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ARTICLE INFO ABSTRACT

Keywords: The paper demonstrates the effectiveness of transfer learning (TL) in improving the fatigue failure
Fatigue ) prediction of additively manufactured (AMed) metallic alloys. The approach is applied to three
Transfer Learning commonly used AMed alloys — Ti6Al4V, AlSi10Mg and SS316L — to investigate the potential of

Process Parameters multi-material knowledge transfer in improving the predictive accuracy under data-scarcity

conditions, which are typical of fatigue testing. The TL framework employs a Bayesian neural
network (BNN) pre-trained on data from two alloys and subsequently fine-tuned using data from
the third, data-scarce alloy. Starting from the process parameters, risk volume, thermal and
surface treatments, and the applied stress, the BNN predicts the fatigue life at a defined reliability
(R) and confidence (C) levels. The TL effectiveness is assessed though a cross-material validation
on the three alloys, by changing in turn the two alloys of the pre-training and the third as the
target material with a truncated training dataset, mimicking realistic experimental scenarios with
limited data availability. The model accuracy is evaluated using the R? score of the predictions on
external validation datasets and is compared against the model trained without TL on the same
reduced database. The results shows that TL improves both accuracy and generalization capa-
bility, benefiting from heterogenous multi-material knowledge, allowing to design against fatigue
failures with greater confidence in this data scarce conditions. Moreover, TL enhances the ability
to infer the influence of process parameters on fatigue behaviour, even when the available data
are limited.

Additive manufacturing
Failure Prevention

1. Introduction

Additive Manufacturing (AM) has rapidly advanced in recent years, enabling the production of lightweight and complex com-
ponents [1-3] with previously unachievable geometries [4,5] such as lattice structures [6], with applications in the aerospace,
biomedical, and automotive sectors [7-10]. Among metallic AM technologies, Laser Powder Bed Fusion (LPBF) is the most widely
adopted for its precision and flexibility. Common alloys processed by LPBF include Ti6Al4V for its biocompatibility and strength,
AlSi10Mg for its lightweight, and SS316L for its corrosion resistance. Despite these advantages, the fatigue performance of LPBF parts
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is worse than that of conventionally manufactured counterparts [11-13]. The AM process originates several internal defects [14-16],
such as lack of fusions and keyhole-induced porosities, and residual stresses induced by high thermal gradients, which further impair
fatigue resistance. To mitigate these issues, several strategies can be adopted such as the optimization of process parameters [17],
thermal and surface treatments [18,19], to reduce defectivity, improve surface quality, and relieve residual stresses. However, the
combined influence of all these factors makes the characterization of the fatigue life of AMed parts highly complex. Traditional fatigue
characterization relies on expensive and time-consuming experimental campaigns, thus designing experiments that include all the
relevant factors is impractical [20]. To this end, Machine Learning (ML) can be employed as a powerful tool to tackle this complex
multivariate problem [11,14,21-23]. In [24] a probabilistic guided learning approach has been used, with datasets with missing
process parameters. In [25] 29 fatigue tests were carried out to link the influence of defects and stress amplitude on the life of AM
Ti6Al4V using different ML algorithms. In [26] a physics informed ML approach was developed to associate the defect population to
fatigue life, by assisting the training process with fracture mechanics theory. In [27] a finite element approach was embedded with ML
algorithms, to better predict the fatigue performance of complex objects. In [28] a ML method driven by continuous damage mechanics
was used to predict the fatigue life of AM AlSi10Mg parts. In [29] ML algorithms with SHapley Additive exPlanation values are used to
predict the fatigue life of AMed SS316L specimens in as-built and post-treated manufacturing states. In [30] a non-destructive fatigue
life prediction framework for AM alloys using a PINN and computed tomography techniques has been proposed. In [31] a PINN based
on the Basquin equation is used to predict the high cycle fatigue life of AMed Ti6Al4V, while incorporating partial differential
equations in the loss function. Moreover, the literature already contains large experimental datasets on fatigue of AM metals manu-
factured with different processing conditions. These datasets can be used to train ML models to reveal the intricate relationships
between variables and fatigue life. Among ML methods, Neural Networks (NNs) are particularly suited to handle multivariate problems
thanks to their flexibility and precision [32,33]. These can range from simple data-driven feed-forward neural networks (FFNNs) to
physics-informed ones (PINNs) [25,33-37]. PINNs embed scientific laws in the loss function [38], providing superior capabilities in
predicting the fatigue life [13,26,33,39-42]. NNs can also be declined into a probabilistic framework such as in [24,27] and [42], in
which a Bayesian neural network (BNN) has been employed to separate the ML model uncertainty, tied to the BNN, from the epistemic
and aleatoric uncertainty of fatigue, tied to the R90C90 life [43]. The use of BNN models, trained on R90C90 data, allows to estimate
the uncertainty related to the training process [44] and provides more accurate and robust predictions. In fact, the BNN can output a
distribution of R90C90 curves, from which the designer can choose a specific curve depending on the required confidence level of the
industrial application. However, BNNs require large training datasets to achieve optimal performance, which poses a limitation due to
the inherent challenges and cost of fatigue testing. On the other hand, the literature provides a wide range of fatigue test datasets for
AMed alloys, which can be leveraged to overcome this issue. These datasets have been successfully used to train single material NNs
[10,32,33,42]. However, for less commonly employed alloys, the available fatigue data in the literature remains limited, requiring
dedicated experimental campaigns which are time-consuming and costly, and typically result in a reduced number of experiments.

This study investigates the use of transfer learning (TL) to overcome this limitation. TL allows to transfer knowledge from ML
models pre-trained on one or more alloys to target alloys with limited data. Originally developed and widely adopted in image
recognition, TL is now increasingly applied to materials science problems, where data scarcity is a pervasive challenge [10,45-47].

In the context of fatigue prediction for LPBF manufactured metals, TL can leverage similarities across different alloys and pro-
cessing conditions to enhance predictive accuracy, even when the available training datasets are small, allowing to postpone fatigue
failures even more. In [48], a TL model to predict the fatigue life of AMed SS316L with 109 training instances has been proposed. In
[49] a TL-PINN framework has been developed to predict the fatigue life of mega-casting aluminum alloys by integrating the Paris’ law
and the M—integral method, with 21 data samples.

However, to the best of the authors’ knowledge, no study employs a multi-alloy TL approach with approximately 2500 points
spread across the most important AM alloys, such as Ti6Al4V, AlSi10Mg and SS316L, to improve the design trustworthiness against
fatigue failures in data scarcity conditions.

