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Abstract

Laser Powder Bed Fusion (PBF-LB) is currently one of the most versatile and adopted
additive manufacturing technologies for printing metals. To take new PBF-LB machines
into service, a thorough characterization and calibration is often necessary to get the
desired output. This is commonly achieved empirically; however, data-driven methods
have become more and more available over the last few years. This research explores the
use of transfer learning (TL) to transfer process knowledge from an already-established
source machine (Nikon SLM 500) to a target machine (Trumpf TruPrint 5000) with different
hardware specifications. To predict the tensile properties of AlSi10Mg0.5 utilizing a minimal
data set of merely 25 training samples, eight TL model variants, determined by their
degrees of training freedom, were investigated. The results showed that TL is effective in
transferring machine learning (ML)-based process models. High prediction accuracy was
achieved on the target machine, with coefficient of determination (R?) values reaching 75.5%
for yield strength, 82.1% for ultimate tensile strength, and up to 92.0% for elongation at
break in testing. Additionally, a weighted mean model ensemble of all eight single models
was developed, including all eight TL variants, to enable higher prediction robustness.
Validation trials for three different use cases confirmed the capability of the approach to
optimize processing conditions, like increasing hatch scan speed by 167% to 292% while
maintaining high mechanical performance. Additional microstructure analysis was given
to support the findings. The results demonstrate a time- and resource-efficient approach
for rapid industrialization of PBF-LB machines, combining ML-based process modeling
with machine-specific data.

Keywords:
relationships; mechanical behavior of AM metals; machine learning for process control in

metallic additive manufacturing (MAM); process—structure-property
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1. Introduction

Laser powder bed fusion (PBF-LB) is at present one of the most established additive
manufacturing processes to build metallic near-net-shape structures. It offers a lot of
design freedom and flexibility to produce small- to medium-sized parts with minimal
tooling effort [1]. However, it also comes with high process complexity, since apart from
selecting the right feedstock material for the job, finding the optimal processing parameters
can be challenging. Parameters, like preheating temperature [2,3], laser scan speed and
power [4], or layer height [5,6], must be optimized to obtain the desired processing results.
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To find optimal solutions in this multi-dimensional parameter space, data-driven methods
and especially machine learning has been discussed as a useful tool by a lot of studies
in the last years, e.g., on modeling part density and porosity [7-12], functional materials
properties [13,14], or mechanical properties like Charpy impact energies [15-17] and tensile
properties [18,19].

Despite these efforts, another variable represents the PBF-LB machine itself. Every
machine has to be characterized and individually tuned in order to deliver the desired
results. This might not be an issue for a single-machine setup, yet for an industrialized multi-
machine production system, the effort for initial parametrization and ensuring comparable
results can scale up rapidly to counteract machine-to-machine variability, reported for
example in [20-23]. The reasons for these variations are multilateral differences in the
machine’s technical configuration. It was reported, for example, that different shielding gas
flows affect porosity, melt pool geometry, and mechanical properties [24-26]. Additional
factors are the characteristics of the laser spot, i.e., diameter, focus or caustic [27] and
scanning strategies [28], among others. All these influences, or the simple fact that different
machines do not offer the same parameter ranges (Table 1), may lead to a different output.

Table 1. Differences in the parameter ranges between the Nikon SLM Solutions SLM 500 and Trumpf
TruPrint 5000 [29,30] used in this research.

Parameter SLM 500 TruPrint 5000
Max. Laser Power P;, [W] 4 x 700 4 x 500
Laser Scan Speed vy, [mm/s] max. 10,000 max. 3000
Laser Spot Diameter dp [pm] 80-150 100 (fixed)
Layer thickness I; [um] min. 20 min. 30
Feedstock Material AlSi10Mg0.5

Accommodating the above-mentioned advances in process modeling, it seems to be
beneficial to use existing process models on new machines (target) and adapt them to the
individual machining properties. To achieve this, pre-trained machine learning models
can be trained further on data of the target machine to customize them to new or similar
situations [31]. According to Tang et al. [32], with this transfer learning (TL) approach, it is
possible to generate working process models for a target system in the additive manufac-
turing domain, while requiring limited amounts of training data. With regard to PBF-LB,
TL was used to transfer process knowledge between different PBF-LB printers to predict
relative densities with relatively small amounts of training data, ranging between 7 and
49 data vectors on the target machines [33,34]. The material studied was Ti-6Al-4V based
on the dataset of Liu et al. [35]. Bahari-Sambran et al. [36] used TL as a tool to investigate
processing maps for AlSil0Mg0.5 to optimize relative density. Skiadopoulus et al. [37]
pre-trained a neural network on synthetic data of porosity and transferred the model on
actual experimental data of printed AlSi10Mg0.5 samples. Lou et al. [38] used process
monitoring images during sample printing to predict ultimate tensile strength and elonga-
tion at break. To extract relevant features out of 60 process parameter sets, a pre-trained
convolutional neural network was used and adapted to the specific task via transfer learn-
ing. These examples show the potential of TL in PBF-LB; however, a combination of all
aspects—using TL to transfer process models between different machines to predict yield
strength, ultimate tensile strength, and elongation at break of AlSi10Mg0.5 utilizing small
training datasets—has not been reported yet.
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With that background, this research is exploring the application of TL to transfer an
existing process model from our Nikon SLM 500 machine (source) onto a Trumpf TruPrint
5000 machine. The pre-trained source models resulted from our previous research [39].
In that study, newly initialized neural networks were exclusively trained on data produced
on a Nikon SLM 500 machine. No transfer learning was applied, or external data were
used in training. The resulting models for yield strength, ultimate tensile strength, and
elongation at break were used in this TL approach.

Both machines cover different parameter ranges, especially in terms of maximum
laser power and scan speed or laser beam radius; however, a sufficient overlap of both
machines is given. Moreover, it is possible to manipulate the same parameters to control
the PBF-LB process. Thus, we explored an inductive transfer learning approach with
parameter transfer [31]. We tested the use of a small training dataset to yield usable
target models to predict tensile properties of AISi10Mg0.5 parts, while keeping expensive
empirical testing to a minimum. The resulting models for yield strength, ultimate tensile
strength, and elongation at break were validated in their performance and tested on three
optimization scenarios.

