20 0 0 20 1 0 0 0 0 0 0 0 0
11 38 5 0 250 1083 90 40 45.89 0 20 0 0 20 1 0 0 0 0 0 0 0 0
11 39 6 90 250 1083 90 40 45.89 0 20 0 0 20 1 0 0 0 0 0 0 0 0
[74] 12 40 16 0 195 1083 90 20 144.00 0 20 0 0 20 1 0 0 0 0 0 0 0 1
12 41 14 0 195 1083 90 20 144.00 0 20 0 0 20 1 0 0 0 0 0 0 0 1
[75] 13 42 4 90 195 1083 90 20 294.52 0 20 0 0 20 1 0 1 1 0 0 0 0 0
13 43 4 90 195 1083 90 20 294.52 1 900 0.167 0 20 1 0 1 1 0 0 0 0 0
13 44 5 90 195 1083 90 20 294.52 1 1050 0.167 0 20 1 0 1 1 0 0 0 0 0
[76] 14 45 10 0 180 1200 60 30 161.01 1 650 2 0 20 1 0 1 0 0 0 0 0 0
[21] 15 46 15 90 320 2400 100 50 190.85 0 20 0 0 20 1 0 0 0 0 0 0 0 0
[77] 16 47 10 90 275 760 120 50 171.26 0 20 0 0 20 1 0 0 0 0 0 0 0 0
16 48 14 90 275 760 120 50 171.26 0 20 0 0 20 1 0 0 0 0 1 0 0 0
16 49 13 90 275 760 120 50 171.26 0 20 0 0 20 1 0 1 0 0 0 0 0 0
[78] 17 50 9 920 113 600 80 20 933.05 0 20 0 0 20 1 0 1 0 0 0 0 0 0
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185601 (920Z) 90Z 2n3uD fo [pWMO[ [PUOHDULI]



91

Table B.1
. Training database used to train the Fatigue BNN used to retrieve the stress limit for the TO design of the Ti6Al4V aerospace bracket.
Indexing Process Parameters Risk Volume Thermal Traetments Surface Treatments
Ref  Article Dataset N° Orientation 9 Laser Scan Speed Hatch Layer Risk Volume TT Ann T_Ann dt Ann TT_HIP T_HIP P_HIP dt HIP ST Mac ST_Pol ST_Grind ST_SB ST_SP ST_LSP ST_SMAT ST_EDM
Specimens [°] Power P v [mm/s] Distanceh  Thickness t Vrige [mm®]
[w] [pm] [pm]

[13] 1 0 12 90 120 1200 70 30 45.89 1 600 2 0 20 1 0 0 1 0 0 0 0 0 0
1 1 17 920 120 1000 100 45 45.89 1 600 2 0 20 1 0 0 1 0 0 0 0 0 0
1 2 14 90 120 800 130 60 45.89 1 600 2 0 20 1 0 0 1 0 0 0 0 0 0
1 3 16 90 160 1000 130 30 45.89 1 600 2 0 20 1 0 0 1 0 0 0 0 0 0
1 4 17 920 160 800 70 45 45.89 1 600 2 0 20 1 0 0 1 0 0 0 0 0 0
1 5 13 90 160 1200 100 60 45.89 1 600 2 0 20 1 0 0 1 0 0 0 0 0 0
1 6 14 90 200 800 100 30 45.89 1 600 2 0 20 1 0 0 1 0 0 0 0 0 0
1 7 13 90 200 1200 130 45 45.89 1 600 2 0 20 1 0 0 1 0 0 0 0 0 0
1 8 16 920 200 1000 70 60 45.89 1 600 2 0 20 1 0 0 1 0 0 0 0 0 0
1 9 19 90 160 1000 70 30 45.89 1 600 2 0 20 1 0 0 1 0 0 0 0 0 0

[49] 2 10 16 90 175 710 120 30 45.60 1 800 2 0 20 1 0 1 0 0 0 0 0 0 0
2 11 19 920 175 710 120 30 50.62 1 800 2 0 20 1 0 1 1 0 0 0 0 0 0
2 12 16 90 175 710 120 30 50.62 0 20 0 1 920 1000 2 1 1 0 0 0 0 0 0

[54] 3 13 21 90 280 1200 140 30 149.60 1 500 2 0 20 1 0 0 1 0 0 0 0 0 0

[79]1 4 14 5 90 200 1000 100 50 769.69 0 20 0 0 20 1 0 1 0 0 0 0 0 0 0
4 15 3 920 200 1000 100 50 769.69 0 20 0 1 930 1300 3 1 0 0 0 0 0 0 0

[80] 5 16 15 90 200 1250 80 30 1500.43 1 820 1. 0 20 1 0 0 0 0 0 0 0 0 0

[811 6 17 10 0 190 1000 65 30 59.36 1 955 2 0 20 1 0 0 1 0 0 0 0 0 0
6 18 10 0 190 1000 65 30 59.36 0 20 0 0 20 1 0 0 1 0 0 0 1 0 0

