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Achieving desired mechanical properties in additive manufacturing requires many experiments and a well-defined 
design framework becomes crucial in reducing trials and conserving resources. Here, we propose a methodology 
embracing the synergy between high-throughput (HT) experimentation and hierarchical machine learning (ML) 
to unveil the complex relationships between a large set of process parameters in Laser Powder Bed Fusion (LPBF) 
and selected mechanical properties (tensile strength and ductility). The HT method envisions the fabrication of 
small samples for rapid automated hardness and porosity characterization, and a smaller set of tensile specimens 
for more labor-intensive direct measurement of yield strength and ductility. The ML approach is based on 
a sequential application of Gaussian processes (GPs) where the correlations between process parameters and 
hardness/porosity are first learnt and subsequently adopted by the GPs that relate strength and ductility to process 
parameters. Finally, an optimization scheme is devised that leverages these GPs to identify the process parameters 
that maximize combinations of strength and ductility. By founding the learning on larger ``easy-to-collect'' and 
smaller ``labor-intensive'' data, we reduce the reliance on expensive characterization and enable exploration of a 
large processing space. Our approach is material-agnostic and herein we demonstrate its application on 17-4PH 
stainless steel.

1. Introduction

The demand for lightweight and high-performance materials with 
intricate geometries has fueled the growth of additive manufacturing 
(AM) technologies [1--4]. Among the various AM processes, laser pow
der bed fusion (LPBF) has emerged as a leading method for the pro
duction of metallic components with exceptional mechanical properties 
and design flexibility [3,5--7]. In LPBF, a thin layer of the feedstock 
powder is first placed on a substrate and is selectively melted by a 
laser beam at locations specfied by a computer-aided design (CAD) 
model. The substrate is then lowered by one layer thickness and the 
processes of powder deposition and melting are repeated until the de
sired part is fabricated [3,4]. Due to the highly localized melting and 
strong temperature gradients and cooling rates, LPBF can provide non

* Corresponding author at: Department of Materials Science and Engineering, University of California, Irvine, CA 92697, USA.
** Corresponding author at: Department of Mechanical and Aerospace Engineering, University of California, Irvine, CA 92697, USA.

E-mail addresses: valdevit@uci.edu (L. Valdevit), raminb@uci.edu (R. Bostanabad).
1 Equal contribution.

equilibrium microstructures that are not achievable via conventional 
techniques [8--10]. The layer-by-layer nature of the LPBF technique en
ables fabrication of near-net-shape complex parts with minimal need for 
post-processing and machining [1,2,11].

The properties of parts built by LPBF heavily depend on the process 
parameters as they control the material’s structural features at multiple 
length scales. The mechanical properties of highest technological im
portance, including yield strength, strain hardening behavior, fracture 
toughness and ductility (or strain to failure), are strongly ifluenced by 
features at the 10-100 micron scale (e.g., porosity, defects and inclu
sions) as well as micro/nano-structural features including phase evo
lution, precipitate formation and distribution, grain structure (size and 
texture), and solidfication structures (dendrites, etc...) [1,6,7,12--16]. 
These structural features are programmed by not only the complex dy
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namics of the melt pool including selective evaporation of alloying ele
ments, turbulence, and convective motions (e.g., Marangoni flows), but 
also the cooling rates from the molten state and repeated thermal cycling 
as adjacent sections of the part are built [6,15,17--20]. These phenomena 
are all controlled by dozens of process parameters, the most important 
of which include laser power, scan speed, shape and size of the laser 
spot, layer thickness, hatch spacing, and printing strategy [21--23].

Fully elucidating the complex material-specific relationships be
tween process parameters, microstructural evolution and mechanical 
properties in LPBF, with a level of accuracy that enables optimization of 
process parameters, remains a formidable challenge [24]. At the same 
time, the number of process parameters is too large to optimize them 
via brute-force experimentation. Consequently, predictive modeling of 
process-property relations in LPBF has traditionally relied on domain 
knowledge and trial-and-error methods [25].

To date, the prevailing approach to process parameter optimization 
has been to distill a small number of physical quantities that embed 
the most critical parameters, and experimentally scan them to identify 
the optima. Volumetric Energy Density (VED) is one of the most popu
lar of such features, which is dfined as the laser power divided by the 
product of scan speed, hatch spacing (i.e. the distance between adja
cent scan lines), and layer thickness [12]. Non-dimensional versions of 
VED have been introduced as an attempt to make this quantity material
independent [26,27]. VED has been correlated with ``print quality'' for 
multiple materials: low values of VED generally result in lack-of-fusion 
(LOF) porosity, whereas high values can cause keyhole porosity. Hence, 
optimizing the process parameters for printed parts generally involves 
fabricating small samples over a range of VED values, characterizing 
their porosity to identify the optimal VED range for printing, and finally 
adopting combinations of parameters that result in this optimal VED. 
While this approach has been successfully demonstrated for multiple 
materials, two key challenges remain: (1) while high values of porosity 
are certainly deleterious to mechanical properties, other microstructural 
features mentioned above may play an equally significant role; (2) while 
VED has an appealing physical interpretation, there is no guarantee that 
it fully characterizes the effect of all process parameters on the material 
structure and properties.

To address some of these challenges, high-throughput (HT) tech
niques have been developed, which involve creating large arrays of 
samples with variations in composition or process parameters, followed 
by testing and screening to identify the conditions that yield optimal 
properties [25]. Compared to traditional approaches, HT techniques of
fer faster experimentation with reduced systematic errors and enhanced 
data reliability [25]. In the context of AM and especially LPBF, some 
efforts with HT approaches have been made to correlate process param
eters, microstructure, and properties of fabricated materials [21--23,28]. 
Research in this area has involved automated tensile property character
ization [28--30], alloy design by using feedstock materials with varying 
chemical composition [31], high-rate part fabrication [24,32], and sam
ple design and characterization to link process parameters with material 
properties [21,23,28,33]. Even in the HT context, exploring a broad 
processing space is quite time-consuming, and hence most efforts have 
primarily focused on varying only laser power and scan speed over rel
atively small ranges and few different conditions [28,33], thus lacking 
insights into the effect of other process parameters or large parameter 
variations. Additionally, existing maps for parameter selection are either 
non-predictive [27] or validated only for specific materials [28,33].

As experimental data collection techniques advance, approaches 
based on machine learning (ML) are increasingly used to build data
driven process-property relations [34,35]. However, these ML models 
have some major limitations which are primarily due to the fact that 
printing and microstructurally/mechanically characterizing even a few 
dozen of samples is not only very expensive and time-consuming, but 
also produces stochastic data [21,28--30]. Therefore, existing ML mod
els focus on a limited subset of processing conditions, primarily laser 
power, laser speed, and occasionally layer thickness, and only consider 

a fixed and narrow range of values for each parameter. While this simpli
fication might make it easier for ML models to learn patterns in the data, 
it likely results in less robust models that lack the ability to generalize 
beyond the narrowly dfined conditions, potentially limiting their reli
ability and applicability in broader and more complex LPBF scenarios 
[36--45]. Naturally, these limitations could be addressed by using large 
datasets - often exceeding 1,000 data points [42]. While larger datasets 
improve model performance, they are costly and time-intensive to gen
erate, which does not resolve the core issue of ML models’ reliance on 
extensive and expensive data. Simply increasing the dataset size allows 
any model to perform well, but it does not offer a methodological ad
vantage [42].