2. Methodology
2.1. Data Creation: Sample Manufacturing and Evaluation

The target PBF-LB machine, for which an existing process model was transferred,
was a four-laser TruPrint 5000 by TRUMPF Laser- und Systemtechnik GmbH, Ditzingen,
Germany, with a 1064 nm fiber laser and a maximum power of 500 W per laser source [29].
To create the necessary training data on the new PBF-LB machine, the same methodology as
described in our previous research on process modeling on an SLM 500 machine by Nikon
SLM Solutions AG [39] was utilized. The different parameter ranges for both machines are
listed in Table 1.

According to Tang et al. [33], the size ratio 7, of the target to source datasets, given
in Equation (1), greatly determines the transfer quality. According to their study, 7.,
should be between 0.2 and 0.7, better greater than 0.5 to reach a positive transfer. As we
lain = 25 parameter
combinations were chosen as training data for our target dataset. Therefore, the proposed

used n® = 50 parameter combinations on our source model [39], n

lower limit of ry;,, = 0.5 was fulfilled.

t

n, .
. train
Tsize = ns (1)

nt. . —Size of the training dataset on target machine
n®*—Size of the training dataset on source machine

With the parameter ranges given in Table 2, 25 randomly distributed parameter
combinations were determined based on the melt-mode model proposed by Patel et al. [40].
It can be seen in Table 2 how the selected parameter ranges of the target machine overlapped
with the training parameters of the source machine to ensure a positive transfer. For each
combination, three tensile specimens were assigned. In total, 75 tensile specimens of
geometry A4 x 20 according to DIN 50125 were printed with gas-atomized AlSi10Mg0.5
powder, a constant layer thickness of 50 pm, and a constant laser spot diameter of 100 pm.
Nitrogen was used as shielding gas.

For validation, specific parameter combinations were determined by the resulting
process models in each use case described in Section 3.5. For every validation parameter
set, seven tensile specimens and one density cube (ca. 1 cm x 1 cm x 1 cm) were printed.
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Table 2. Variation of PBF-LB parameters for the TruPrint 5000 for the training dataset, actual ranges
of the training dataset. The parameter ranges for training the source models from [39] on the Nikon
SLM500 [39] are given in brackets for comparison.

Parameter Hatch Outer Contour Inner Contour
Laser Power P; [W] 200-384 311-478 250
(300-700) (233-580) (350)
Laser Scan Speed vy [mm/s] 470-2172 545-897 700
(500-3000) (628-1400) (600, 800)
Scan Distance s [mm] 0.15-0.21 0.12-0.17 0.06
(0.15-0.23) (0.17-0.20) (0.20)
Laser Spot Diameter dp [pm] 100 fixed
(116.4-137.5) (116.4) (116.4)
Layer thickness /; [um] 50 fixed
(50, 100)

The tensile specimens were tested on an AllroundLine Z100 tensile tester including a
roboTest L, both made by ZwickRoell GmbH & Co. KG, Ulm, Germany. From the resulting
stress—strain curves, the yield strength R0 (YS), the ultimate tensile strength R,, (UTS),
and the elongation at break (A) were evaluated and the mean value of the three samples
per parameter combination was used. All three tensile properties served as target values
for subsequent machine learning.

The density cubes from the validation trials were used for microstructure evaluation.
The specimens were cut perpendicular to the layers, polished, and etched for ca. 30 s with
Keller’s reagent (97 mL of distilled water, 1 mL nitric acid (65%), 2 mL hydrochloric acid
(37%), 0.5 g of sodium fluoride) to enhance contrast.

The microstructure images were captured both via light-optical microscopy and scan-
ning electron microscopy (SEM). The microscope Polyvar by Reichert-Jung equipped
with a digital camera ProgRes SpeedXT core 3 by Jenoptik AG, Jena, Germany and the
scanning electron microscope Zeiss GeminiSEM 360 (Carl Zeiss Microscopy GmbH, Jena,
Germany) with Oxford Ultim Max 100 EDS (Oxford Instruments plc, Abingdon, UK)
detector were used.

2.2. Transfer Learning

The transfer learning starts with an existing, pre-trained machine learning model that
contains process knowledge of a similar domain, i.e., same process parameter dependencies
in PBF-LB on different machines. The trained and evaluated models from [39] were used
as the source models for this study. These dense neural networks (DNNs) were trained
on data from a Nikon SLM 500 (Nikon SLM Solutions AG, Liibeck, Germany, source
machine, Figure 1). The model’s architecture, processing parameters, and dimensionless
parameters were the same as previously reported. Its architecture consists of 12 input
neurons—seven process parameters (laser power P and laser scan speed v}, for both hatch
and outer contour, laser beam diameter dp, hatch distance sy, and layer thickness t;) and
five dimensionless parameters (dl. laser power g%, dl. layer thickness [*, dl. heat input
Q*, dl.scan velocity v*, and dl. energy E*). Two hidden layers of 16 and 8 neurons follow
respectively and a single target as output. For each target value (YS, UTS, A), a separate
model was trained, and therefore, the transfer was based on these three models.

The models were implemented in Python 3.9 with Pytorch 2.3 [41]. All training and
testing of the ML models was performed on common desktop hardware, specifically an
Elitebook 850G8 by HP with a quad core Intel Core i7-1165G7 processor, 16 GB RAM, and
an additional NVIDIA GeForce MX450 N185-G5 graphics card with 2 GB VRAM to speed
up training.
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Figure 1. Dense neural network architecture used for transfer learning [39], created with NN-SVG [42].

In order to transfer the model, the pre-trained DNN from [39] was trained further with
new data from the TruPrint 5000 machine. Since similar dependencies between process
parameters (input) and tensile properties (output) on the TruPrint 5000 were expected,
compared with the Nikon SLM500, the aforementioned amount of training data was used.
Thus, the highest reduction in physical trials to yield a suitable process model was to
be achieved.

For the approaches regarding transfer learning, it was mainly focused on those that
keep certain layers of the neural network on the pre-trained level (i.e., “fixed”) and let
the remaining ones adapt their weights and biases to the new data during training [43].
This adds the theoretical benefit that it decreases the network’s complexity, reducing the
chance of overfitting the small dataset that was used for training. The batch normalization
parameters were never fixed. Since it is not trivial, which layers to fix and which to train,
different levels of constraints were tested. First, one of three layers were opened; second,
two layers; and finally, all three layers were opened for further training. Additionally, newly
initialized models were used as well as a newly initialized model as a baseline comparison.
The neural network’s trainable parameters can be calculated by (n + 1) % m, where n are
the numbers of input parameters, m is the number of outputs per layer, and +1 accounts
for the bias [44,45]. With that, for the network used in this study, it can be derived that
the first layer has 208 trainable parameters, the second layer 136, and the third layer 9
trainable parameters. Depending on how many layers are fixed or trainable, the degree of
training freedom can be given. The resulting model variants and their designations were
the following:

1.  Model variants with one trainable layer.

e  First layer trainable (FLT)—208 trainable parameters.
*  Second layer trainable (SLT)—136 trainable parameters.
¢ Lastlayer trainable (LLT)—9 trainable parameters.