The present paper introduces a probabilistic TL framework for fatigue life prediction of AM metallic alloys. BNNs pre-trained on
two alloys are used to perform TL on a third alloy using a reduced database, simulating realistic scenarios where new materials are
explored, but experimental failures are scarce. The study focuses on Ti6A14V, AlSi10Mg, and SS316L, which are widely used in AM due
to their favorable properties and abundant reference data. A wide multi-alloy training database has been created by aggregating data
from over 70 papers, comprising approximately 2,500 datapoints organized into more than 220 datasets. To assess the effectiveness of
TL, the predictive performance of the TL framework is compared against BNNs trained only on the reduced datasets of the target alloy,
without TL. Model performance is evaluated using the R? accuracy score of fatigue life predictions, validated on external datasets
excluded from the training phase.

The findings demonstrate that TL significantly improves both generalization and accuracy in fatigue failure prediction under
conditions of data scarcity. Moreover, the developed TL framework allows a more reliable inference of the influences of the process
parameters on fatigue behavior, when the training data are limited, allowing to improve the trustworthiness when designing against
failures.

Section 2 describes the data source and modeling approach, including the composition of the training database and the fatigue
models employed. Section 3 details the ML and TL methodology, outlining the structure of the BNN and the TL validation strategy. The
results are presented and discussed in Section 4, where the advantages of employing TL across materials are analyzed as a function of
the training data size, both with and without TL. Moreover, the ability of TL to infer the process parameters influence when the data are
limited is also discussed in Section 5. Finally, Section 6 reports the conclusion of this study.
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2. Data and models

This section outlines the database used to train the proposed BNN on Ti6Al4V, AlSi10Mg and SS316L (Section 2.1) and the fatigue
models adopted to predict the fatigue life (Section 2.2).

2.1. Training database

In this section, the training database used in the study is discussed. Since the cyclic performance of these AM alloys is dependent on
the inherited manufacturing defects and these ones depend in turn on the manufacturing process, the process parameters, the risk
volume (Vjs), and the thermal and surface treatments must be considered in the database. As the LPBF process undergoes, a laser
beam, with a given power P [W] and scanning speed v [mm/s], gradually melts the alloyed powder on a pre-heated platform, with
equally spaced passes, as dictated by the hatch distance h [pm]. This process is repeated for each layer, as the building platform lowers
by a quantity named layer thickness t [um]. The mechanical properties of the specimen are also influenced by its orientation 9 [°] on
the building chamber (horizontal 0°, inclined 45° and vertical 90°). The database includes a heterogeneous distribution of process
parameters for the three alloys and their ranges are reported in Table 1. To have a coherent and continuous training database, while
ensuring also a sufficiently high number of training instances, only the input features consistently reported across all datasets were
retained.

To model the influence of the size effect [19], the risk volume V,; has been calculated as described in [41]. This also allows the
different specimens’ geometries and fatigue test types to be taken into account as a single training feature. Thermal treatments, as
annealing and hot isostatic pressing (HIP), are often applied to reduce the high thermal stresses and the defect population of as-built
parts. The combination the chosen process parameters with the thermal treatments determines the final microstructure of the AMed
part. The application of these two treatments is denoted with Boolean values (TT_Ann and TT_HIP) along with their temperature
(T_Ann and T_HIP [°C]), duration (dt_Ann and dt_ HIP [hours]) and pressure (P_HIP [bar]). Given the improvement on the fatigue
performance induced by the surface treatments on the rough surface finish of as-built parts, they have also been considered to improve
the accuracy of the BNN, again as Boolean features. The considered surface treatments are 13 in total and they are related to the three
investigated materials: namely, machining (ST_Mac), polishing (ST_Pol), grinding (ST_Grind), sand blasting (ST_SB), shock peening
(ST_SP), laser shock peening (ST _LSP), friction stir processing (ST_FSP), vibratory finishing (ST_VF), surface mechanical attrition
(ST_SMAT), nitriding (ST_Nitr), deep nitriding (ST_DN), electric discharge machining (ST_EDM) and electro polishing (ST_EP). Vari-
ables such as the static properties, microstructure characteristics or thermal coefficients of the alloys have not been used as input
features because they are an output of the process. Moreover, given that standard alloys have been considered, their chemical
composition variability is quite small and its influence on the fatigue life, can be assumed to be already included in the experimental
scatter captured by the R90C90 formulation. For each dataset the process parameters, V5 and the post treatments have been reported
in Table A of Appendix A, with the number of specimens. Ny ranges from 10 to 10°, with most of the data in the high cycles fatigue
region, whereas S, from 50 MPa to 850 MPa. With this, the proposed TL framework can model the fatigue behavior below 107 cycles.
The very high cycle fatigue regime could have also been modeled provided that enough data is available. The Smith-Watson-Topper
correction is applied to account for the stress ratio R influence and the different loading conditions. The database (Table A) is made of a
total of 2498 points: 1106 for Ti6Al4V, 874 for AlSi10Mg and 518 for SS316L. The total number of datasets is 222 coming from 71
literature papers: 88 datasets from 32 articles for Ti6Al4V, 83 datasets from 22 papers for AlSi10Mg and 51 datasets from 17 articles for
SS316L, with all literature sources providing data for a single alloy only. Fig. 1 shows all the data points in the database on the SN
plane, clustered by alloy composition, including both failures and runouts.

2.2. Fatigue model

The BNN used for the TL application is trained to predict a statistical estimation of the fatigue life at a defined reliability and
confidence level. The statistical methods used to derive the reliability and confidence intervals from the experimental data are outlined
in the following. The adopted fatigue model is the Basquin’s law with a Normal distribution [50] in the bi-logarithmic stress life plane,
with Ny being the random variable, mean y = a + b- log;9S, and standard deviation o, with a and b being the intercept and slope
coefficients. The cumulative distribution function, Fn; (Eq. (1), reads:

® log,,Ny — (a+ b elog,,S,)

FNf = 3 (1 )
c

Table 1

Process parameters ranges for Ti6Al4V, AlSi10Mg and SS316L alone and together.
Process parameter Ti6A14V AlSi10Mg SS316L All
Power P [W] 95 - 450 175 - 490 90 - 350 90 - 490
Scan speed v [mm/s] 150 - 1900 500 - 2667 425 - 2400 150 - 2667
Hatch distance h [pm] 50 - 180 61 - 200 60 - 150 50 — 200
Layer thickness t [pm] 20 - 60 25 -60 20 -50 20 - 60
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Fig. 1. All the points belonging to the training database shown in the SN plane for Ti6Al4V, AlISi10Mg and SS316L. Circular markers refer to
failures, whereas triangular ones to runouts.