In this work, we develop a novel ML approach coupled with HT print
ing and characterization investigations to optimize a wide range of LPBF 
process parameters (laser power �, laser scan speed �, hatch spacing ℎ, 
powder layer thickness �, and scan rotation between layers ��) to achieve 
maximum combinations of material yield strength (�	 ) and ductility 
(
� ). The framework is depicted in Fig. 1. As fabrication and testing 
of multiple dog bone specimens required for direct measurements of 
�	 and 
� is extremely costly and time-consuming, we propose a two
step experimental process to generate suitable training data for ML: (1)
We print a large set of small cuboids spanning the entire processing pa
rameter space and rapidly characterize their surface properties (here 
chosen as hardness and porosity). (2) We print a relatively small num
ber of tensile dog bone specimens over a sub-set of the parameter space 
and test them via uniaxial loading to directly extract their �	 and 
� . 
Similarly, we use a two-step ML approach based on Gaussian processes 
(GPs) [46,47] to learn the complex correlations between process param
eters and �	 and 
� : first, two GPs are built to relate process parameters 
to hardness and porosity; subsequently, two more GPs are trained that 
leverage the first two GPs as well as the additional tensile data. Finally, 
an optimization scheme is devised to identify the process parameters 
that maximize combinations of strength and ductility.

The rationale behind our approach is that the information embedded 
in easy-to-measure surface properties (hardness maps and porosity) is 
correlated with the properties of interest (strength and ductility). While 
such correlations are not surprising, their functional form is unknown to 
us and can only be quantfied in a data-driven manner via ML models. In 
our case, the complexity of these correlations is very high because our 
two datasets based on surface and tensile measurements are (1) affected 
by LPBF process parameters in different ways, (2) based on samples 
whose shapes and sizes significantly differ (cuboid vs tensile coupons), 
and (3) unbalanced since we have far more data from cuboids which are 
easy to manufacture and test.

While the proposed approach is material agnostic, here we demon
strate it with 17-4 PH stainless steel (SS), a precipitation-hardened alloy 
with diverse industrial applications requiring high strength and corro
sion resistance [6,9,20]. While in the conventional wrought form this 
steel is fully martensitic, multiple studies clearly indicate that the mi
crostructure of LPBF-processed 17-4 PH SS is very complex, often con
sisting of combinations of martensite, ferrite, and occasionally residual 
austenite [6,9,16,20,48--51]. The microstructure and mechanical prop
erties of LPBF processed 17-4 PH SS are highly sensitive to the process 
parameters [6,9,15,20,49], making it a great candidate to demonstrate 
the power of the proposed approach.

2. Materials and methods

2.1. Design and manufacturing

Nitrogen atomized 17-4 PH SS powder with a particle size range of 
15 − 50 μm (Carpenter Additive, USA) was used as the feedstock ma
terial. Printing was carried out using an SLM Solutions 125HL printer, 
featuring a Y-fiber laser with a maximum output of 400 W and a beam 
diameter of 80 μm. The build chamber operated in a 99.99% N2 atmo
sphere where the build plate was preheated to 200 °C, and a ``Stripe'' 
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Fig. 1. Schematic flowchart of the proposed framework: High-throughput experimental approaches are coupled with hierarchical learning based on Gaussian 
processes to design the process parameters that optimize the combination of tensile strength and ductility.

scan strategy was used. Fill contour and border scans were not used to 
obtain a uniform microstructure across thin wall samples. These ma
chine settings were used for the manufacturing of both cuboids and 
tensile coupons.

A design of experiments (DOE) methodology based on the Sobol 
sequence was employed to generate 270 LPBF process parameter com
binations, with laser power (�) varying in the range 80 − 400 W, laser 
scan speed (�) in the range 150−1500mm/s, powder layer thickness (�) 
in the range 20−75 μm, hatch spacing (ℎ) in the range 70−120 μm, and 
two possible scan rotation (��) values of 67 or 90 degrees. The 270 com
binations produced VED values ranging approximately from 10 to 1000
J/mm3 and are presented in Table S1. These process settings were used 
to create 270 cube-shaped 2×2×2mm samples which were numbered as 
1,⋯ ,270 based on their corresponding process parameter combination.

To enable HT manufacturing and surface characterization of cuboids, 
a unique island-based setup was designed. This setup allows for 
the manufacturing of samples with several varying layer thicknesses 
on one build plate, while facilitating sample removal via electro
discharge machining (EDM) and subsequent polishing and character
ization of multiple samples concurrently. 15 islands of size 14 × 12 ×

3 mm, each containing 9 cuboids with different processing condi
tions, were positioned in the chamber and numbered as shown in 
Fig. 2(a). This process was repeated a second time on a separate 
build plate to obtain islands 16 through 30. The layer thickness val
ues in the 270 combinations were projected to 10 unique levels, i.e., 
� ∈ {20,26,30,38,44,50,57,60,69,75} μm, where the first 5 values were 
used for islands 1 through 15 and the rest for islands 16 through 30.

The island-based process is schematically illustrated in Fig. 2(a), 
where each color represents a specific layer thickness. First, the cuboids 
in gray were printed at a layer thickness of 20 μm where printing was 
concluded once an overall height of 2 mm was attained. Then, as shown 
via the yellow cuboids, printing was continued with a layer thickness of 
26 μm to add another 2mm of material to rows 2 through 5. This process 
was repeated for the three remaining layer thickness values. Hence, the 
cuboids shared the same layer thickness value if they were on islands 
that were positioned in the same row in Fig. 2(a), but the other four 
process parameters changed across all cuboids, see Table S1 for process 
parameters used for cuboids on each island. The cuboids on the second 
build plate were printed in a similar manner, except that the layer thick
ness values started from 50 μm and continued to 75 μm. It is noted that 

using this approach even higher numbers of layer thicknesses can be 
printed on the same build plate, based on the manufacturing needs and 
part size limits.

Tensile specimens were printed in the vertical direction, meaning the 
build direction was parallel to the tensile loading direction. A subset of 
270 process parameter combinations, specifically the 54 combinations 
that correspond to layer thickness values of 30 and 60 μm, were used 
for manufacturing of the tensile specimens (see the highlighted rows 
in Table S1). These two layer thickness values were selected because 
they fall in the range of the layer thickness values for which cuboids 
were built. For each 54 process parameter combination, three replicas 
were printed to assess the variability of tensile properties under the same 
process parameters. The dimensions of the tensile specimens and images 
of the printed tensile coupons are provided in Fig. 2(b).

LPBF printed samples were removed from the build plate via wire 
electro-discharge-machining (EDM). All cuboids and tensile coupons 
were heat treated upon their removal from the build plate to increase 
their hardness and yield strength [52]. The samples were directly aged 
(with no prior solutionization step) at 482 °C for 1 h in a Nabertherm 
B400 furnace in an ambient atmosphere with a heating rate of 10 °C 
min−1, and then air quenched.

2.2. Microstructural and mechanical characterization

For microstructural characterization and hardness testing, islands 
of cuboids were embedded in epoxy/resin mounts, ground, and pol
ished via standard procedures for stainless steels down to 1 μm with 
diamond polishing suspensions (MetaDi, Buehler). Finally, samples 
were chemically-mechanically polished with 0.05 μm Alumina suspen
sion (MasterPrep Alumina, Buehler). Etching was done using Waterless 
Kalling’s, also known as Kalling’s No.2 Reagent (ES Laboratory, LLC) 
to distinguish between phases in 17-4 PH SS. Samples were submerged 
in the etchant for approximately 24 s, immediately rinsed, sonicated in 
water for 1 min, and air dried. Microstructural analyses of 270 cuboids 
were performed using an Olympus DSX10-UZH Digital Optical Micro
scope. Polished and etched surfaces of cuboids were imaged for analysis 
of the defects (pores and cracks) and microstructure phases.