2. Model variants with two trainable layers.

e  First layer fixed (FLF)—145 trainable parameters.
*  Second layer fixed (SLF)—217 trainable parameters.
* Lastlayer fixed (LLF)—344 trainable parameters.

3.  Model variants without constraint.
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¢  Full model trainable (FMT)—353 trainable parameters.
*  Newly initialized model (NM)—353 trainable parameters.

Additionally, to find the optimal hyperparameters for each model variant, a grid
search was performed (see Table 3). The resulting hyperparameters for each model variant
and target value are given in Tables A1-A3 in Appendix A.

Table 3. Hyperparameter ranges for grid search.

Hyperparameter Value
Batch size 8,16
Learning rate 0.5,04,0.3,0.2,0.1,0.01
Weight decay 0.1, 0.01, 0.001, 0.0001, 0.00001, 0.000001
Epochs 500, 750, 1000
Optimizer AdaMax

Consistent with our prior research, the error metrics mean absolute error MAE
(Equation (2)) and coefficient of determination R? (Equation (3)) were used to analyze
and compare the performance of the given model variants for both grid search and predic-
tion performance [39,46,47]. K-fold cross-validation was used for all training and testing,
utilizing four folds with 25% each with a constant seed for model comparison.

1 N .
MAE = — Y " |y; — ¥i )
Ni:l

N—Size of the dataset.
yi—Actual target value for the i-th data sample.
yi—Predicted output for the i-th data sample.

le'\il (yi —]fi)z

RZ=1-
YN (yi — )2

)
N—Size of the dataset.

yi—Actual target value for the i-th data sample.

yi—Predicted output for the i-th data sample.

7—Mean value of all target values in the dataset.

3. Transfer Learning Results, Validation, and Discussion

To evaluate the TL-performance of the model variants, first, the models’ fits for testing
R? and MAE were compared against each other. Second, the training scores were taken
into consideration with respect to the difference between training, testing, and overfitting.

3.1. Yield Strength

The resulting metrics of the different TL models for yield strength prediction
are displayed in Tables 4 and 5. The FMT models yielded the highest average
R%est,FMT of 75.5% and an average MAE;.; ryr of 11.8 MPa. Following that, the FLT
model with R, , pjp = 72.1% (MABypir = 13.3 MPa), NM with R%,, \p = 71.5%
(MAE¢est rir = 11.6 MPa), and SLF with R%est/SLF = 69.5% (MAEtsir = 11.8 MPa)
scored a relatively high models’ fit and low mean errors. Taking the training values
into account, the SLF model showed the least difference between testing and training
(AR% g = 11%, AMAEg; r = 0.5 MPa) with a slight overfitting due to the higher training
score. The FMT model exhibited weaker training performance with R?, ain,FMT = 97-5% and
MAE,4in emT = 16.0 MPa, as well as the FLT and NM models. The newly initialized model
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NM yielded the second lowest training performance, in front of the SLT model, which was
the lowest-performing model variant for yield strength prediction. All other models (SLT,
LLT, FLF and LLF) scored below 50% R2,, or showed negative scores in one or more folds
and might be considered unsuitable for the task.

Regarding the degrees of freedom, the results show that leaving the first layer trainable
has a positive impact on the model transfer. From the models with one trainable layer,
the FLT model scored the highest, whereas in the second layer, the lowest models fit.
The second layer also seemed to impact the models with two trainable layers the least, and
combining the first and last layers trainable yielded the highest model fit. Increasing the
degrees of freedom further to fully trainable models, the test scores became better, yet also
the errors increased. Thus, the most stable TL model for yield strength in this trial was the
Second Layer Fixed (SLF). The slight overfit of the SLF model must be considered when
selecting this model.

Table 4. R? cross-validation test results for yield strength using the averaged Trumpf dataset; results
for each fold and its average are given as well as average training values for comparison.

TL-Approach Fold1 Fold2 Fold3 Fold4 Average Test Average Train

FLT 0.592 0.688 0.689 0.913 0.721 0.557
SLT —-0.399 0.192 0.641 0.828 0.315 —0.043
LLT 0.089 0.081 0.819 0.649 0.410 0.322
FLF 0271 —0.142 0.824 0.625 0.394 0.504
SLF 0.911 0.117 0.774 0.980 0.695 0.724
LLF —0.015 —-0.038 0945 —0.227 0.166 0.362
FMT 0.722 0.565 0.915 0.816 0.755 0.575
NM 0.768 0.347 0.822 0.924 0.715 0.103

Table 5. MAE [MPa] cross-validation test results for yield strength using the averaged Trumpf dataset;
results for each fold and its average are given as well as average training values for comparison.

TL-Approach Fold1 Fold2 Fold3 Fold4 Average Test Average Train

FLT 11.2 17.0 19.3 55 13.3 14.6
SLT 18.7 23.2 17.8 9.5 17.3 19.9
LLT 15.0 26.3 13.8 13.1 17.0 18.3
FLF 154 29.8 14.7 12.4 18.1 14.8
SLF 4.8 23.1 16.5 2.8 11.8 11.3
LLF 15.5 29.8 6.2 25.7 19.3 18.4
FMT 8.6 19.2 94 9.8 11.8 16.0
NM 8.2 20.4 11.9 57 11.6 20.9

3.2. Ultimate Tensile Strength

Based on Table 6, the best model fit for UTS prediction was attained by the FLF model
with Rfest, rrp = 82.1%, and with 81.1% the LLT came second. Both models also scored the
lowest mean errors (Table 7) of MAE,.s; rrr = 14.4 MPa and MAE;s 117 = 18.2 MPa, re-
spectively. The SLT and FLT models followed with R}, 5, = 77.8% and Ry, p1 = 70.6%.
The mean error of the SLT model was increased with MAE,; s;7 = 22.3 MPa, whereas the
SLT error was comparable (MAE;,s; ri7 = 18.9 MPa) to the LLT model despite its lower
R? value. The NM and the SLF showed the highest and, therefore, worst MAE;,s; of 24.7
and 22.5 MPa. This coincided with the lowest R, values (48.7% and 41.0%), so these two

test
models can be assumed to perform worst.
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Investigating the differences between train and test results, the higher R? . compared

with the R2,; values for the SLF, LLF, FMT, and NM models showed signs of overfitting.
The AR? between testing and training up to 33% for SLF showed that the mentioned
approaches are strongly overfitting on the training data while performing significantly
worse on the test samples. In addition to that, the SLF, LLF, and NM models experienced
negative R%,, values in fold 2; thus, their reliability seems questionable.