The R50 expression is determined by minimizing the negative log-likelihood (NLL) as in Eq. (2), where both Nyand S, are referred to as
their base-10 logarithmic versions:

M
NLL = — > (1-Ry;) eln (fo [loglONf; a+b elog;,S,, a} ) +Ry; e ln(l — Fy, [log,Ny; a + b e log,,S,, o] ), 2
0

with M being the number of specimens, R; the runout flag for i-th specimen [43], Fy, the cumulative distribution function and fy, the
probability density function. Once a, b and ¢ have been estimated, the Probabilistic S-N (PSN) curves of the dataset can be determined
for the selected reliability level.

To model the confidence intervals, the BNN predicts both the R50 curve as well as the R90C90 curve, usually adopted in industrial
practice. This allows to separate the experimental uncertainty of the training data from the ML model uncertainty, as discussed in [42].
To estimate the R90C90 curve, the Owen’s procedure [43], which provides the koyen coefficient, is used to shift downward the R50
curve by a quantity equal to koyen ® 0, providing a modified value of the intercept, aropcop- Since fatigue failures in AMed parts are
mainly caused by defects, their presence is implicitly taken into account by the BNN trained on experimental fatigue failures, as shown
in [10]. The microstructure also plays a role in affecting the fatigue performance, but less critically compared to AMed defects.
Accordingly, these latter ones introduce scatter in the experimental results and this variability is accounted using a probabilistic fatigue
model. To counteract fatigue failures caused by defects, design fatigue curves that account for different failure mechanisms and sources
must be considered. Therefore, it is necessary to employ R90C90 design fatigue curves, which are modelled probabilistically and
include the influences of both defects and microstructure on the cyclic response and the presence of different failure causes. Moreover,
the R90C90 formulation already accounts for physics-informed constraints, that not only allows to account for the experimental
variability presents in fatigue failure causes, such as defects and microstructure, but also constraints the BNN predictions to be strictly
linear and monotonically decreasing at the same time. On the other hand, raw neural network predictions would lead to unphysical
behaviours such as the fatigue life increasing as the stress amplitude increases, as discussed in [33].

3. Transfer learning algorithms

This section outlines the TL framework employed in this study. Section 3.1 details the BNN. Section 3.2 describes the TL training
techniques, and Section 3.3 introduces the validation strategy.
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3.1. Bayesian neural network model architecture

The BNN is composed of one input layer, 3 hidden deterministic layers and 1 output mixed layer. The input layer has 27 input nodes
grouped under 5 categories, reflecting the training database of Table A, as shown in Section 2.1: process parameters (5 inputs), Vyisk
[mm3], thermal treatments (7 inputs), surface treatments (13 inputs), and S, [MPa]. The process parameters are 9 [°], P [W], v [mm/s],
h [pm] and t [pm]. The surface treatments are encoded as Boolean features using the one-hot strategy. For the thermal treatments,
TT_Ann and TT_HIP are Boolean features, while T_Ann [°C], T_HIP [°C], dt_HIP [hours], dt_Ann [hours] and P_HIP [bar] are numeric.
The microstructure is also implicitly modeled as it is influenced by the combination of process parameters and thermal treatments. All
the inputs are represented in the 5 categories of Fig. 2 and are fed into a pyramidal structure of three hidden deterministic layers (Fig. 2
in green) of respectively 100, 75 and 50 nodes, all activated with a ReLU function. This pyramidal structure has proven to be effective
in predicting the fatigue life of LPBF components [32-34,42]. Moreover, the input node of S, is concatenated to the third layer to give it
a higher importance, given that S, influences the life much more with respect to the other inputs, and to establish the correct linear
relation between S, and Ny. The 3rd layer is connected to the linearly activated output variational layer, which provides the prediction
of both the R50 and R90C90 life (Ny and Nfrgocgo), while ensuring an improved model generalization [44]. The BNN allows also to
separate the ML model uncertainty linked to the heterogeneity of literature data, from the epistemic and aleatoric uncertainty of
fatigue, captured by the R90C90 life. In fact, a BNN can capture the ML model uncertainty by considering Bayesian statistics as part of
the model architecture, with at least one variational layer. This latter one is defined by the activation function, number of neurons,
prior and posterior distributions type, as well as the Kullback-Leibler (KL) weights [51]. Unlike a FFNN or a PINN, the parameters of a
variational layer are treated as random variables as opposed to single deterministic values. The connections between a variational
layer and its previous one are, in this study, modelled by a multivariate Normal distribution, whose prior is initialized to a standardized
multivariate distribution (null mean vector p = 0 and identity covariance matrix X = I) and updated to a fully populated posterior, as
training progresses. This is done by maximizing the log-likelihood of the posterior distribution on the available training data while
decreasing the KL divergence, as shown in [44]. The BNN is first pre-trained for 1500 epochs with a learning rate of 0.001 and 15 steps
per epoch, with a training and testing split of 90%-10%, whose testing split is used to evaluate the generalization capabilities of the
model. This split has been chosen, as opposed to an 80%-20% one, due to the relatively limited database size, which becomes
particularly relevant for the reduced databases of 50, 100, 150 and 200 training points, as discussed in Section 3.3. Nevertheless, the
adopted split becomes of secondary importance given that the assessment of the effectiveness of TL has been performed on datasets
that are always external to the partitioned databases of reduced size, which constitutes a severe validation procedure as explained in
Section 3.3. Additional studies regarding the chosen train-test split have been reported as supplementary materials, in which analyses
comparing the adopted 90%-10% split with the 80%-20% split have been performed.

3.2. Transfer learning techniques

The TL procedure (Fig. 3) starts with the pre-training of the BNN on a fully-populated database of two different alloys.

Then, the pre-trained BNN is loaded (Fig. 3, step 1), with the weights w;; and biases b; saved from the last training epoch. This BNN
has been pre-trained on a relatively large amount of training data. As an example, if TL is applied on the data-scarce alloy A, firstly a
BNN is trained with the available data of other alloys (alloy B and C) and then loaded. In step 2, the three intermediate layers of the
BNN are frozen and the output one is left trainable (Fig. 3, step 2). In this way, the latent relationship learned from the previous alloys is
preserved, while the last unfrozen layer can adapt to the new training data of the data-scarce alloy. Then, the partially-frozen BNN is
trained for a reduced number of epochs, (e.g., 200 epochs for training against 1500 epochs for pre-training), with the same learning
rate and number of steps per epoch (Fig. 3, step 3) of respectively 0.001 and 15. Finally, the three hidden layers are unfrozen (Fig. 3,
step 4), and a fine-tuning training is performed for five epochs on the same training data of step 3, using a much smaller learning rate

Fig. 2. Adopted BNN architecture for the TL application. The blue circles are the input nodes, the green the hidden ones and the orange the output
ones. In grey, the hidden layer deterministic ReLU connections. In red, the output layer variational connections for both the R50 and the
R90C90 life.
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Fig. 3. Transfer Learning training workflow from material B and C to material A with the employed BNN model.