[62] 7 19 17 90 360 1200 100 60 23.58 1 710 2 1 920 1000 2 0 1 1 0 0 0 0 0
7 20 14 90 360 1200 100 60 7.72 1 710 2 1 920 1000 2 0 1 1 0 0 0 0 0

[82] 8 21 12 45 170 1250 100 30 149.60 1 650 3 0 20 1 0 0 0 0 0 0 0 0 0
8 22 12 45 170 1250 100 30 149.60 1 650 3 0 20 1 0 0 1 0 0 0 0 0 0
8 23 15 45 170 1250 100 30 149.60 1 650 3 0 20 1 0 0 0 0 0 1 0 0 0

[83] 9 24 12 920 120 960 100 30 63.62 0 20 0 0 20 1 0 1 1 0 1 0 0 0 0
9 25 11 90 120 540 100 30 63.62 0 20 0 0 20 1 0 1 1 0 1 0 0 0 0
9 26 11 90 120 400 100 30 63.62 0 20 0 0 20 1 0 1 1 0 1 0 0 0 0
9 27 12 920 120 1260 100 30 63.62 0 20 0 0 20 1 0 1 1 0 1 0 0 0 0
9 28 9 920 120 1500 100 30 63.62 0 20 0 0 20 1 0 1 1 0 1 0 0 0 0

[52] 10 29 9 90 400 150 120 60 133.78 0 20 0 0 20 1 0 1 0 0 0 0 0 0 0
10 30 22 90 400 150 120 60 133.78 0 20 0 1 850 2000 2 1 0 0 0 0 0 0 0

[56] 11 31 20 920 170 1200 100 30 471.24 0 20 0 0 20 1 0 0 0 0 0 0 0 0 0

[84] 12 32 18 90 200 1250 80 30 149.60 0 20 0 1 920 1020 2 0 0 0 0 0 0 0 0
12 33 20 90 200 1250 80 30 149.60 0 20 0 1 920 1020 2 1 1 0 0 0 0 0 0
12 34 12 20 200 1250 80 30 149.60 1 820 1. 0 20 1 0 1 1 0 0 0 0 0 0

[53] 13 35 16 90 280 1200 140 30 339.29 1 900 1 0 20 1 0 0 0 0 0 0 0 0 0
13 36 17 90 280 1200 140 30 339.29 1 900 1 0 20 1 0 0 0 0 0 0 0 0 0
13 37 20 90 280 1200 140 30 235.62 1 900 1 0 20 1 0 1 1 0 0 0 0 0 0

(continued on next page)
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Table B.1 (continued)