The FLF model, which performed best in testing, showed the second lowest model
fit in training with R?_| inrLE = 97-8% before the NM with 54.1%. This does not indicate
overfitting; however, it is also not an indicator for robustness of the model. In this regard,
the FLT, SLT, or LLT models seemed more reliable.

The good results of the SLT or LLT, in combination with the scores for the FLF, may
indicate that these models benefit from further training the second and last layers. This is
evident from the fact that, among all three models with one trainable layer, the performance
increases when the second or third layer is trainable, i.e., with reduced trainable parameters.
Additionally, with two trainable layers, the best performance can be observed with the
second and third layer trainable, as the FLF model represented.

Table 6. R? cross-validation test results for ultimate tensile strength using the averaged Trumpf
dataset; results for each fold and its average are given as well as average training values
for comparison.

TL-Approach Fold1 Fold2 Fold3 Fold 4 Average Test Average Train
FLT 0.490 0.471 0.953 0.909 0.706 0.671
SLT 0.754 0.777  0.639 0.941 0.778 0.752
LLT 0.793 0.716 0.786 0.951 0.811 0.754
FLF 0.836 0.543 0.930 0.973 0.821 0.578
SLF 0.883 —0.924 0.791 0.889 0.410 0.740
LLF 0906 —0.675 0.874 0.927 0.508 0.737
EMT 0.883 0.051 0.702 0.882 0.630 0.808
NM 0.874  —0.380  0.629 0.824 0.487 0.541

Table 7. MAE [MPa] cross-validation test results for ultimate tensile strength using the averaged
Trumpf dataset; results for each fold and their average is given as well as average training values
for comparison.

TL-Approach Fold1 Fold2 Fold3 Fold 4 Average Test  Average Train
FLT 28.8 18.0 12.3 16.5 18.9 24.5
SLT 21.8 14.2 37.6 15.7 223 21.8
LLT 19.1 15.1 252 134 18.2 22.7
FLF 14.9 17.7 142 10.8 14.4 26.9
SLF 13.6 34.2 254 17.0 22.5 22.7
LLF 14.1 31.5 20.3 14.0 19.9 20.7
FMT 16.4 26.0 27.0 18.8 22.0 19.7
NM 16.5 28.3 324 21.5 24.7 30.0

3.3. Elongation at Break

Overall, the average R?%, shown in Table 8 ranges from 66.4% to 92.0% with one
exception being the NM, which can be explained by the significantly poor performance
on folds 1 and 2 that yield the highly negative score. The same can be seen in Table 9
with MAE;.s; results of 0.559% to 0.267% elongation. The three best models concerning
the average R%est were, in descending order, the LLF (92.0%), the FLF (87.9%), and the
FMT (87.6%). They also shared the three best MAEs;, although the second best was
the FMT with an error of 0.302%, beating the 0.304% of the FLF. The LLF was the best
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with MAEes 11r = 0.267%. The newly initialized model NM was not able to learn the
underlying pattern or structure of the data, as the negative R> and MAE values of folds 1
and 2 show. This indicates that the amount of training data is not sufficient to yield a usable
process model for elongation at break without pre-training. The second-lowest-performing
model was FLT with R%est,F 11 = 66.4%, which also showed a comparably high MAEs i1
of 0.559%. All models with one trainable layer and the SLF model showed larger R? .
than R, with a max delta of 8.6% in the case of the LLT model, indicating overfitting.
Despite having the highest level of trainable parameters, the first layer seemed to have the
least influence of all models with one trainable layer. In contrast, the SLF had the lowest
average R2,, of 72.0% of the models with two trainable layers, whereas the FLF and LLF
models performed notably better in comparison. The corresponding MAEs supported
these observations.

The good choice for the predictions was the LLF model, FLF, or FMT. On fold 3, the
LLF and FMT were the models with the best R?(test) of 96.2% and 96.9%, while the FLF
performed best on fold 1 with 94.7% R?(test). Additionally, all three models showed no
signs of overfitting.

Table 8. R? cross-validation test results for elongation at break using the averaged Trumpf dataset;
results for each fold and its average are given as well as average training values for comparison.

TL-Approach  Fold 1 Fold2 Fold3 Fold4 Average Test Average Train
FLT 0.542 0.462 0.792  0.860 0.664 0.743
SLT 0.867 0.553 0.957  0.933 0.827 0.850
LLT 0.836 0.505 0.852  0.907 0.775 0.861
FLF 0.947 0.740 0.895  0.931 0.879 0.858
SLF 0.885 0.346 0774  0.873 0.720 0.760
LLF 0.948 0.849 0962 0921 0.920 0.879
FMT 0.925 0.715 0.969  0.896 0.876 0.882
NM —77.301 —0.201 0.854 0.763 —18.971 —5.285

Table 9. MAE [%] cross-validation test results for elongation at break using the averaged
Trumpf dataset; results for each fold and its average are given as well as average training values
for comparison.

TL-Approach Fold1l Fold2 Fold3 Fold4 Average Test Average Train
FLT 0718 0521 0520 0479 0.559 0.451
SLT 0350 0432 0225 0.348 0.339 0.375
LLT 0.443 0438 0425 0.357 0.416 0.373
FLF 0254 0336 0330 0.294 0.304 0.372
SLF 0361 0567 0544  0.392 0.466 0.461
LLF 0.237 0263 0233 0.333 0.267 0.348
FMT 0261 0355 0.186  0.406 0.302 0.341
NM 8262 0801 0371 0577 2.502 1.685

3.4. Weighted Mean Model

The results showed that the transfer of the initial pre-trained model to the domain of
the new PBF-LB machine was possible. For all three target values, reasonable TL models
can be found, considering high R?-values for testing and training, low overfitting during
training and low errors. Moreover, the approach to test the different trainable layers and
degrees of freedom seemed beneficial, since it was not obvious which variant was to
perform best. The yield strength, for example, was predicted best, when the first and third
layers were trainable, whereas, for UTS, the second and third layers and, for elongation,
the first and second layers were most beneficial. Apart from that, many other variants were
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also not far off and delivered decent results, especially when the individual folds are taken
into account. Overall, the results present a non-trivial situation on how to decide for the
best and most robust model for exploitation in subsequent validation trials.