Fig. 4. Strategy adopted to create the databases of reduced size to assess the effectiveness of TL on the studied alloy A. These databases of pro-
gressively increasing numerosity are built on entire datasets and amount to respectively 50, 100, 150 and 200 points approximately, with each of
them having 10 combinations of training datasets.
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(Fig. 3, step 5). Although optional, this fine-tuning procedure smoothens the variations between the training sessions while further
improving the generalization capability.

3.3. Validation of the effectiveness of transfer learning

To simulate the data-scarcity of experimental failures and cross-validate the effectiveness of TL, several training databases are built
by sub-sampling the full database. Precisely, four training databases with progressively increasing numerosity are obtained for the
target material, with 50, 100, 150 and 200 points approximately. Data are sampled by randomly selecting experimental datasets,
rather than being randomly drawn point by point, to simulate the actual production of specimens that are batch-produced with the
same set of process parameters. To preserve continuity while creating the next database, 50 more points are added while the previous
ones are preserved, up to 200 points are reached, always by adding full datasets. This has been done to understand if there is an
appreciable increase of accuracy thanks to TL, as the number of training points increases. To mitigate the effects of randomness, a
cross-validation with 10 combinations of these 4 databases of progressively increasing numerosity has been performed, resulting in a
total of 40 combinations (Fig. 4). To corroborate the effectiveness of TL, an ablation study has been performed with the same training
conditions previously explained, but without the application of TL. In this context the ablation consists in the omission of the
initialization given by the pretrained BNN and of the finetuning and not in the removal of parts of the BNN model, when TL is not
applied. This allows to isolate the contribution of TL to assess the predictive performance differences when TL is omitted. The creation
of the reduced size databases is not part of ablation itself, rather it has been introduced to simulate data scarcity in realistic fatigue
testing conditions. Therefore, to assess the effectiveness of TL, for each of the ten combinations of a given numerosity, a training session
is performed with TL (as in Fig. 3), and without TL. This results in a grand total of 80 training sessions and 80 BNNs, 40 with TL and 40
without TL. After each training session, a dataset external to the training database is evaluated by the 80 BNNs. Accordingly, this type
of evaluation is severe, as the external dataset is never seen during training, therefore the TL algorithm is blindly evaluated. Each BNN
predicts both the R50 and R90C90 curves of the external dataset, which are then averaged over the 10 training combinations. As a
result, for each validation dataset, and for each numerosity, there are 4 representative PSN curves (averaged over the 10 combina-
tions): 4 R50 curves with TL, 4 R50 curves without TL, as well as 4 R90C90 curves with TL and 4 R90C90 curves without TL; 16 in total.
This study on this progressively increasing number of data has been done to assess an ideal number of training data from which TL
starts being effective, as it will be discussed in Section 4.1.

To assess the accuracy of the predictions, the R? score is calculated for each curve with respect to the experimental points of the
external validation dataset. These R? are then normalized with the experimental RZ of the R50 line as in Eq. (3), whose value is the
highest possible one.

RJZBNN‘RSO,

2 —
RBNN.norm.RSO - R2 ’ (3)
exp,R50

These normalized RﬁNN, norm values of the procedure, with and without TL, for the four dataset sizes, are compared to assess the
convenience of TL, as shown in Fig. 5. According to this severe validation procedure, where the evaluated dataset is always outside the
training and testing dataset fed to the BNN while training, the results are highly unbiased. The R? score has been chosen as a validation
metric as it is more suitable to evaluate the fitting accuracy of linear fatigue models on experimental datasets, given that the effec-
tiveness of TL is assessed by datasets, to mimic actual fatigue testing campaigns.

A very important note concerns feature normalization. In the following research, all the numeric features and labels are normalized
according to the Z-score formula (x; norm = (x; — fix)/6x). However, it is important to correctly represent feature scaling with respect to
the past training history of the BNN. If TL is not applied, this is not a critical issue as the features are normalized with respect to 4 and ¢
of the few training datasets of alloy A. However, if TL is applied, all the new features of the new alloy A, must be scaled with respect to
the y and o of the new and the past data, hence they are calculated on the entire data of alloy B and C related to the pre-trained BNN, as

Fig. 5. TL effectiveness evaluation strategy via R%NN,nom, coefficients for an external dataset X of material A.
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Fig. 6. Training and validation losses of the R50 and R90C90 life BNNs trained on AlSi10Mg and SS316L (a), Ti6Al4V and SS316L (b), and Ti6Al4V
and AlISi10Mg (c).

well as on the considered reduced training database of alloy A. If this is not done, the results are incorrectly represented. The so-called
“alloy A” is studied as to be all three alloys on rotation, namely Ti6Al4V, AlSi10Mg and SS316L. It follows that the BNN from which TL
is performed as a starting point is trained on the other two remaining materials. As an example, if the effectiveness of TL is tested on
Ti6Al4V, the loaded BNN is trained on AlSi10Mg and SS316L, and so on for the other two alloys on rotation.

4. Results

In this Section, the BNNs with and without TL are compared, to show the enhancement of the predictive capabilities to design
against failures. To study the ablation of TL, the performance of each BNN is analyzed by considering each PSN curves and the cor-
responding RﬁNMnom score, when TL is applied to Ti6Al4V (Section 4.1), AlSi10Mg (Section 4.2), and SS316L (Section 4.3). Fig. 6
reports the training metrics of the three pre-trained BNNs, combining both the R50 and R90C90 losses. A cross-validation study with
100 training sessions has been performed for each of the three cases, and among those, the ones with the lowest training and
generalization errors have been selected. Fig. 6a reports the metrics of the BNN trained on AlSi10Mg and SS316L to perform TL on
Ti6Al4V. Fig. 6b refers to the BNN trained on Ti6Al4V and SS316L for the TL of AlSi10Mg, whereas Fig. 6¢c shows the metrics of the
BNN trained on Ti6Al4V and AlSi10Mg for the TL of SS316L. It can be observed that for all three BNNs, both the training and validation
losses have a steep descent, with the latter being slightly above the former. This is a sign that the BNNs are well generalized and do not
risk overfitting [52].

The following Sections report, for each material, the PSN curves and the R2,m scores obtained with increasing number of training
data. Additional error metrics along with parity plots, were reported as supplementary materials to further quantify the prediction
accuracy of the model. Mean absolute error (MAE) and mean squared error (MSE) were calculated on the predicted Ny values for the
selected external validation datasets, with and without TL, and for all investigated training sizes.