ID 32 DjoJU3D) Y

Indexing Process Parameters Risk Volume Thermal Traetments Surface Treatments
Ref Article Dataset N° Orientation 9 Laser Scan Speed Hatch Layer Risk Volume TT_Ann T_Ann dt Ann TT_HIP T_HIP P_HIP dt HIP ST Mac ST Pol ST Grind ST SB ST SP ST _LSP ST SMAT ST_EDM
Specimens [°] Power P v [mm/s] Distance h Thickness t Vyisk [mm?®]
[(w] [pum] [pm]
13 38 20 90 280 1200 140 30 235.62 1 900 1 0 20 1 0 1 1 0 0 0 0 0 0
[85] 14 39 11 90 280 1200 50 30 129.53 0 20 0 0 20 1 0 0 0 0 0 0 0 0 0
14 40 11 90 280 1200 50 30 129.53 0 20 0 1 900 1200 2 1 0 0 0 0 0 0 0
14 41 10 90 280 1200 50 30 129.53 0 20 0 1 900 1200 2 1 0 0 0 0 0 1 0
[86] 15 42 11 90 280 1200 140 30 21.74 0 20 0 0 20 1 0 1 1 0 0 0 0 0 0
15 43 3 90 280 1200 140 30 21.74 1 920 0.5 0 20 1 0 1 1 0 0 0 0 0 0
15 44 6 90 280 1200 140 30 21.74 1 920 0.5 0 20 1 0 1 0 0 0 1 0 0 0
15 45 12 90 280 1200 140 30 21.74 0 20 0 0 20 1 0 1 1 0 0 0 0 0 0
15 46 7 90 280 1200 140 30 21.74 1 920 0.5 0 20 1 0 1 1 0 0 0 0 0 0
15 47 7 90 280 1200 140 30 21.74 1 920 0.5 0 20 1 0 1 0 0 0 1 0 0 0
15 48 8 90 340 1250 120 60 21.74 0 20 0 0 20 1 0 1 1 0 0 0 0 0 0
15 49 4 90 340 1250 120 60 21.74 1 920 0.5 0 20 1 0 1 1 0 0 0 0 0 0
15 50 6 90 340 1250 120 60 21.74 1 920 0.5 0 20 1 0 1 0 0 0 1 0 0 0
15 51 9 90 340 1250 120 60 21.74 0 20 0 0 20 1 0 1 1 0 0 0 0 0 0
15 52 4 90 340 1250 120 60 21.74 1 920 0.5 0 20 1 0 1 1 0 0 0 0 0 0
15 53 5 90 340 1250 120 60 21.74 1 920 0.5 0 20 1 0 1 0 0 0 1 0 0 0
[87]1 16 54 12 90 280 1200 140 30 1200.00 1 650 3 0 20 1 0 0 0 0 0 0 0 0 0
16 55 7 90 280 1200 140 30 1200.00 1 650 3 0 20 1 0 0 0 0 0 0 1 0 0
[88] 17 56 22 0 285 1200 140 30 63.66 1 650 3 0 20 1 0 1 0 0 0 0 0 0 0
[89] 18 57 9 90 280 1200 140 30 294.00 1 700 1 0 20 1 0 0 0 0 0 0 0 0 0
18 58 9 90 280 1200 140 30 294.00 1 700 1 0 20 1 0 0 1 0 0 0 0 0 0
[90] 19 59 13 90 370 1250 90 60 239.46 1 650 2 0 20 1 0 0 0 0 0 0 0 0 0
19 60 9 90 370 1250 90 60 239.46 1 650 2 0 20 1 0 1 1 0 0 0 0 0 0
[91] 20 61 7 0 220 660 90 60 577.27 0 20 0 0 20 1 0 0 0 0 0 0 0 0 0
20 62 11 0 220 660 90 60 577.27 1 850 2 0 20 1 0 0 0 0 0 0 0 0 0
[92] 21 63 9 0 95 300 80 25 1300.00 0 20 0 0 20 1 0 0 1 0 0 0 0 0 0
[93] 22 64 19 90 125 925 80 20 107.84 1 950 0.5 0 20 1 0 1 0 0 0 0 0 0 0
[94] 23 65 27 90 170 1250 100 30 339.29 1 650 3 0 20 1 0 0 0 0 0 0 0 0 1
[59] 24 66 10 90 175 710 125 30 199.12 0 20 0 0 20 1 0 1 0 0 0 0 0 0 0
24 67 10 0 175 710 125 30 199.12 0 20 0 0 20 1 0 1 0 0 0 0 0 0 0
[95] 25 68 8 90 300 1000 120 40 712.75 1 500 2 0 20 1 0 0 1 0 0 0 0 0 0
25 69 6 90 300 1000 120 40 712.75 1 500 2 1 920 1000 2 0 1 0 0 0 0 0 0
25 70 6 90 300 1000 120 40 712.75 1 920 2 0 20 1 0 0 1 0 0 0 0 0 0
25 71 6 90 300 1000 120 40 712.75 1 550 4 0 20 1 0 0 1 0 0 0 0 0 0
[96] 26 72 17 90 450 1200 150 50 31.94 1 850 2 0 20 1 0 1 0 0 0 0 0 0 0
26 73 20 45 450 1200 150 50 31.94 1 850 2 0 20 1 0 1 0 0 0 0 0 0 0
26 74 22 0 450 1200 150 50 31.94 1 850 2 0 20 1 0 1 0 0 0 0 0 0 0
[60] 27 75 20 90 125 925 80 20 191.31 1 950 0.5 0 20 1 0 1 0 0 0 0 0 0 0
[97] 28 76 12 90 280 1200 50 50 129.53 1 900 2 0 20 1 0 1 0 0 0 0 0 0 0
[98] 29 77 24 0 350 1250 100 60 149.60 1 800 2 0 20 1 0 1 0 0 0 0 0 0 0
29 78 19 0 350 1250 100 60 149.60 1 800 2 0 20 1 0 1 0 0 0 0 0 0 0
[99]1 30 79 15 0 200 200 180 50 10560.00 0 20 0 0 20 1 0 1 1 0 0 0 0 0 0
30 80 7 90 200 200 180 50 10560.00 0 20 0 0 20 1 0 1 1 0 0 0 0 0 0
30 81 10 0 200 200 180 50 10560.00 0 20 0 0 20 1 0 0 0 0 0 0 0 0 0
30 82 5 90 200 200 180 50 10560.00 0 20 0 0 20 1 0 0 0 0 0 0 0 0 0
[100] 31 83 7 90 200 1200 100 30 180.00 0 20 0 0 20 1 0 0 0 0 0 0 0 0 0
31 84 8 90 200 1900 100 30 180.00 0 20 0 0 20 1 0 0 0 0 0 0 0 0 0
[101] 32 85 16 90 340 1250 120 60 508.94 1 900 2 0 20 1 0 1 0 0 0 0 0 0 0
32 86 11 90 340 1250 120 60 508.94 1 732 2 0 20 1 0 1 0 0 0 0 0 0 0
32 87 13 90 340 1250 120 60 508.94 1 732 2 1 900 1000 2 1 0 0 0 0 0 0 0
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Appendix B

Ti6Al4V fatigue BNN training database

Appendix C. Supplementary data

Supplementary data to this article can be found online at https://doi.
org/10.1016/j.ijfatigue.2026.109481.

Data availability

The data that support the findings of this study are available from the
corresponding author upon reasonable request.
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