As it will be demonstrated in the following validation section, the single models
can lack robustness for an actual use case; thus, it is proposed to use all variants in a
custom ensemble. The ensemble model—designated as the weighted mean model (WM)—
uses a weighted mean of the prediction of every model variant, as Equation (4) states.
The specific R2-value of the used model state serves as the weight factor, and the fold
with the highest testing scores was used. Using the highest scoring folds enabled the
WM model to include every model variant and ensured that only positive scores were
included. It is pointed out, at this stage, that this approach induced a certain bias to the WM
model. Thus, its performance may be considered an upper-boundary estimate in this study.
Different approaches to further improve WM models are indicated in the outlook; see
Section 4. The respective R, ,-value for the resulting WM model was calculated according
to Equation (5).

As the R?-values, which serve as weights, do not add up to 1, it is not sufficient to just
add the predictions of all models without any normalization since then the prediction of the
weighted mean model would be in a different value range. Specifically, if all models would
have the same prediction and the sum of the R2-values is 2, for example, the prediction
would be doubled. Therefore, a normalization is needed, which can be seen in Equation (4),
where the weighted sum of predictions from the model was divided by the sum of all
R2-values to get the actual correct value range of the original predictions. The same applies
for the calculation of the weighted R? (Equation (5)), which also has to be normalized in
order to get the correct outcome.

_ Zfil R?'Mi

WM
Y R?

4)
R?—R>2-value of the i-th model variant of the best fold from testing, serves as the weight
factor.

M;—prediction (output) of the i-th model variant, with the best fold from testing.

N
R%,\, = Litq(RP)? 5)
YR
R?—R?-value of the i-th model variant of the best fold from testing, serves as the weight
factor.

The resulting weighted mean model was used in the validation trials and was com-
pared with the single model’s performance.

3.5. Model Validation on Specific Use Cases

To validate the resulting models, three use cases based on real-world optimization
scenarios were designed. In parameter development, optimizing strength, ductility, or
productivity can be of interest. High tensile strength of the printed part allows for better
part performance or sleeker designs, whereas increased ductility might be necessary for
mechanical fastening, like punch riveting, which requires increased deformation of the
material. Maximizing productivity reduces the cost of production and thus enables a
broader range of application of printed parts. Although it might be valid to pursue a
combination of these optimization goals, for the sake of this study, these targets were used
individually to validate the resulting TL models. The general approach for selecting a model
was based on the R2-values during training and testing. As the models were optimized
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over a wide area of feasible parameters, it was not solely relied on a good R? but also
qualitatively on the predicted response surface within the extended melt mode diagram
for hatch parameters. This evaluation was carried out qualitatively by comparing the
optimized parameters for a given use case with the contour plot of the predicted response.
The goal was to maximize the respective target values while avoiding steep gradients
(e.g., Figure A1, lower right corner), or other inconsistencies like kinked contour lines (e.g.,
Figure A4, around Q* = 20, v* = 0.9-1.0). Quantitative thresholds for gradients were not
used in these trials. This explains why the models that were chosen for the validation are
not always the ones with the highest R?-values. In general, the best fold was used for each
selected model. Additionally, for every use case, parameters were optimized using the
weighted mean model.

In the process of validation, the focus was on the hatch parameters. Since the outer con-
tour contribution to the sample’s cross section was comparatively low, it was kept constant.
The reason for this approach was that the melt-mode model by Patel et al. [40] treats each
parameter subset, i.e., either hatch or contour parameters, independently. Thus, keeping
the contour parameter constant, the validation could be focused on the hatch parameter
optimization, which attributes to the bulk of each sample and thus is presumed to influence
the mechanical properties the most. Rather than the mean values of Table 2, a previously
known, well-performing productive parameter (Pp c =410 W, vc = 750 mm/s) was used
for the outer contour to reduce possible negative influences on the samples, e.g., due to
contour porosity. Even though this choice may have induced some bias in the system,
the hatch optimization was still independent of the contour parameters, and the results can
be expected to show valid optimization effects. Moreover, the effects of hatch optimization
were clearly distinguishable without the influence of varying contour parameters.

3.5.1. Maximizing Yield and Tensile Strength

In the first instance, the task was to maximize yield and tensile strength. As previously
explained, the models for the parameter selection were chosen based first on R2-values and
second on the characteristics of the predicted response surface (Figure 2 and Appendix B).
Thresholds for both yield and tensile strength were set that guaranteed an overlap for the
areas of feasible parameters with target values higher than the chosen properties. Then,
the predictions were matched such that a list of parameters with their corresponding out-
comes was generated. The list was sorted in descending order for both strength measures,
and then a parameter set was selected representing the point where increasing one value
would result in a decrease in the other. As a result, the SLF model for yield strength and
FLT model for the tensile strength were chosen for validation.

The corresponding dimensionless parameters, complementing predictions for the
respective target values and actual validation values are given in Table 10. Additionally,
predictions and validation values are compared in Figure 3. The results showed that
the validation properties did not reach the predicted level across all models. Beginning
with yield strength, the WM model predicted Ry, yre¢ = 214 MPa, and the validation
came to a mean value of Ry020, = (184 £ 37.2) MPa. The SLF model’s prognosis of
Rpo2,pred = 230 MPa was higher than the WM model, and the resulting validation
data slightly lower with Ry02a = (172 £ 29.4) MPa. The graph reveals small spread
with one obvious outlier around 100 MPa for both the WM and single models. Its low
mechanical strength does impact the performance of the validation yield strength negatively.
Without that outlier, the results would have been much nearer to the predictions.
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Figure 2. Predicted response surface for yield strength by WM model; parameter points for use
case 1 (maximizing yield and tensile strength), use case 2 (maximizing ductility), and use case 3
(maximizing productivity) are given.

Table 10. Target values for prediction and actual validation trials for maximizing tensile strength,
using the single models vs. WM model; with median value %, mean value y, and standard deviation
o for validation test data and the respective target values.

WM model (Q* = 15.5, v* = 0.51)

Target value Prediction x u Lo
YS/MPa 214 192 184 37.2
UTS/MPa 362 338 321 59.9
Elongation/% 3.3 3.0 3.3 0.8

Single models (Q* = 20.1, v* = 0.75)

YS/MPa (SLF) 230 183 172 294
UTS/MPa (FLT) 350 327 311 50.7
Elongation/% (FMT) 3.1 34 3.3 0.6

The validation results for ultimate tensile strength appeared similar, as real values
were slightly below the prognosis including the negative influence of one low outlier
each. The WM model, forecasted at R, ;es = 362 MPa, came to Ry, yo1 = (321 & 59.9) MPa.
The FLT predicted a UTS of Ry, s = 350 MPa, and the validation samples reached
Ry, pa1 = (311 £ 50.7) MPa.