A robust porosity measurement approach was developed to extract 
the porosity content of each sample based on the OM images obtained 
from the as-polished surfaces. To rfine the images, mitigate noise ef
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Fig. 2. Designed experimental setups: (a) Schematic of the HT-compatible build design for cuboids with different layer thicknesses, along with the real LPBF 
generated cuboids, and (b) Tensile specimen dimensions and LPBF printed samples.

fects, and enhance clarity and quality in this process, preprocessing 
techniques such as blurring and cropping were first used. Then, based 
on the distribution of the pixel values shown in Fig. A.2, a threshold 
of 75 was selected to distinguish pores, i.e., pixels whose brightness 
is below 75 were classfied as pores. Subsequently, porosity was com
puted as the ratio of pore area to the total image area. While multiple 
techniques exist to properly and accurately measure volumetric poros
ity (e.g., Archimedes technique or CT scanning), they are time intensive 
and do not align with the HT approach proposed in this manuscript. 
Here, we only measure and report area fraction of pores, and use it as 
a proxy for volumetric porosity. While area and volumetric porosity are 
likely different in absolute values, their trends with processing parame
ters are expected to be the same. More details on image processing and 
porosity calculations are provided in Appendix A.

Vickers microindentation hardness mapping was selected as the 
rapid HT mechanical property characterization. Instrumented inden
tation is well-suited for HT testing because it can quickly measure 
location-specific mechanical responses, has automation capability, and 
only requires a flat polished surface for testing [23]. The Vickers mi
croindentation hardness test utilizes a calibrated machine to apply a 
square-based pyramidal-shaped diamond indenter with face angles of 
136° to the material’s surface [53]. Test forces range from 1 to 1000
gf (9.8 × 10−3 to 9.8 N) and the resulting indentation impressions 
(diagonals) are measured using a light microscope upon the load re
moval. Then, the Vickers hardness (kgf/mm2) is determined as �
 =

1.8544 �∕�2 [53] where � is force (kgf) and � is the mean diagonal 
length of the indentations (mm). Vickers hardness measurements were 
obtained via a Buehler Wilson VH3300 automated indenter for the 270
cuboids. Each cuboid underwent 36measurements spaced 280 μm apart, 
using a 0.5 kgf load and a 10 s hold time for each indent. The median 
of these 36 measurements was recorded as the hardness value for each 

sample. Median was used rather than the mean to reduce the effect of 
outliers.

Tensile tests were performed on an Instron 5985 load frame equipped 
with a 250 kN load cell. Tensile specimens were tested with their sur
faces in the as-printed condition following the heat treatment, without 
any surface machining or polishing prior to the test. Each specimen was 
marked with two white circular fiducial marks setting the gauge length 
limits for strain tracking. An AVE2663 − 901 video extensometer with 
a Fujinon HF16HA-1S lens was used to track the strain of the gauge 
section. Tests were conducted according to ASTM E8 standards at a 
quasi-static strain rate of 0.001 s−1. The obtained stress-strain curves 
were assessed to extract the 0.2% offset yield strength (�	 ), strain to 
failure (
� ), and ultimate tensile strength (�� ). These three parameters 
were extracted using a built-in software in the Instron 5985.

To emphasize the impact of this HT approach to fabrication and test
ing, we estimate that the entire set of prints employed approximately 
6 kg of material and took approximately 14 hr. For reference, if we had 
printed exclusively tensile dog-bones with the same number of differ
ent process parameters (270), with three repetitions per condition, we 
would have needed to print 810 samples, on at least 10 platform. We 
estimate that this would have required approximately 22 kg of mate
rial, and a print time of about 48 hrs. Hence, our approach resulted in 
a 3.5� reduction in both material cost and print time (a very conserva
tive estimate, as we are not factoring in the EDM time as well as LPBF 
preparation time, which scales linearly with number of platforms), as 
well as a 5� reduction in tensile testing time.

2.3. Hierarchical learning via Gaussian processes

We propose an ML framework to leverage auxiliary features obtained 
from hardness maps and OM images of cuboids towards the overarching 
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Fig. 3. Proposed hierarchical learning framework: Input-output spaces and model structures vary depending on the characteristics of each property. �� and �̂�
represent the median experimental and predicted values for property � ∈ {H,EP, �	 , 
� }, respectively. The categorical feature � is added for data fusion. �1 and �2
indicate the number of auxiliary and tensile data points, respectively. We also note that ��	 and �
� are equivalent to �	 and 
� .

goal of predicting the mechanical properties of tensile coupons. As illus
trated in Fig. 3, our framework has a hierarchical nature, where we first 
learn to predict the auxiliary features as functions of process parame
ters and then use their predicted values as additional inputs in the GPs 
that estimate tensile properties. Our ML framework is designed based 
on two critical assumptions: (i) the auxiliary features and tensile prop
erties are naturally related (since they are material characteristics), and 
depend on the same set of process parameters; (ii) hardness and poros
ity are measured within an HT scheme which leads to far more samples 
on the auxiliary features than on �	 and 
� which are obtained via ten
sile tests. Hence, we do not learn the dependence of these two sets of 
properties on process parameters with a single ML model because such 
a model would have to be trained on the combined dataset, which is 
highly imbalanced. Such a dataset would cause the ML model to primar
ily focus on hardness and porosity, while our ultimate goal is to predict 
tensile properties as functions of process parameters. To mitigate this is
sue while leveraging the relation between the two sets of properties, we 
build predictive models for the auxiliary features first, and subsequently 
use them in ML models that predict �	 and 
� .

The relation between the auxiliary features and tensile properties is 
hidden, i.e., we rely on data to model this relation as there is no analytic 
physics-based formula that can relate hardness and porosity of cuboids 
to tensile properties of dog-bone specimens in LPBF. The complexity 
of this hidden relation is especially high in our case due to the size
effect: while the auxiliary features are obtained from surface of small 
cuboid samples, �	 and 
� are based on tensile tests performed on much 
larger coupons. To unveil these complex hidden relations, we use GPs 
in our framework because they can distill highly complex input-output 
relations even from small datasets.

Below, we first review some technical details on GPs in Section 2.3.1
and then elaborate on how they are used in our hierarchical learn
ing framework in Section 2.3.2. Our framework is implemented via the 
open-source Python package GP+[46].

2.3.1. Emulation and data fusion via Gaussian processes (GPs)
GPs are probabilistic models that assume the training data follows a 

multivariate normal distribution. They are dfined by parametric mean 
and covariance functions whose parameters can be systematically opti
mized via maximum likelihood estimation (MLE) or maximum a posteri
ori (MAP). Once the parameters are estimated, closed-form conditional 
distribution formulas are used for probabilistic prediction [54--58]. GPs 
are particularly suited for our application as they (1) can naturally han
dle noise, (2) do not rely on big data, and (3) can efficiently learn 
complex input-output relations [59--61].

In this work, we design the mean and covariance functions of the GPs 
to seamlessly (1) handle the categorical variable �� in the process param
eter space, and (2) enable data fusion or mult-fidelity (MF) modeling, 
which refers to the process of jointly learning from multiple datasets that 
share some mutual information. MF modeling is essential in this work 
as we aim to combine hardness/porosity and tensile data together to 
leverage their connection and, in turn, reduce the reliance on expensive 
tensile data.

As detailed in Appendix B, traditional GPs cannot handle categori
cal variables directly, as they are not naturally endowed with a distance 
metric. To address this limitation, GP+ first uses the user-defined fixed 
function ��(�) to transform the categorical variable � into the quantita
tive representation ��. To reduce the dimensionality of �� while captur
ing its effects on the response, �� is then passed through the parametric 
embedding function �ℎ(��;�ℎ) with parameters �ℎ. Since the outputs of 
�ℎ(��;�ℎ) are low-dimensional and quantitative, they can be easily in
tegrated with the mean and covariance functions of the GP. Upon this 
integration, all model parameters are estimated via MAP.