Fig. 7. RﬁNN,norm vs. number of training datapoints with the 90% confidence interval of the mean for the Ti6Al4V validation dataset 38, for the R50
life. In red the case without TL, while in green the case with TL applied.
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Fig. 8. PSN curves to assess the effectiveness of TL on Ti6Al4V from a BNN pretrained on AlSi10Mg (purple points) and SS316L (orange points). The
external dataset 38 (red points and triangles) has been validated with combinations of 50 (a), 100 (b), 150 (c) and 200 (d) training points to output
the R50 (red without TL and green with TL) and R90C90 life (magenta without TL and blue with TL) with and without TL. In solid black the
experimental R50 line, while in dashed black the experimental R90C90 line.

4.1. Ti6Al4V

To assess the effectiveness of TL on Ti6Al4V, 14 external validation datasets have been blindly evaluated. However, since 4 SN
diagrams (one for each numerosity) must be shown to assess the effectiveness of TL, only one validation dataset is shown for the sake of
conciseness. For Ti6Al4V, the external dataset 38 is shown as an example [53] (Table A). Considering a dataset, for each numerosity
(50, 100, 150 and 200), 10 training sessions have been performed, each with a random combination of training datasets, with and
without TL (Fig. 4). For each training case, the RIZ;NN,ng,m of Ny is evaluated starting from the PSN curves predicted by the BNN, which
are averaged over the 10 training data combinations. Fig. 7 shows the results of the mean of the RZorm with its 90% confidence interval,
while increasing training datapoints for Ny.

For each database size (50, 100, 150, and 200), the 90% confidence interval of the mean can be plotted with its average RﬁNN, norm
value computed over 10 randomly initialized training, both with and without TL. Being this a normalized version of the R? coefficient,
values equal to one mean that the curve predicted by the BNN has the same fitting accuracy of the experimental one, which is the best
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Fig. 9. RﬁNN,mrm vs. number of training datapoints with the 90% confidence interval of the mean for the AlSi10Mg validation dataset 55, for the
R50 life. In red the case without TL, while in green the case with TL applied.

possible prediction on the evaluated experimental validation dataset. It can be clearly observed that the case with TL always provides
more accurate predictions for each numerosity, as its curve is always above its traditionally trained counterpart without TL. It is also
evident how increasing the number of training points leads to an increase in precision and, more generally, to a reduction in scatter,
both with and without TL. Fig. 7 shows that TL yields a normalized accuracy RﬁNN, norm close to 0.7 of the R50 estimates with only 50
training points, while standard training fails, as indicated by the RIZ;NM norm Without TL. The TL prediction with 100 datapoints shows an
improvement, with respect to the prediction without TL. The benefit of TL is less prominent as the number of data increases up to 200,
where the RﬁNN’ norm Without TL approaches the one obtained with TL. The consistent increase of the R? scores obtained with TL with
small training datasets proves its effectiveness in improving the accuracy of the predictions when the data is scarce. Furthermore, when
using TL, the R? score quickly saturates as the number of training points increases, allowing to reduce the size of the experimental
dataset. Moreover, TL positive effect is confirmed by the fact that the confidence intervals of the mean values do not overlap.
Accordingly, this difference is statistically significant.

Fig. 8 shows the prediction of the fine-tuned BNN for the validation dataset, averaged over the 10 training combinations. The
prediction for the R50 and R90C90 curves are compared with the experimental data, the fitted fatigue model, and the BNNs trained
only on the reduced database (without TL). The predictions are shown for 50 (Fig. 8a), 100 (Fig. 8b), 150 (Fig. 8c) and 200 (Fig. 8d)
training points. In purple and orange are shown the experimental failures and runouts points used for the pre-trained BNN, belonging
respectively to AlSi10Mg and SS316L. Indeed, it can be observed how the case with TL provides S-N curves that are closer to their
experimental counterparts as opposed to the case without TL, for all cases, with a precision that is increasing as the number of training
points increases. Moreover, for the case with 50 training points, the R90C90 line with TL (Fig. 8a, blue line) can already be used to
safely design components against fatigue failure, as each experimental point of the external validation dataset falls above it. For
Ti6Al4V, it can be concluded that this method is robust and trustworthy, especially with such severe validation conditions, where the
pre-trained BNN never sees the evaluated material and the TL BNNs never consider the external validation dataset. Other PSN curves of
additional Ti6Al4V external datasets evaluated at 50 training points are reported in Fig. B1 of Appendix B.

4.2. AlSi10Mg

For the validation on AlSi10Mg, 16 external datasets have been validated. Here, as an example, the results on the external dataset
55 are shown in Fig. 9 with the Rf;NM norm Mean and its 90% confidence interval. The Rf;NM norm Mmean score of the R50 life with TL is
around 70% with only 50 datapoints, while the predictions without TL are significantly inferior, with a mean score close to zero. As the
number of training points increases, the RIZ;NM norm Score achieves a stable behavior around 90% for the case with TL, outperforming the
case without TL, which shows worse predictive capabilities. Once again, the fact that the confidence intervals of the mean do not
overlap, especially at a low number of training points, proves that the positive effect of TL is also statistically significant.

By inspecting the PSN curves (Fig. 10), the TL positive effect is also observable, as at a low number of training points, such as 50
(Fig. 10a) and 100 (Fig. 10b), the R90C90 curve with TL can provide accurate predictions for fatigue design. On the other hand, the
case without TL needs 200 data points to provide a sufficient accuracy of the R90C90 curve (Fig. 10d). Additional results predicted by
TL at 50 training points on four more AlSi10Mg external datasets are reported in Fig. B2 of Appendix B.

4.3. SS316L

For SS316L 11 external datasets have been blindly validated. SS316L is the alloy to benefit the most out of TL, since its TL is
performed from a BNN trained with the highest number of data (1106 for Ti6Al4V plus 874 for AlSi10Mg). Moreover, its dataset points
are located between well-populated regions of the SN diagram (Fig. 1), given that SS316L has intermediate performances compared to
Ti6Al14V and AlSi10Mg. Indeed, this can be confirmed by Fig. 11, by studying the SS316L external validation dataset 41, in which it can

10
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Fig. 10. PSN curves to assess the effectiveness of TL on AlSi10Mg from a BNN pretrained on Ti6Al4V (blue points) and SS316L (orange points). The
external dataset 55 (red points and triangles) has been validated with combinations of 50 (a), 100 (b), 150 (c) and 200 (d) training points to output
the R50 (red without TL and green with TL) and R90C90 life (magenta without TL and blue with TL) with and without TL. In solid black the
experimental R50 line, while in dashed black the experimental R90C90 line.

be seen that TL gives a significant head-start when the number of data is as low as 50 for the R50 life RﬁNN, norm Scores, with mean values
above 80%. The behavior saturates to a very accurate prediction for the remaining cases with 100, 150 and 200 datapoints. The case
without TL struggles to provide reliable predictions for all the database sizes, as its mean value saturates close to 60%. Also for SS316L,
the TL positive effect is particularly evident and it is confirmed by the fact that the confidence interval of the mean for the case with TL
is very far from the one of the case without TL. Accordingly, this difference is particularly significant statistically speaking even for
SS316L.