Considering elongation at break, although not the specific optimization target in this
use case, the validation data were quite accurate for both models. The WM model was on
target with A,;; = (3.3 £ 0.8)%; the FMT validation was slightly higher than its forecast of
Apreg = 3.1% with Ay = (3.3 £ 0.6)%. The elongation showed a much more pronounced
spread of the actual values, as expected for this target.

In conclusion, the optimization of yield and tensile strength using the transfer models
seemed reasonable. The validation trials for both the WM and single models delivered
moderately lower YS and UTS values as predicted, and the elongation values both for
validation and prediction matched quite well within their uncertainty. In order to evaluate
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the spread of the strength values, more data need to be gathered in a second verification
lap to either affirm or dismiss the validity of the outlier.
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Figure 3. Prediction and validation results for strength optimization; WM model vs. single models:
SLF for YS, FLT for UTS, EMT for elongation.

3.5.2. Maximizing Ductility

Second, the models were used to maximize the ductility, i.e., elongation at break, of the
material. This tensile property had to be maximized separately as it reached its maximum in
a different area of print parameters compared with the yield and tensile strength (compare
Figures 2, A1 and A2).

For this optimization, only the models that predict the elongation at break and specifi-
cally the FMT model with all layers trainable to determine the best parameters as well as
the weighted mean model were used. Here, the values had to be maximized based on one
prediction, so the predictions could be sorted in descending order and pick the highest one
for both models. The resulting parameters were additionally used to predict YS and UTS
with their SLF and FLT models, respectively.

The resulting values for elongation at break and their corresponding strength values
are given in Table 11 and presented in Figure 4. The WM model predicted an elongation of
Apreq = 4.7%, which the real values with Ay, = (3.7 £ 0.7)% did not match. The FMT forecast
slightly lower with A, = 4.5%, and the resulting elongation came to Ay = (3.7 & 0.5)%.

With the parameter shifted to the maximum of elongation, the strength values were
expected to decrease, since their modeled maxima were located differently. The results
reflect that for both models; e.g., the yield strength for the WM model came down to
Ry02,pred = 139 MPa compared with the prediction of the first use case (Section 3.5.1). Its
actual value is slightly higher with Ry 2,04 = (150 & 41.0) MPa, however, still significantly
reduced. The prediction of the FLT model for UTS with Ry, ,eq = 330 MPa failed, as it was
much higher than the validation trials delivered with R,, ,,;; = (189 £ 13.0) MPa. Overall,
the optimization of elongation at break did not exceed the values by much compared with
the prior use case. Given the reduced YS and UTS, the resulting elongation was expected
to be higher. The subsequent microstructure analysis (see Section 3.5.4) might yield further
insights to the shown materials behavior.
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Figure 4. Prediction and validation results for ductility optimization; WM model vs. single models:
SLF for YS, FLT for UTS, EMT for elongation.

Table 11. Target values for prediction and actual validation trials for maximizing elongation, using
the single models vs. WM model; with median value X, mean value y, and standard deviation o for
validation test data and the respective target values.

WM model (Q* = 37.7, v* = 0.66)

Target value Prediction x u Lo
YS/MPa 139 175 150 41.0
UTS/MPa 299 306 279 66.2
Elongation/% 47 3.8 3.7 0.7

Single models (Q* = 37.7, v* = 0.59)

YS/MPa (SLF) 100 90.5 92.4 8.8
UTS/MPa (FLT) 330 183 189 13.0
Elongation/% (FMT) 45 3.7 3.7 0.5

3.5.3. Maximizing Productivity

In the third use case, the models were used to increase productivity, i.e., reducing
printing time. To achieve this, printing speed was enhanced by maximizing the dimen-
sionless scan velocity and dimensionless heat input to compensate while retaining defined
mechanical properties.

As a baseline for this optimization, the results were compared with the prior two
use cases, since, in this case, the optimized parameters had to account for all three target
properties simultaneously. Both the WM model and single models were compared on one
set of samples. The dl. heat input was on the upper maximum of the prediction range with
Q* = 37.7 as a result of these conditions, and it was possible to increase the dl. velocity
to v* = 2.0 and laser scan velocity v;, g = 2311 mm/s Table 12. For the single models,
the FMT model was used for YS, the SLT model for UTS, and the FLT model for elongation.

In Figure 5, the predictions and results are shown. It is evident that both the WM and
single models delivered largely similar predictions. YS was predicted higher by the WM
model (Ryo2,pre¢ = 214 MPa) compared with the FMT model (Ry02,pre¢ = 203 MPa).
For elongation, it was the other way around—the WM model predicted lower with
Apreg = 2.7% than the FLT model with A,y = 3.4%.

For yield strength, the validation values came down to R02,pa1 = (198 + 14.8) MPa,
which matched both models within its standard deviation. UTS actually was significantly
higher with its validation values of R, ,,; = (347 £ 26.5) MPa than predicted. The elon-
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gation at break validation yielded A,; = (3.5 & 0.8)%, which matched with the FLT
prediction. The WM model’s forecast, however, was too low.

The productivity increase can be calculated by dividing the increase in scan velocity
by the reference velocity: Avy /] py, with Avy g = 0]  — v} o, U] being the laser scan
velocity after optimization and v] p; the reference scan velocity. Compared with the hatch
scan speeds from the first use case (WM model: 589 mm/s, single models: 867 mm/s),
an increase in hatch scan speed by 167% to 292%, and for the second use case (WM model:
762 mm/s, single models: 681 mm/s), an increase by 203% to 239% was reached. If
the results were compared against the first use case, the mechanical properties with the
productive parameter were superior to the max. strength samples. YS was 7.6%, UTS
8.1%, and elongation 6% higher than the validation values for the WM model. The high-
productivity parameter was also comparable to the max. elongation results for both the
WM and single models. Its value of A,;; = (3.5 % 0.8)% was just 0.2% below the max.
elongation results, while retaining higher YS and UTS values.
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Figure 5. Prediction and validation results for productivity optimization; single models: FMT for YS,
SLT for UTS, FLT for elongation.