GP+ enables MF modeling by simply augmenting the input space 
with an additional categorical feature which merely indicates the source 
of a data point, see Fig. 4 where � = {������, � ������} is the added two
level categorical variable, � are the numerical inputs, and � denotes the 
output. This approach provides the option of having a mean function 
�(�,�;�) with parameters � that is either dependent or independent 
of the data source (Fig. 4 shows the former case as � affects the mean 
function through �). As detailed in Section 2.3.2, MF modeling is used 
to fuse the hardness/porosity and tensile datasets. To this end, the two
level categorical variable � = {������, � ������} is added to the input 
space and is converted to �� and then � via grouped one-hot encoding 
and matrix multiplication, respectively. Additionally, the mean function 
is modeled via a feed-forward fully-connected neural network (FFNN) 
and all model parameters are estimated via MAP.

2.3.2. Hierarchical learning
As explained earlier, the GPs for the auxiliary features are built first, 

and then used by the GPs that predict tensile properties. To devise the 
hierarchy among the four variables, we calculate the Pearson correla
tion coefficient [62] between any pair of variables. Pearson coefficient 
provides values between −1 and 1, where the sign and magnitude in
dicate the direction (direct or inverse) and strength of the correlation, 
respectively. While these correlations are linear, they provide a good 
starting point for our nonlinear analyses. To account for any nonlinear 
correlation between the variables, we also calculate the Spearman cor
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Fig. 4. Schematic illustration of data fusion via GPs: To fuse the cuboid data with tensile data using GP+, we add a two-level categorical variable � =
{������, � ������} (source indicator) to the input space. We use grouped one-hot encoding and matrix multiplication to convert � to its low-dimensional quanti
tative representation �. Then, these mapped values (�) are concatenated with the quantitative input features and fed into the mean and covariance functions. To 
capture more complex relations in the data, we use a FFNN as a mean function and all the model parameters are estimated via MAP.

Table 1
Pearson coefficients of correlation among properties: Neg
ative values show an inverse relationship, where one property 
tends to decrease as the other increases. The absolute values 
represent the strength of the correlation, with values closer to 
1 indicating a stronger relationship between the properties.

Hardness Porosity �	 �� 
�

Hardness 1 −0.56 0.84 0.78 0.26

Porosity −0.56 1 −0.79 −0.80 −0.45

�	 0.84 −0.79 1 0.99 0.53

�� 0.78 −0.80 0.99 1 0.62


� 0.26 −0.45 0.53 0.62 1 

relation [63], illustrated in Table S2, which shows the same trend as 
Pearson correlation.

The results are enumerated in Table 1 and indicate that there is a very 
high linear correlation between �� and �	 . Hence, we exclude �� from 
the analysis since (1) the same procedure for predicting �	 can be re
peated for �� , and (2) �	 and �� are not competing properties in our 
case (unlike 
� and �	 ) and hence process optimization is unaffected. 
The values in Table 1 also indicate that hardness and porosity are more 
correlated with �	 than 
� ; motivating us to learn the former first and 
then use it for learning the latter. For visualization of the correlations 
among auxiliary features and tensile properties we refer the readers to 
Appendix C.

Our framework is illustrated in Fig. 3 where pink and blue boxes 
represent the input and output spaces of each model, respectively, green 
boxes indicate the training data, �1 and �2 refer to the number of cuboid 
and tensile data, respectively, and � denotes the process parameters. The 
subscript � on the output variables distinguishes different properties, 
i.e., � ∈ {�,� , �	 , 
� }, with �� and �̂� representing the experimental 
measurements and predicted values, respectively. For instance, ��	 and 
�̂�	 represent, respectively the experimentally measured and predicted 
values for tensile property or �	 .

As shown in Fig. 3, we train ! � first to predict hardness as a 
function of �. The reason for initializing the modeling sequence with 
hardness is that porosity prediction depends on it. As shown in Sec
tion 3.1, the majority of porosity values in our dataset are very small 
which makes it difficult to relate their variations to process parame
ters. For example, the difference in the porosity of samples 14 and 21 in 
Table S1 is only 10−5, which is a very small number that might be inter
preted as noise by an ML model. To address this issue while maximally 
leveraging the (negative) correlation between hardness and porosity, 

we use the estimated hardness values not only as an additional input 
variable, but also for engineering an output feature. Since the scales of 
porosity and hardness are substantially different, we design this engi
neered porosity as �̂� × �"�(� ) and denote it by �� to ensure (1) the 
variations of hardness do not dominate those of porosity, and (2) small 
porosity values are not rounded to zero. With this engineered feature, 
the difference between samples 14 and 21 becomes ≈ 42 which, in turn, 
makes it much easier to link the variations of � and �� . We denote 
the model that predicts �� as a function of process parameters and 
predicted hardness by ! � .

Once ! � and ! � are trained, they are used for predictive mod
eling of tensile properties. For learning �	 , we leverage its relation with 
cuboids’ hardness/porosity by (1) augmenting the process parameters 
with the predicted hardness and the predicted engineered porosity fea
ture, and (2) fusing the two datasets obtained from tensile and cuboid 
samples (only hardness). We denote the resulting model by ! �	 and 
highlight that the second step increases the number of parameters in 
! �	 , as it must predict both �	 and a dummy hardness value,

2 rather 
than only �	 . However, despite the increase in the number of param
eters, data fusion increases the dataset size from 54 to 324 (54 tensile 
samples plus 270 cuboid samples), which justfies the increase in the 
number of parameters.

The final step involves learning ductility, which is more challenging 
due to its lower correlation with other properties and its significant in
herent variability. To address these challenges, we augment the process 
parameters with all previously modeled properties (i.e., predicted hard
ness, predicted engineered porosity, and predicted tensile strength), and 
also fuse the two datasets obtained from tensile and cuboid samples. We 
denote the resulting model with ! 
� which, similar to ! �	 , benfits 
from data fusion and predicts a dummy hardness variable.

We note that’�’ in the input space of ! �	 and ! 
� is a categorical 
variable that differentiates data types and enables data fusion as detailed 
in Appendix B. This allows ! �	 and ! 
� to predict two distinct val
ues based on the value assigned to’�’. For example, ′�′ ∈ {′� ′,′ 	 #′} in 
the case of ! �	 which predicts �̂�	 for samples with’�′ =′ 	 # ’ and a 
dummy hardness for’�′ =′ � ’. It is also noted that we design the mean 
function of each GP in Fig. 3 based on the dataset size and complexity. 
These details are included in Section 3 where we also evaluate the ad

2 Since the predicted hardness of this model is never used, we treat it as a 
dummy variable which merely enables the data fusion.
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vantages of augmenting tensile models with auxiliary features and using 
data fusion.

2.4. Accuracy assessment

To evaluate the accuracy of the GP models, 5-fold cross-validation 
(CV) is used by partitioning the data into 5 folds and then iterating 
over them. In each iteration, one fold serves as the validation set while 
the remaining 4 folds are used for training [64--66]. We measure the 
emulation accuracy in each iteration via mean squared error (MSE):

$#� =

√√√√ 1 
�test

�test∑
�=1 

(��
(�) − �̂

(�)
� )2 (1)

where ��
(�) = ��(�

(�)) and �̂(�)� = �̂�(�
(�)) denote, respectively, the median 

of the experimentally measured value and the prediction for sample �(�). 
Subscript � is dfined Section 2.3.2 and distinguishes different proper
ties.