This can indeed be confirmed from the PSN curves of Fig. 12. No particular difference is observed between the R50 and R90C90
lines with TL (green and blue lines) at different number of training points. Therefore, 50 training points can be used with confidence to
reliably design against fatigue failures, as the R90C90 line (Fig. 12a, blue line) is very close to its experimental counterpart. The same
holds for the higher number of training points, even though it is obviously more convenient to employ fewer training points, as in
Fig. 12a. The case without TL struggles significantly in providing trustworthy predictions, with a barely usable R90C90 line only in the

11
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Fig. 11. R%NN,norm vs. number of training datapoints with the 90% confidence interval of the mean for the SS316L validation dataset 41, for the R50
life. In red the case without TL, while in green the case with TL applied.

200 training points case (Fig. 12d purple line). Moreover, Fig. B3 of Appendix B shows four more PSN curves of SS316L external
datasets evaluated at 50 training datapoints.

5. Discussion

From the results reported in Section 4, the TL effect is particularly evident and beneficial already at a low number of training points
such as 50, which are more conveniently obtained with respect to a higher number of points. Therefore, designers can greatly benefit
from the application of TL already at a low number of fatigue specimens. To corroborate this statement, additional PSN curves
evaluated at 50 training points on other external datasets are reported in Appendix B for all alloys. Nevertheless, to have a complete
perspective on the assessment of the effectiveness of TL at 50 training points, Fig. 13 reports the normalized R? score averaged over all
the external validation datasets (14 for Ti6Al4V, 16 for AlSi10Mg and 11 for SS316L), along with its 90% confidence interval, for all
alloys, both for the R50 and R90C90 life. It can be clearly seen that TL allows to deliver a significant improvement in precision with
respect to its traditionally trained counterparts for all alloys, given its lower prediction error. As stated in Section 4.3 this effect is
particularly beneficial for SS316L, followed immediately after by Ti6Al4V and then AlSi10Mg. The TL from Ti6Al4V and SS316L to
AlSi10Mg is still effective but not as much as for the other two alloys. This is because AlSi10Mg is positioned below the other two alloys
in the SN diagram (Fig. 1), since, for the same Ny, AlSi10Mg exhibits a lower S, with respect to the other two alloys, which can limit the
effectiveness of knowledge transfer. Nevertheless, the employment of TL is beneficial even to counteract fatigue failures for A1Si10Mg.
Moreover, the positive effect of TL is supported by the absence of overlap between the confidence intervals of the means for all alloys at
50 training points, suggesting that the observed difference is statistically significant.

The following approach, based off the gathered and available literature data, is only applicable to bulk AM parts, not to lattice
structures. However, it can be extended to the latter, provided that sufficient training data on lattice structures are available or that TL
is applied to them. Once TL has been assessed to be effective, the process parameter influence on the fatigue life can be discussed along
with the capabilities of TL to infer such influences from other alloys when the training data is limited. Section 5.1 presents a complete
layout of the influence of the process parameters (namely 9, P, v, h and t) on the fatigue life for the three alloys, whereas Section 5.2
investigates the effectiveness of TL in inferring the process parameter influence on the life from other alloys.

5.1. Process parameters influence on fatigue life

For each alloy, and for every set of process parameters, the evaluation was carried out using a constant set of input features, with
the exception of the process parameter under study, which was varied across its range of interest, as illustrated in Table 1. The constant
features are set to the most recurrent values, as reported in Table 2. All thermal and surface treatment variables were set to zero,
ensuring that the analysis referred exclusively to the as-built condition. These choices were made to minimize the influence of data
availability and to isolate the specific effect of the process parameters on the fatigue behavior.

Given that each of the three alloys has different ranges of S,, two representative S, levels were selected for each alloy, chosen where
a larger amount of data was available (Fig. 1). Specifically, Ti6Al4V was analyzed at 300 and 500 MPa, AlSi10Mg at 100 and 200 MPa,
and SS316L at 200 and 350 MPa.

12
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Fig. 12. PSN curves to assess the effectiveness of TL on SS316L from a BNN pretrained on AlSi10Mg (purple points) and Ti6Al4V (blue points). The
external dataset 41 (red points and triangles) has been validated with combinations of 50 (a), 100 (b), 150 (c) and 200 (d) training points to output
the R50 (red without TL and green with TL) and R90C90 life (magenta without TL and blue with TL) with and without TL. In solid black the
experimental R50 line, while in dashed black the experimental R90C90 line.

Fig. 14 illustrates the overall influence of the process parameters on the fatigue life of each alloy, and it highlights the capabilities of
the BNN to deliver probabilistic confidence envelopes, as in [42]. The influence of individual process parameters is analysed per alloy
and visualised in columns (Ti6Al4V: Fig. 14a, d, g, j and m; AlSi10Mg: Fig. 14b, e, h, k, and n; SS316L: Fig. 14c, f, i, 1 and o), whereas
each row corresponds to a different process parameter: building orientation (9), laser power (P), scan speed (v), hatch distance (h), and
layer thickness (t). Overall, it can be observed that in the majority of the cases there is accordance between the alloys for the same
process parameters. For 9, Ti6Al4V, AlSi10Mg, and SS316L show similar trends at both S, levels, with the horizontal configuration
showing the highest fatigue resistance, in agreement with previous studies [54-57]. Higher values of P improve the fatigue life of both

13
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Fig. 13. Effectiveness of TL at 50 training points evaluated with the normalized R? score averaged on all external validation datasets for all alloys.
Each point is averaged with respect to 14 external datasets R2,:m scores for Ti6Al4V, 16 for AlSi10Mg and 11 for SS316L. The 90% confidence
interval of the mean is also reported.