Table 12. Target values for prediction and actual validation trials for maximizing productivity, using
the WM and single models on the same parameter; with median value %, mean value y, and standard
deviation ¢ for validation test data and the respective target values.

Q* = 37.7,v* = 2.0

Target Value Prediction X u o
YS/MPa 214 (WM) /203 (FMT) 194 198 14.8
UTS/MPa 300 (WM)/298 (SLT) 348 347 26.5
Elongation/% 2.7 (WM)/3.4 (FLT) 3.9 3.5 0.8

3.5.4. Microstructure Evaluation

As the validation results revealed, the optimization targets can be reached with the
available TL models. However, it is a question why the models delivered predominantly
higher predictions than the validation trials. Additionally, the different use cases showed
partially similar mechanical properties for different process conditions. To further investi-
gate these findings, the microstructure was evaluated.

In the first use case, i.e.,, maximizing YS and UTS, both parameter sets revealed a
comparable macroscopic structure in the light-optical microscopy images (Figure 6). Both
samples exhibited similar weld bead characteristics, where the WM samples had slightly
deeper weld pools. In both samples, irregular-shaped lack-of-fusion porosity was visible,

https://doi.org/10.3390 /met16040438


https://doi.org/10.3390/met16040438

Metals 2026, 16, 438

16 of 26

yet the level for the WM samples was significantly higher with 2.34% than the single model
samples with 0.49% porosity.

The SEM images at 5000 x magnification revealed that the WM samples had a charac-
teristic cellular structure of Al-Si eutectic surrounded by the a-Al matrix, which was not as
apparent for the samples of a single model parameter. Its eutectic appeared ragged and
disrupted. At 20,000x magnification, the WM specimen showed very fine Si precipitates in
the a-Al matrix, which might be due to the high cooling rates characteristic for PBF-LB [48].
This phenomenon was much more pronounced in the single model samples.

As it is reported in the literature, the size of this cellular structure has a profound
influence on the mechanical properties of AlSil0Mg0.5 in its as-build state. The finer the
structure, the higher the tensile strength becomes due to hindered dislocation movement.
The fine Si precipitates enhanced this effect even further [49-51]. The elevated lack-of-fusion
porosity levels counteracted this effect, which might explain the lower validation values
compared with its predictions. Especially the single model parameter set was affected by
its high amount of pores.

In the second use case to maximize elongation, again both parameter sets looked
similar to each other in the macroscopic structure (Figure 7). The light-optical microscopy
images showed characteristic round key-hole porosity, however, with different amounts
of pores in one sample. The WM specimen had 1.45%, and the single model parameter
set produced 3.14% porosity. Both levels affected the elongation at break due to the
quantity of pores; however, the single model parameter set had roughly twice the porosity
level. This may present a reason why the samples fall short on its prediction, despite the
fact that porosity is implicitly part of the models, due to their inherent porosity in the
training samples.

Since both parameter sets had rather high heat input and low velocities, the material
absorbed comparatively high amounts of energy; thus, it can be assumed that cooling
rates were reduced during the rather slow process. These processing conditions lead to
pronounced evaporation of metal in the laser spot, and key hole porosity was prevalent
as reported by Patel et al. [40]. The microstructure in the SEM images appeared as a
well-formed Al-Si network. It seemed a little coarser both in the cellular structure and
within the AlSi-eutectic compared with the samples of the first use case. Additionally,
the precipitates within the a-Al matrix were much less apparent, which also supports
the above-mentioned notion of overheating, leading to more time for segregation during
solidification. The coarser sub-cell structure and the lack of Si precipitates imply that lower
strength values are to be expected, which the actual values matched. Additionally, higher
heat input and thus less pronounced temperature gradients reduced the amount of residual
stresses within the material as reported by Ali et al. [52]. This combined with the rather
high porosity presumably leads to a softer and comparatively annealed state of the material
and thus provides some explanation of the low mechanical properties measured.

In the third use case to maximize productivity, the parameter set showed very reduced
porosity of 0.21% and a uniform layered structure with shallow weld beads in the light-
optical microscopy image in Figure 8. The cellular structure in the SEM images also
appeared to be rather uniform, yet much finer than compared with the samples of the
first two use cases. The fine cellular structure and the rather pronounced amount of
precipitations in the a-Al matrix may reflected the high printing speed and imply elevated
tensile values based on the aforementioned literature. As stated before, the mechanical
properties of this parameter set were comparable with the results for use cases 1. The low
porosity and the fine microstructure of the productivity use case seemed to be beneficial for
yielding high mechanical properties.

https://doi.org/10.3390 /met16040438


https://doi.org/10.3390/met16040438

Metals 2026, 16, 438

17 of 26

(d) (e) )

Figure 6. Microstructure images for use case 1—strength optimization; microstructure for WM
model (a—c) and single models (d—f); light microscopy at 25x magnification (a,d); SEM images at
5000x (b,e); and 20,000 x magnification (c,f).

(d) (e) ()

Figure 7. Microstructure images for use case 2—ductility optimization; microstructure for WM
model (a—c) and single models (d—f); light microscopy at 25x magnification (a,d); SEM images at
5000 (b,e); and 20,000 x magnification (c,f).

(a) (b) O

Figure 8. Microstructure images for use case 3—productivity optimization; microstructure for single
models (a—c); light microscopy at 25x magnification (a) ; SEM images at 5000 x (b); and 20,000 x
magnification (c).

https://doi.org/10.3390 /met16040438


https://doi.org/10.3390/met16040438

Metals 2026, 16, 438

18 of 26

4. Conclusions and Outlook for Further Research

In the presented research, transfer learning was explored to translate pre-trained,
neural network-based process models between non-identical PBF-LB machines. A small
training dataset of 25 data vectors was used to further train existing NN models and adapt
them to the new machine. It was tested to use the small dataset and minimize the empirical
effort, i.e., time and resources, to yield exploitable models for optimizing tensile properties
of the printed material.

The results showed that, with this minimal amount of training data, the transfer
learning results showed mostly good fits for the target training data on the Trumpf ma-
chine. The test scores for YS reached up to R%est,F M1 = 75.5%, for UTS a maximum of
Rfest, rrp = 82.1%, and for elongation, even R%est, 11.p = 92.0% was obtained. One exception to
this was the NM model for elongation at break, which yielded completely unusable results
with RZ, ; \p = —1897%.

Since it was possible to distinguish eight approaches based on the degrees of training
freedom regarding the amount of trainable layers, every possible approach was compared
for each target value. Based on the presented results, it did not become obvious, which
degree of freedom the TL models were awarded, worked best in a global manner. Thus, a
weighted mean model, which incorporated all eight models weighted by their R?-value,
was derived.