It is highlighted that since the experimental data are noisy, the MSE 
in Equation (1) cannot be smaller than the (unknown) variance of the 
noise, which is caused by a number of factors such as measurement 
errors and manufacturing variability. Hence, to have a baseline for as
sessing the magnitude of the MSE that a GP model provides on a held-out 
fold, we compare it to the noise variance. Since the noise variance is un
known, we estimate it for each property by fitting a GP to the entire data 
and reporting the estimated nugget parameter, see Equation (B-8). These 
estimated noise variances are &̂2

�
= 5 × 10−3, &̂2

� 
= 2 × 10−4, &̂2�	 =

99 × 10−4, &̂2
� = 0.05

For evaluation, we also report the coefficient of determination (R2) 
which, unlike MSE, is calculated based on the entire data via:

'2
� = 1 −

∑�
�=1

(
��

(�) − �̂
(�)
�

)2

∑�
�=1

(
��

(�) − �̄�
)2 (2)

where �̄� indicates the average of (the median of) property � over the 
� samples. An R2� close to 1 indicates that the trained model can ad
equately explain the variability of the output with respect to the in
puts. The obtained R2� values by the GPs are R

2
�

= 0.93, R2
� 

= 0.98, 
R2�	

= 0.94, and R2
� = 0.68.

3. Results and discussions

We provide a detailed analysis of the properties of the cuboids and 
tensile coupons in Sections 3.1 and 3.2, respectively. As detailed in Sec
tion 2.3, we link these properties to process parameters via four GP 
emulators that are trained hierarchically. We illustrate the prediction 
accuracy of these GPs using the metrics dfined in Section 2.4. These 
emulators are used in Section 3.3 to optimize the combination of yield 
strength and ductility of a tensile sample which is then built and tested 
to assess the effectiveness of our framework.

Throughout, we use the median of the properties to mitigate the 
effects of outliers. Specifically, hardness refers to the median value ob
served in the hardness map of a cuboid. For the tensile coupons, �	 , 
�� , and 
� (strain to failure/ ductility) refer to the respective median 
values observed in the three tensile test repetitions that are carried out 
for each process parameter combination. For brevity, we drop the word 
median when referring to these properties. We highlight that ��	 and 
�
� represent the same properties as �	 and 
� , respectively.

3.1. Hardness and porosity

Representative microstructural images of the polished and etched 
surfaces alongside the hardness maps of the 270 cuboid samples are 
shown in Fig. 5 (see Fig. S1 for the complete set of images). The top row 

in Fig. 5 corresponds to the as-polished images, which show the spa
tial distributions of microdefects. Images in the second row are obtained 
from the etched surfaces and illustrate the formed phases, indicating that 
the samples have martensitic or duplex ferritic/martensitic microstruc
tures [6]. The bottom row in Fig. 5 includes representative hardness 
maps from the cuboids where darker pixels correspond to lower hard
ness. Overall, these images indicate that the relative content of phases, 
defect concentrations, and hardness significantly vary depending on the 
process parameters, especially since we explore a wide range for each 
parameter. Fig. 6(a) and Fig. 6(b) provide the histograms of porosity 
and hardness of the 270 cuboids which further demonstrate the strong 
dependency of these properties on process parameters.

VED is widely used in the literature to correlate mechanical proper
ties and defect content to the LPBF process parameters [6,28,67,68]. To 
assess the predictive power of VED in our case, we plot the porosity and 
hardness of the cuboids against their corresponding VEDs, see Fig. 6(c) 
and Fig. 6(d). As shown in Fig. 6(c), porosity initially decreases at a high 
rate as energy density increases and then it plateaus once the energy 
density exceeds roughly 100 J/mm3 due to the removal of LOF poros
ity. Expectedly, we observe an opposite trend for hardness in Fig. 6(d), 
where it increases and then nearly plateaus as VED increases. The ini
tial rapid change in hardness is due to the increase in the structure’s 
density and reduction in the LOF porosity. For equally dense structures 
in Fig. 6(d), we observe that hardness shows a roughly increasing trend 
as VED exceeds ∼ 70 J/mm3 and then plateaus at ∼ 400 J/mm3 VED. 
We attribute this trend to the increased martensitic nature of the mi
crostructure at higher VED [6]. Importantly, however, the increase in 
hardness with VED does not apply to all the processing conditions: the 
inset in Fig. 6(d) shows a broad set of data where a specific relationship 
between hardness and VED cannot be inferred.

As evidenced by Fig. 6(c) and Fig. 6(d), it is notable that samples with 
identical energy densities can display significant variations in porosity 
and hardness. This result clearly implies that VED cannot fully capture 
the impact of process parameters on hardness for 17-4PH steel. To fur
ther elaborate this point, we leverage curve fitting to regress the data via 
a wide range of analytic functions3 and report the one with the highest 
R2 in Fig. 6(c) and Fig. 6(d). Since the VED of the majority of the sam
ples is below 300 J/mm3, the fitted curves prioritize these regions and 
hence fail to provide accurate predictions at high VEDs, where much 
smaller property variations are observed. Hence, even the best fitted 
curves provide low R2 values, supporting the conclusion that VED alone 
is insufficient to accurately predict porosity or hardness.

The wide variations of porosity and hardness, coupled with the in
sufficiency of VED in accurately linking them to the process parameters, 
motivate the use of ML models. As explained in Section 2.3.2, we first re
late hardness to the process parameters via a GP model and then use this 
model while building another GP that predicts the porosity of cuboids as 
a function of process parameters and the predicted hardness. To assess 
features’ importance and potentially reduce the input dimensionality, 
we calculate Sobol’s sensitivity indices (SI) based on the GP model that 
predicts hardness. As detailed in Appendix D, these indices are based on 
variance analysis and quantify the importance of a variable on the out
put either solely on its own (main SI) or including its interactions via 
other variables (total SI). These SI indices are enumerated in Table 2, 
and indicate that the most important process parameters are laser power 
and speed, followed by layer thickness and hatch spacing. Scan rotation 
has a negligible effect on hardness, and hence can be excluded from the 
ensuing studies. As the difference between main and total SIs indicates 
the effect of variable interactions on the output, we deduce from the 
numbers in Table 2 that the four process parameters affect hardness in 
a non-trivial manner. For instance, we observe that the effect of hatch 
spacing (or layer thickness) on hardness increases by about five times 
as other process parameters vary. Additionally, since the main SIs are 

3 We use polynomials, ��)(⋅), �"�(⋅), and combinations thereof.
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Fig. 5. Representative microstructural images and hardness maps of cuboids: The top row includes the as-polished surfaces that illustrate the concentration of 
defects. The second and third row show, respectively, phase formation and hardness maps. This figure highlights the large impact of processing conditions on the 
microstructure, defect content, and property of the samples.

Fig. 6. Porosity and hardness: (a) and (b) show porosity and hardness distributions among the 270 cuboids, highlighting the significant dependency of these 
properties on the laser process parameters. (c) and (d) show variations of porosity and hardness vs VED, along with the corresponding R2 of their fitted curves. The 
insets show the magnfied image of a smaller region of energy density and property.

not zero (especially in the case of laser power and speed), we can once 
again conclude that a single variable such as VED (which only consists 
of variable interactions) cannot explain the variability of the output as 
the inputs change.

Upon excluding scan rotation from the inputs, we conduct 5-fold 
CV via GPs and report the corresponding MSEs in the top row of Ta
ble 3 (the CV plots are included in Fig. S4). By comparing the MSEs to 
&̂2
�

= 5 × 10−3, we observe that these values are quite close. This ob
servation, in conjunction with the large R2

�
= 0.93, indicates that GPs 

can effectively predict hardness as a function of process parameters. 