Table 2

Process parameters most recurrent values to which the evaluation database has been set to per alloy.
Alloy 9 [°] P [W] v [mm/s] h [pm] t [um]
Ti6Al4V 920 280 1200 100 30
AlSi10Mg 920 370 1300 130 30
SS316L 90 275 1000 100 30

Ti6Al14V and AlSi10Mg. However, the BNN indicates that the predictions are less reliable at high values of P, as in that region the
prediction uncertainty envelope gets larger. At the higher S, levels, the model shows a sweet spot of 225-275 W for Ti6Al4V, and
around 350 W for AISi10Mg (Fig. 14d-e). In the case of SS316L, increasing P leads to a reduced fatigue strength, as observed in [35].
Analogue findings are reported in the literature, where the optimal values of P discussed above showed a reduction of the final porosity
for AlSi10Mg, SS316L and Ti6Al4V [17,58,59]. For v, a sweet spot can be noticed here as well, especially for Ti6Al4V in the 800-1000
mm/s range. AlSi10Mg exhibits a similar behavior up to about 1500 mm/s. Higher Ny values occur at lower v, where the BNN indicates
increased uncertainty. Notably, the BNN proves to be effective in signalling prediction reliability, as the widening of the uncertainty
envelope directly reflects reduced confidence. For SS316L, no significant differences are found within v, though local peaks are found
near 1500 mm/s. The findings align with the literature. Refs. [59,60] report low porosity at v ~ 1250 mm/s, while ref. [17] shows
trends consistent with Fig. 14g for Ti6Al4V, with low porosities near 1000 mm/s. For SS316L, ref. [58] has shown that v between 800
and 1200 mm/s gives high relative density (pr), with a maximum at 1200 mm/s, whereas exceeding 1250 mm/s causes a drastic
decrease of pr. Similarly, ref. [61] confirmed that v ~ 1200 mm/s leads to the highest p. For h, the results are similar for the three
alloys: a peak of Nyis observed in the 110-120 pm range. For the SS316L, this behavior is more evident at 200 MPa, while a larger
uncertainty dominates at 350 MPa. The results are in agreement with the experimental evidence shown in [17,61,62]. Similar con-
sistencies among the three alloys can be observed for t. Low values of t lead to a better response, with local peaks around t ~ 35-40 pm.
The trends are in agreement with the experimental evidence reported in [17] and [58], where low values of t yield a lower porosity. All
these results are in sound agreement with the experimental evidence, proving the effectiveness of the BNN in modelling the influences
of the processing parameters on the fatigue response. It must be highlighted that the behaviors shown in Fig. 14 may differ if the
reference configuration of Table 2 is changed.

5.2. Process parameters influence inference with TL

This section evaluates whether TL enables the newly assessed material (alloy A) to correctly infer the influence of process pa-
rameters on Ny from the other two alloys (B and C) under limited data conditions. The training and data selection procedures follow
those described in Section 3.3, with the only difference being the use of 50 training data points and 10 random combinations of training
subsets. Process parameters are plotted against Nynormalized with respect to the maximum value, and are evaluated for all three alloys
both with TL (Fig. 15 green) and without TL (Fig. 15 red), and compared with the reference influence estimated by the BNN trained on
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the full database of each alloy (Fig. 15 black), corresponding to the mean curves of Fig. 14. This reference serves to assess TL’s ability to
reproduce the correct parameter-life relationships. One S, level is considered per alloy: 300 MPa for Ti6Al14V, 100 MPa for AlSi10Mg,
and 200 MPa for SS316L. As in Section 4, the curves with and without TL are averaged over ten evaluations to reduce random effects,
using identical dataset combinations in both cases. This constitutes a stringent test, since the pre-trained BNN has never seen data from
the target material and is trained and fine-tuned using only 50 samples. Nevertheless, as shown in Fig. 15, TL successfully infers the
parameter-life relationships for all three alloys. The case without TL (red) fails to follow the reference behaviour (black), while TL
(green) reproduces the same trends, overlapping the reference almost perfectly for most of the parameter range. A mild overestimation
or underestimation of the normalized Ny is sometimes present for a small portion of the parameter range. Despite these small dis-
crepancies — attributable to differences in intrinsic material response at the same S, — the optimal parameter ranges are correctly
identified. As an example, in Fig. 15a, v evaluated on Ti6Al4V shows a reference optimal v range of 750-1000 mm/s. With TL the
optimal range is correctly estimated with a v giving a high life at 1000 mm/s, whereas the case without TL completely struggles to
follow the reference, giving an optimal v of 200 mm/s. Similarly, in Fig. 15b the optimal reference h value for Ti6Al4V is close to 125
pm, and is correctly predicted by TL, with its optimal value equal to 135 pm, whereas without TL the optimal h is missed with an
estimate of 180 pm. The same holds for h for AlSi10Mg (Fig. 15e) in which TL not only correctly estimated the optimal h value (110

Ti6Al4V AlSi10Mg SS316L
9
(a) (b) (c)
P
(d () ®
\%
(2) (h) (i)

Fig. 14. Process parameters influence on the fatigue life, for Ti6Al4V (a, d, g, j and m), AlSi10Mg (b, e, h, k, and n) and SS316L (c, f, i, | and o). The
influence on the fatigue response is analysed with respect to the building orientation 9 (a, b and c), the laser power P (d, e and f), the scan speed v (g,
h and i), the hatch distance h (j, k and 1) and the layer thickness t (m, n and o).
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Fig. 14. (continued).

pm), but also correctly represents the overall behaviour by following the reference line with good accuracy, whereas standard training
completely fails. In Fig. 15d, v is studied for AlSi10Mg, and the case with TL correctly estimates the reference line, especially the
optimal v range plateau from 500 to 1700 mm/s and its suboptimal drop after it. On the other hand, the case without TL correctly
estimates only its small peak at 1700 mm/s while incorrectly predicting as worse the portion below it up to 500 mm/s. When it comes
to 9, P and t for SS316L (Fig. 15f-h), the case with and without TL both guess the optimal and suboptimal parameters value, however
the case with TL shows superior accuracy as its behaviour is closer to the reference line as opposed to the case without TL. Overall, TL
effectively transfers knowledge across different alloys, enabling accurate prediction of fatigue life and process parameter influence
even under severe data scarcity.

TL significantly improves the prediction capabilities of the BNNs, as opposed to the case without TL, confirming its effectiveness
under data-scarce scenarios. By leveraging pre-trained models and extensive literature data, TL improves both accuracy and reliability
of the predictions.

6. Conclusions

The present work presents an approach to improve fatigue life prediction and design against fatigue failures under data scarce
conditions, via transfer learning (TL) algorithms for additively manufactured (AMed) metallic alloys, allowing to save economical and
temporal resources. TL transfers knowledge from a Bayesian neural network (BNN) pre-trained on alloys with larger datasets to
improve accuracy when training data are limited.