The three validation scenarios revealed that both single models and the WM model
yielded mostly usable predictions to optimize the mechanical properties and processing
conditions. The WM model delivered more conservative estimates, which matched more
with the actual data compared with the single model variants. The microstructure revealed
that varying levels of porosity were present within the samples, which explained the
deviations between prediction and validation values. Additionally, pore forms indicated
tendencies to conduction-mode melting in the strength optimization use case and keyhole-
mode melting in the maximizing ductility trials. These process conditions were also visible
in the nanostructure in the SEM images. Low dl. heat input or high dl. velocities showed a
much finer cellular structure (use cases 1 and 3) as compared with the coarser structures
present in the ductility optimization use case with high dl. heat input and low dl. velocity.

The overall findings of this research were as follows:

* Itis possible to use transfer learning to adapt existing processing models between
PBF-LB machines.

¢  The amount of necessary training data and the resulting testing expenses can be kept
rather low; one build job with 25 parameter variations was enough to adapt the TL
models on the target system with comparable accuracy as the source model.

*  Thevalidation trials showed usable predictions in three real-world scenarios—optimization
of (1) tensile strength, (2) ductility, and (3) productivity.

*  Microstructure analysis revealed the process conditions expected from the melt
mode diagram.

In an industrial context, these results show promising advances to enable more rapid
qualification of new production machines based on the TL approach. The machine-specific
process models can be used to determine usable production parameters fast, which can
then be refined. Thus, the qualification effort can be focused more on actual productive
parameters, rather than the basic exploration of the process parameter space.

Besides these findings, the limitations of this study based on the small amounts of
data are given for upcoming research. First, it became apparent that, due to the limited data
size, significant fold-to-fold variations in the test scores and even negative fits occurred.
This showed that the models were highly sensitive to sample quality and outliers due to
the available data quantity per subsample. For further research, it might be recommended
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to use leave-one-out cross-validation for model evaluation. Moreover, when optimized
parameters are to be used productively, a second verification lap to statistically safeguard
the chosen parameter across multiple build jobs is still considered necessary.

Second, building the WM model with the averaged scores instead of the best folds to
strengthen its reliability further is a topic to be explored in the future. In this case, models
with negative average testing scores, e.g., the NM for elongation at break, must be excluded,
and models showing negative R?-values in single folds could be excluded. Additionally,
it can be tested if or how model exclusion limits strengthen the WM model. Moreover,
developing quantitative metrics as selection criteria for the single models would strengthen
the model’s exploitation for process optimization. This would also enable the automatic
model evaluation and selection in future developments.

Third, the microstructure evaluation helped explain the findings for all three use cases.
The training samples produced were not free of porosity; thus, the models” predictions
should include a certain porosity bias. However, the influence of porosity was not explicitly
incorporated in the predictions. It became apparent that the porosity can vary significantly
between processing conditions and the levels affected the mechanical properties. Thus,
in future investigations, it appears to be beneficial to also model porosity to refine the pre-
dictions of the mechanical properties. Additionally, residual stresses and surface roughness
could also influence the results and could further refine the resulting process models.
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Appendix A. Hyperparameters for TL Models

Table Al. Hyperparameters for YS models.

Model Variant Batch Size Learning Rate Weight Decay Epochs
FLT 8 0.5 0.00001 1000
SLT 16 0.5 0.00001 750
LLT 8 0.3 0.001 750
FLF 16 0.4 0.001 500
SLF 16 0.3 0.001 500
LLF 8 0.01 0.01 500
FMT 8 0.5 0.000001 750
NM 16 0.4 0.01 750
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Table A2. Hyperparameters for UTS models.
Model Variant Batch Size Learning Rate Weight Decay Epochs
FLT 16 0.2 0.0001 500
SLT 8 0.3 0.00001 500
LLT 8 0.5 0.00001 1000
FLF 16 0.5 0.1 1000
SLF 16 0.3 0.01 1000
LLF 8 0.4 0.000001 500
FMT 8 0.1 0.001 750
NM 8 0.2 0.0001 750
Table A3. Hyperparameters for A models.
Model Variant Batch Size Learning Rate Weight Decay Epochs
FLT 8 0.01 0.0001 750
SLT 16 0.3 0.00001 750
LLT 8 0.2 0.001 1000
FLF 16 0.5 0.01 500
SLF 16 0.01 0.00001 750
LLF 16 0.3 0.0001 750
FMT 16 0.4 0.00001 1000
NM 16 0.01 0.000001 750

Appendix B. Predicted Response Surfaces for Validation Use Cases

Dimensionless Heat Input

6x 10!

4x10!

3x10!

2x10!

Ultimate Tensile Strength - WM model

=== Conduction Mode - Transition Mode
—-— Transition Mode - Keyhole Mode
— Usecase 1 (Q* = 15.5, v¥ = 0.51)
—— Use case 2 (Q* = 37.7, v¥ = 0.66)
—@— Use case 3 (Q* = 37.7, v¥ = 2.0)

4x1071 6x10°! 109 2% 10

Dimensionless Velocity

3 (maximizing productivity) are given.

UTS /MPa

Figure A1. Predicted response surface for ultimate tensile strength by WM model; parameter points
for use case 1 (maximizing yield and tensile strength), use case 2 (maximizing ductility), and use case
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Figure A2. Predicted response surface for elongation by WM model; parameter points for use case 1
(maximizing yield and tensile strength), use case 2 (maximizing ductility), and use case 3 (maximizing
productivity) are given.
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Figure A3. Predicted response surface for yield strength by SLF model; parameter points for use
case 1 (maximizing yield and tensile strength) and use case 2 (maximizing ductility) are given.
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Figure A4. Predicted response surface for ultimate tensile strength by FLT model; parameter points
for use case 1 (maximizing yield and tensile strength) and use case 2 (maximizing ductility) are given.
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Figure A5. Predicted response surface for elongation by FMT model; parameter points for use case 1
(maximizing yield and tensile strength) and use case 2 (maximizing ductility) are given.
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Figure A6. Predicted response surface for yield strength by FMT model; parameter point for use case
3 (maximizing productivity) is given.
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Figure A7. Predicted response surface for ultimate tensile strength by SLT model; parameter point
for use case 3 (maximizing productivity) is given.
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Figure A8. Predicted response surface for elongation by FLT model; parameter point for use case 3
(maximizing productivity) is given.
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