Additionally, the consistent MSE values across different folds show the 
robustness of the trained model. We note that in two cases the reported 
MSEs are smaller than noise variance which is due to the fact that the 
latter is also ``estimated''. We obtain our final model for hardness pre
diction by fitting a GP to the entire 270 samples and henceforth denote 
it by ! � .

As shown in Fig. 3, we use the estimated hardness values from ! �
to augment the input and output (i.e., the engineered porosity) spaces 
of the porosity data. The sensitivity indices in the bottom row of Table 2
illustrate similar trends as in hardness; laser power and speed are the 
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Table 2
Main and total Sobol sensitivity indices: These indices quantify the 
effect of a variable on the response either solely on its own (main SI) 
or including that variable’s interactions via other variables (total SI).

Property Metric process parameters 

�(W) �(mm/s) �(μm) ℎ(μm) ��(◦) 

��
Main SI 0.392 0.302 0.011 0.008 0.000

Total SI 0.685 0.565 0.072 0.039 0.000

�� 
Main SI 0.174 0.138 0.077 0.012 0.009

Total SI 0.485 0.366 0.155 0.199 0.019

Table 3
Accuracy assessment based on MSEs: The errors are reported for 
5-fold CV for both hardness and porosity prediction.

Property MSE 

Fold 1 Fold 2 Fold 3 Fold 4 Fold 5 

�� 0.014 0.007 0.003 0.033 0.003

�� 6 × 10−4 6 × 10−4 1 × 10−4 11 × 10−4 3 × 10−4

most important process parameters, followed by layer thickness, hatch 
spacing, and scan rotation. The different main SIs represent varying de
grees of each process parameter’s effect on engineered porosity, which 
cannot be captured by VED. Additionally, the low main and total SIs 
for scan rotation indicate its small impact on the engineered porosity 
feature. Considering this negligible effect, we exclude it from the input 
space.

We conduct 5-fold CV via GPs trained on the first four process pa
rameters concatenated with the predicted hardness values from ! � . 
The calculated MSEs are presented in Table 3 and plots depicting its per
formance on different folds are available in Fig. S4. Similar to hardness, 
the close similarity between MSEs and ̂&2

� 
= 2×10−4, high R2

� 
= 0.98, 

and the consistency of MSEs among different folds illustrate the effec
tiveness and robustness of GPs to predict �� (and hence ductility). We 
denote the final model for predicting �� as ! � and obtain it by 
fitting a GP to the entire data which is augmented with the predicted 
hardness values.

3.2. Tensile properties

We build tensile specimens based on 54 process parameter com
binations which are also used to manufacture cuboids 55 − 81 and 
190− 216 as enumerated in Table S1. We provide representative stress
strain curves in Fig. 7 and refer the reader to Fig. S5 for the complete 
set. In Fig. 7 each plot also contains the hardness map and OM image 
of the corresponding cuboid. We extract �	 , �� , and 
� from the 54
stress-strain curves, and present the values in Table S3. Given the strong 
correlation between �� and �	 observed in Table 1, we only analyze 
�	 . The histograms and plots of the variation of �	 and 
� against each 
other and VED is shown in Fig. 8, which indicates that these two prop
erties (1) vary quite substantially across the different samples, and (2)
are nonlinearly related, whereby 
� first increases but then decreases 
as �	 increases. As indicated by the whiskers in Fig. 8(c) and Fig. 8(d), 

� shows higher stochasticity than �	 , as commonly reported for AM 
metals [29,30].

The plots in Fig. 7 clearly show the diversity of samples in terms of 
tensile responses and microstructures. For instance, cuboid and tensile 
specimens 192 are built with a very small VED of 22.1 J/mm3, which 
does not provide sufficient energy for proper material consolidation. 
Such a VED results in a cuboid with many large pores, a small hard
ness value of 368.7 HV0.5, and a scattered hardness map depending on 
the indentation location, see also Fig. 6. This processing condition also 
produces weak tensile specimens whose yield stress and ductility are 
roughly below 100 MPa and 1%, respectively. Further increase in VED 
to the level that LOF porosity is lowered to its plateau value increases the 

Table 4
Sobol sensitivity indices for yield strength and ductility:Unlike in 
Table 2, layer thickness and hatch spacing are quite important when 
predicting �	 and 
� based on the process parameters.

Property Metric process parameters 

�(W) �(mm/s) �(μm) ℎ(μm) ��(◦) 

��	
Main SI 0.260 0.125 0.093 0.036 0.003

Total SI 0.636 0.400 0.345 0.308 0.058

�
�
Main SI 0.073 0.108 0.282 0.044 0.001

Total SI 0.450 0.368 0.607 0.259 0.081

hardness, �	 , and 
� as seen in process combinations 213, 66, and 206. 
VEDs above 200 J/mm3 can result in embrittlement of the manufactured 
samples, leading to considerably high strength but low ductility values. 
For example, processing condition 195 in Fig. 7 with a very high VED 
of 234.2 J/mm3 has a �	 of 1,310 MPa and 
� of 2.3%, respectively. 
Overall, we observe that samples printed with VEDs of roughly 100 to 
200 J/mm3 exhibit enhanced ductility and tensile strength (see speci
mens 70 and 60 in Fig. 7) compared to samples printed with VED values 
outside this range. However, there is no clear relationship between VED 
variations and �	 and 
� , either within or outside this range. To better 
demonstrate this point, we consider process parameters 66 and 206 in 
Fig. 7, which result in similar VEDs but the corresponding cuboids and 
tensile coupons have dissimilar microstructures, surface properties, and 
stress-strain curves. Specifically, we observe that tensile specimen 66
produces stress-strain curves with higher ductility and larger stochastic
ity but lower strength. Such property variations in 17-4 PH SS happen 
mainly due to the changes in martensite/austenite/ferrite ratios (see 
Fig. S1), porosity percentage, precipitation, and elemental evaporation 
and chemical composition with changes in the processing conditions 
[6,16,20,48,50,51].

Considering the complex relationship between process parameters 
and tensile properties and variabilities in the measured properties, we 
arrive at a similar conclusion to Section 3.1 in that VED fails to fully ex
plain the dependency of 
� and �	 on the process parameters and can 
only achieve modest R2 values, as observed from the fitted regression 
models shown in Fig. 8(a) and Fig. 8(b). Hence, we rely on our GP-based 
hierarchical framework to distill these relations from the datasets. As 
demonstrated in Fig. 8(a), �	 is less stochastic than 
� , and more corre
lated with hardness and porosity. Therefore, we begin by linking �	 to 
process parameters and predicted hardness and porosity (see Fig. 3). 
Then, we use the trained GP, along with the GPs built-in Section 3.1, to 
predict 
� as a function of process parameters and previously predicted 
properties.

As explained in Section 2.3.2, we leverage the relation between �	 of 
tensile coupons and cuboid properties by (1) augmenting the process 
parameters with the predicted hardness and the engineered porosity, 
and (2) fusing the two datasets from tensile and cuboid samples. The 
resulting model is denoted by ! � . To assess the impact of these choices, 
we compare the performance of ! � to two baseline GPs denoted by 
! �′ and ! �′′ . ! �′ leverages neither of the above steps (i.e., it only 
uses the 54 tensile samples to link �	 to process parameters), while 
! �′′ only excludes the data fusion step.

The SIs for �	 are shown in the top row of Table 4 and indicate 
that except scan rotation, all other process parameters affect �	 . This 
trend is similar to Table 3 but the interplay between the remaining four 
parameters is higher in this case (compare the total SIs across the two 
tables). We exclude scan rotation from the input space and conduct a 
5-fold CV study via ! �′ . The MSEs are presented in the top row of 
Table 5, and the calculated noise variance and R2 are 22 × 10−4 and 
0.18, respectively. The very low R2 and substantial difference between 
MSEs and the estimated noise variance indicate the inability of ! �′ to 
accurately predict �	 . This expected result is due to the small dataset 
size and the high complexity of the relation between �	 and process 
parameters.
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Fig. 7. Representative tensile properties: Representative stress-strain curves for dog-bone samples printed with 7 different process parameters (3 nominally 
identical samples were tested for each condition). Insets display porosity and hardness maps from cuboids printed with the same processing conditions. The dashed 
lines indicate the area mapped for hardness. The number on the right corner shows the sample number (see Table S3 for processing conditions).