TL was applied to Ti6Al4V (1106 points), AlSi10Mg (874 points), and SS316L (518 points), with data collected from more than 70
literature sources. Data scarcity was simulated for each alloy on rotation by subdividing its full database into smaller subsets of 50, 100,
150 and 200 data points. The performance of TL was assessed on external experimental validation datasets, not considered during
training, by comparing the probabilistic stress life (PSN) curves (R50 and R90C90) and R? accuracy scores with and without TL.

The key findings can be summarized as follows:

e TL enhances prediction accuracy for all alloys, remarkably improving the R? score and the agreement of PSN curves with exper-
imental data, regardless of the training database size.

e TL remains effective even with as few as 50 data points, yielding higher R? scores than models trained without TL. The R? score
saturates quickly, indicating that expanding the training dataset beyond this size does not significantly increase the R? score.

e Moreover, the positive effect of TL is supported by the absence of overlap between the 90% confidence intervals of the means of the
normalized R? scores for all alloys, suggesting that the observed difference is also statistically significant.
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Fig. 15. TL process parameters influence inference for Ti6Al4V, AlSi10Mg and SS316L. The alloys have been evaluated at respectively 300, 100 and
200 MPa. On the x-axis the studied parameter, while on the y-axis Ny normalized with respect to the maximum. In black the process parameters
evaluated with a BNN trained on the entire database of the evaluated alloy alone. In green the process parameters evaluated on a BNN trained with
10 different training combinations of 50 datapoints with TL, while in red the same but without TL.
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Fig. 15. (continued).

e SS316L benefits more from TL as its position in the stress-life (SN) diagram is between those of Ti6Al4V and AlSi10Mg, from which
TL is performed. Conversely, the improvement for AlSi10Mg is smaller, as its external datasets lie way below those of the SS316L
and Ti6Al4V, from which TL is performed.

o The effectiveness of TL depends on the relative location on the SN diagram of the studied alloy with respect to the alloys from which
TL is performed.

e TL successfully captures the influence of process parameters on fatigue performance when training data is scarce, reproducing
trends consistent with a BNN trained on the complete database, effectively improving the inference capabilities of the data-scarce
BNNs over the process parameters influence.

In conclusion, TL offers a robust strategy for fatigue life prediction with limited data. By appropriately combining data normali-
zation, data pre-processing, and adapting the pre-trained models through loading, freezing, and finetuning, TL significantly enhances
the predictive capabilities, reliability, and generalization to mitigate fatigue failures. These techniques accelerate model training while
reducing experimental and computational costs, paving the way for more efficient and trustworthy fatigue assessment of AM alloys
with machine learning.

CRediT authorship contribution statement
Alessio Centola: Writing — original draft, Visualization, Validation, Software, Methodology, Investigation, Data curation,
Conceptualization. Alberto Ciampaglia: Writing — review & editing, Validation, Supervision, Investigation, Conceptualization.

Davide Salvatore Paolino: Writing — review & editing, Supervision, Project administration, Conceptualization. Andrea Tridello:
Writing — review & editing, Supervision, Project administration, Formal analysis, Conceptualization.

Funding

This research did not receive any specific grant from funding agencies in the public, commercial, or not-for-profit sectors.

Declaration of competing interest

The Authors declare that they have no known competing financial interests or personal relationships that could have appeared to
influence the work reported in this paper.

Appendix A:. Multi-alloy training database

The appendix reports the entire multi-alloy training database (Table A), with indexing and input features divided by alloy, article
and dataset. The output labels such as S,, Nrand Ry, have not been reported to keep Table A as concise as possible. The training data has
been collected from 71 trusted literature sources, resulting in 222 datasets and 2498 points: 1106 points from 88 datasets from 32
articles for Ti6Al4V, 874 points from 83 datasets from 22 articles for AlSi10Mg and 518 points from 51 datasets from 17 articles for
SS316L. Table A contains additional references [63-129] that are not cited elsewhere in the main body of the article. For further details
about the input features and output labels, the reader is referred to Section 2.1.
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Table A
Indexing and input features of the full multi alloy training database for Ti6Al4V, AlSi10Mg and SS316L. S,, N and R¢ have not been reported to keep
this table as concise as possible.
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Appendix B:. Additional results of probabilistic fatigue curves

The Appendix reports additional results for other external validation datasets for all three alloys, four per material. Of course, to
save experimental costs in fatigue testing, it is preferable to adopt as less training points as possible. Hence, for conciseness, this
additional evaluation has been reported only at 50 training points. Fig. B1 reports the Ti6Al4V external datasets 16 (a), 21 (b), 37 (c)
and 85 (d). Fig. B2 shows the AlSi10Mg external datasets 45 (a), 54 (b), 57 (c) and 81 (d). Finally Fig. B3 reports the SS316L external
datasets 1 (a), 2 (b), 35 (c) and 40 (d). The results show that the TL procedures can output a usable design R90C90 PSN curve for all
cases, proving the trustworthiness of the TL framework.

(@ (b)

(©) (d)

Fig. B1. Additional PSN curves to assess the effectiveness of TL on Ti6Al4V from a BNN pretrained on AlSi10Mg (purple points) and SS316L (orange
points) at 50 training points for the external datasets 16 (a), 21 (b), 37 (c) and 85 (d). The experimental datasets (red points and triangles) have been
validated to output the R50 (red without TL and green with TL) and R90C90 life (magenta without TL and blue with TL) with and without TL. In
solid black the experimental R50 line, while in dashed black the experimental R90C90 line.
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(a) (b)

(c) (d)

Fig. B2. Additional PSN curves to assess the effectiveness of TL on AlSi10Mg from a BNN pretrained on Ti6Al4V (blue points) and SS316L (orange
points) at 50 training points for the external datasets 45 (a), 54 (b), 57 (c) and 81 (d). The experimental datasets (red points and triangles) have been
validated to output the R50 (red without TL and green with TL) and R90C90 life (magenta without TL and blue with TL) with and without TL. In
solid black the experimental R50 line, while in dashed black the experimental R90C90 line.
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(2) (b)

(c) (d)

Fig. B3. Additional PSN curves to assess the effectiveness of TL on SS316L from a BNN pretrained on Ti6Al4V (blue points) and AlSi10Mg (purple
points) at 50 training points for the external datasets 1 (a), 2 (b), 35 (c¢) and 40 (d). The experimental datasets (red points and triangles) have been
validated to output the R50 (red without TL and green with TL) and R90C90 life (magenta without TL and blue with TL) with and without TL. In
solid black the experimental R50 line, while in dashed black the experimental R90C90 line.

Appendix C. Supplementary data

Supplementary data to this article can be found online at https://doi.org/10.1016/j.engfailanal.2026.111075.

Data availability

Data will be made available on request.
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