Table 5
Accuracy assessment based on MSEs: The errors are 
reported for 5-fold CV for both yield strength and ductil
ity.

Model MSE 

Fold 1 Fold 2 Fold 3 Fold 4 Fold 5

! �′ 0.294 0.059 0.475 0.681 0.076

! �′′ 0.085 0.046 0.342 0.463 0.182

! � 0.096 0.016 0.296 0.0701 0.166

! 
′ 0.194 0.238 0.451 0.416 0.417

! 
 0.388 0.146 0.258 0.401 0.334

To improve the performance of the model, we augment the process 
parameters with the predicted hardness and porosity to train ! �′′ . The 
calculated MSEs of the corresponding 5-fold CV study are presented in 
the middle row of Table 5. The R2 and noise variance are calculated 

as 0.64 and 0.07, respectively. The improved R2 as well as close MSEs 
and noise variance suggest that ! �′′ leverages the predicted hardness 
and porosity to better explain the variability of �	 . Referring to Ta
ble 1, this enhancement is expected due to the high correlation observed 
among �	 , hardness, and porosity. To highlight the improvement level, 
we note that the minimum MSE obtained by ! �′ is approximately 26
times larger than the estimated noise variance while in the case of ! �′′
this ratio drops to 1.07. Despite the considerable improvement, feature 
augmentation cannot solely provide high accuracy due to the very small 
dataset size and hence ! � also leverages data fusion.

We employ a source-dependent mean function in ! � to capture the 
unique behaviors of each property while simultaneously modeling their 
underlying interdependencies. We design the mean function based on an 
FFNN with three layers of two neurons to strike a balance between com
plexity and accuracy. Tangent hyperbolic (TH) is used as the activation 
function of each neuron and 20% dropout is added for regularization. 
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Fig. 8. Yield strength and ductility: (a) and (b) present variations of �	 and 
� vs VED, along with the R2 of their corresponding fitted curves. (c) illustrates the 
trade-off between �	 and 
� , with the axes showing their distributions among the 54 tensile specimens, highlighting the significant dependency of these properties 
on the laser process parameters.

We highlight that while we use an FFNN as the mean function within the 
GP models for predicting �	 and 
� , the FFNNs in our approach differ 
from conventional FFNN models that are trained directly on the data. In 
our case, the FFNN is integrated into the GP framework, and its param
eters are learned jointly with the hyper-parameters of the GP’s kernel. 
As a result, the FFNN does not have a separate loss function; that is, its 
loss function is part of the loss function of the GP as explained in as de
scribed in Appendix B. Figs. S2a and S3a illustrates the optimized loss 
function for ! �	 over 64 random restarts, and the optimization his
tory of *MAP for one random iteration from a set of 64 restarts shown 
in Fig. S2a, respectively.

The MSEs of ! �are presented in the third row of Table 5 and the 
calculated noise variance and R2 are 99 × 10−4 and 0.94, respectively 
(see Fig. S4 for a graphical error representation). The high R2 value 
and similarity between MSEs and the estimated noise variance indicate 
that ! � is effectively leveraging data fusion and feature augmentation. 
Henceforth, we denote this model as ! �	 and note that, expectedly, it 
provides higher errors compared to ! � and ! � since �	 has more 
variability, is a more complex property to predict, and there are fewer 
samples on it (54 vs 270).

Following Fig. 3, the final step involves learning 
� , where process 
parameters are augmented with all of the previously predicted prop
erties (�̂� , �̂� , �̂�	 ) and tensile data are fused with cuboid data. To 
evaluate the effectiveness of these two choices, we compare the per
formance of ! 
 to a baseline GP denoted as ! 
′ which does not 
incorporate these enhancements.

The Sobol SIs for 
� in the bottom row of Table 4 highlight layer 
thickness and laser speed as the most important process parameters, 
followed by laser power, hatch spacing, and scan rotation. This ordering 
is different than the ones in Table 2 which highlights the complexity 
of data fusion, i.e., our framework is expected to leverage hardness, 
porosity, and tensile strength features even though they are not affected 
by the process parameters in the same way as ductility.

The higher importance of layer thickness over laser power can be 
attributed to the fact that the GP model has only seen layer thickness 
values {30,60} and incurs some errors when predicting other values 
which, in turn, affects the SIs. Similar to previous cases, we exclude 
scan rotation from the input space (as its main and total SIs are small) 
and perform a 5-fold CV using ! 
′ . The MSEs are reported in the forth 
row of Table 5, with estimated R2 and noise variance values being 0.76
and 0.16, respectively. Considering the inherent challenges of learning 
ductility, these metrics indicate that the GPs perform relatively well but 
cannot generalize accurately. This issue is illustrated in Fig. 9, where 
we generate 10,000 random process parameters and predict their cor
responding �	 and 
� . We first color code the points based on their 
corresponding VED in Fig. 9(a) and then focus on the region with high 
�̂�	 and �̂
��-as shown in Fig. 9(b), which is color-coded based on 

the standard deviation of �̂
� . The predicted standard deviations are 
automatically provided by the GP (see Appendix B) and indicate that 
the corresponding predictions have large uncertainties and cannot be 
trusted for process optimization.

We now perform a 5-fold CV with ! 
 which, similar to ! �	 , also 
uses an FFNN as its mean function (see Figs. S2b and S3b that illustrates 
the optimized loss function for this model over 64 random restarts, and 
the optimization history of *MAP for one random iteration from a set of 
64 restarts, respectively). Since the larger stochasticity of 
� compared 
to �	 increases the risk of ovefitting, we reduce the size of the FFNN 
to 2 layers of 2 neurons. The results of the 5-fold CV are shown in the 
bottom row of Table 5 and demonstrate that ! 
 is on average more 
accurate than ! 
′ . Comparing the estimated noise variance with the 
MSEs illustrates that ductility predictions expectedly exhibit larger er
rors compared to other properties. These variations are also illustrated 
in Fig. 10 where the colored square markers show the strain to failure of 
different test repetitions for the same sample versus their 
� . Each group 
of three squares in a horizontal line corresponds to one process combi
nation and highlights how ductility varies across three tensile tests. The 
pink ``X'' markers and the gray circles indicate the predicted 
� for test 
and training data, respectively. Considering the high variability of 
� , 
we deem these results satisfactory and proceed to build the final model 
for ductility on all tensile and cuboid samples. We denote this model by 
! 
� and test its generalizability in Section 3.3.

3.3. Process optimization and design maps

We now use the trained GP models to identify the process parameters 
that optimize the combination of yield strength and ductility of a tensile 
coupon. In the literature, Bayesian optimization (BO) or metamodel
based searches are commonly employed for optimization but these 
methods are not suitable to our problem. BO finds the optimum of black
box functions by iteratively sampling the most informative points in 
the parameter space [61,69--72] while we aim to build and test only 
one sample. Metamodel-based methods leverage surrogates (GPs in our 
case) in an optimization package that are either gradient-based (e.g., 
Adam or L-BFGS) or heuristic (e.g., Genetic algorithm). We found these 
methods to provide poor performance in our case as their reported op
tima strongly depended on the initialization. We attribute this poor 
performance to the fact that we use four hierarchically linked GPs to 
predict tensile properties given the process parameters, and such a link
age produces a cascade of uncertainties that are not easy to quantify 
(see Appendix E for more clarfication).

We address the above challenges via the following simple and intu
itive approach, see Fig. 11. We first generate 10,000 process parameter 
combinations by uniformly sampling from the ranges used to experi
mentally build the samples. Then we use the trained GPs to predict the 
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Fig. 9. Generalizability of ! 
′ : (a) displays the 10,000 generated samples color-coded based on their VED. In (b), we narrow these samples to those within the 
optimal domain and color-code them based on the prediction uncertainty, highlighting the significant uncertainty of the model in this region.

Fig. 10. Graphical representation of 5-fold CV with ! 
: Each sample undergoes three repeated tensile tests. The squares represent the experimental ductility 
values obtained from each test case versus their predicted median. The pink ``X'' symbols denote the model’s predictions on test data, while the gray circles depict 
the model’s performance on the training data. Each horizontal line in the plots highlights the variability of the test cases for each sample.

corresponding yield strength and ductility for these 10,000 process con
ditions. The result is shown in Fig. 11(a) where the points are color 
coded based on the VED. We then narrow the search space to include the 
points with (1) VEDs between 100 and 200 J/mm3 (based on the findings 
of Sections 3.1 and 3.2), and (2) high yet feasible �	 (�̂�	 > 1000 MPa) 
and 
� (�̂
� > 12%), see Fig. 11(b). To consider the prediction uncertain
ties of the candidate points in Fig. 11(b), we color code them based on 
the predicted uncertainties for the individual objectives (i.e., ductility 
and yield strength), see Fig. 11(c) and (d). The error bars showing these 
uncertainties are also depicted in Fig. S6. We finally identify process set
tings with small uncertainties, see the small black box in Fig. 11(c) and 
(d), and randomly select one of them for the manufacturing process. 
The chosen setting is marked by ``OP'' in Fig. 11(e), where the points 
are color coded based on the uncertainty of the objective functions that 
considers both ductility and yield strength. More specifically, this total 
uncertainty is calculated by first normalizing4 the uncertainty of each 
feature to take out the effects of the scale differences, and then summing 
the normalized values. We also select two random points outside of the 
optimal window, marked as ``T1'' and ``T2'' in Fig. 11(e), to assess the 
overall predictive power of our framework. For ``T2'' we consider two 
scan rotations to evaluate our prediction based on the Sobol SIs that this 
process parameter insignificantly affects the mechanical properties.

4 min-max normalization [73].

The three selected process parameter sets are used to build and test 
tensile coupons, see Table 6. The stress-strain curves of these samples 
are shown in Fig. 12 where we also provide the �	 -
� scatter plot of 
the 54 training samples to put the obtained results into perspective. It 
is observed that the experimental measurements (��	 and �
� ) match 
with model predictions (�̂�	 and �̂
� ) quite well and the 70% prediction 
intervals in all cases contain the experimental measurements. We also 
observe that changing the scan rotation from 90 or 67 degrees has an 
insignificant impact on the mechanical properties. This finding is consis
tent with the literature where 67 is reported to show only slightly lower 
�	 , �� and 
� for 316L SS [74].

As shown in Fig. 12(a), it is observed that yield strength and ductil
ity are not necessarily inversely correlated in our data, as is regularly 
the case for most conventionally processed structural materials. The 
strength-ductility trade-off is usually related to intrinsic strengthening 
mechanisms such as solid solution, precipitation, grain boundary, or 
second-phase strengthening which tend to reduce ductility. However, 
the large process parameter space that we explore can change this trend 
as defects, complex microstructures, and variations arise. Nonetheless, 
our results show that tuning the process parameters can increase both 
yield strength and ductility.

Compared to previous studies [30,75--79], we have designed an LPBF 
processed 17-4 PH SS with improved tensile strength and ductility even 
though our tensile specimens were created vertically and the loading 
direction during the tensile test was the same as the build direction. 
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Fig. 11. Sampling for optimization: (a) Predicted yield strength vs ductility for 10,000 random sets of process parameters, color-coded based on VED. To identify 
optimal process setting, we focus on points with high yield strength (�̂�	 > 1000) and ductility (�̂
� > 12). (b) Following the discussions in Sections 3.1 and 3.2, 
process settings whose VED is outside the 100 − 200 J/mm3 range are colored gray. (c) and (d) color code the points based on the prediction uncertainties of 
yield strength and ductility, respectively. (e) illustrates the overall uncertainty in predicting yield strength and ductility. The three points marked as ‘X’ denote our 
selections for testing.

Table 6
Optimized processing conditions with corresponding predicted and experimentally measured tensile 
properties: ��	 and �
� represent the experimental �	 and 
� , respectively, while �̂�	 and �̂
� denote the cor
responding predictions. The uncertainties for ��	 and �
� are also included.

Sample 
name 

�

(W) 
�

(mm/s) 
�

(μm) 
ℎ

(μm) 
��

(◦) 
VED 
(J/mm3) 

�̂�	
(MPa) 

��	
(MPa) 

�̂
�
(%) 

�
�
(%) 

Std 
�
�

Std 
��	

OP 81 325 20 77 90 153.4 1199 1180.1 16.8 16.2 4.7 155.2

T1 233 1471 20 71 90 111.4 1073 1168.5 14.2 11.1 3.9 145.8

T290 227 1080 20 72 90 155.4 1130 1213.3 15.6 13.7 4.1 141.9

T267 227 1080 20 72 67 155.4 1130 1232.1 15.6 11.7 4.1 141.9

Vertically-built specimens exhibit reduced ductility and tensile strength 
compared to those built horizontally [75--77] since defects, which pri
marily form between layers, are perpendicular to the tensile loading 
direction in vertical specimens which, in turn, facilitates void growth 
[75]. Additionally, the shorter time interval between melted layers and 
decreased cooling rates in vertical samples coarsen the grain sizes and 
lower retained austenite content [75], which reduces the strength. Also, 
our samples are tested with their surfaces in the as-printed condition 
without any machining or polishing as opposed to other studies where 
surface roughness is removed by grinding or polishing [48,79]. Notwith
standing these strength/ductility reducing factors, we still achieved im
proved properties compared to the literature [30,75--79].

Finally, we use the trained GPs to plot design maps for the properties. 
Fig. 13 shows contour plots of �̂�	 and �̂
� for different values of laser 
power and scan speed but fixed hatch spacing (ℎ = 20 μm) and layer 
thickness (� = 77 μm) (see Fig. S7 for more contour plots). These plots 
are color-coded based on the property of interest, and the black dashed 
lines mark the VED values of 100 and 200 J/mm3. The orange region in 
Fig. 13(a) indicates the LPBF parameter window that leads to �̂�	 values 
around 1,100− 1,200 MPa. Similarly, the red region in Fig. 13(b) is the 

LPBF parameter window that yields �̂
� greater than 12%. To optimize 
the combination of �	 and 
� , the optimization surface (i.e., the loga
rithm of the products of �	 and 
� ) is depicted in Fig. 13(c), where the 
region in yellow marks the optimized process window. We note that the 
anomalous behavior in the lower right corner of the plots corresponds 
to a combination of very low power and very high velocity, where (1)
material consolidation is poor and hence the collected data (if any) are 
noisy, and (2) the model has larger errors because of the limited num
ber of samples available for training in these regions. We also note that 
our GPs leverage an FFNN as their mean functions, so they can provide 
rough prediction prfiles even though they use smooth kernels (i.e., the 
Gaussian covariance function). The combination of these factors results 
in the rough design maps observed in Fig. 13.

4. Conclusions

We develop a process optimization framework that integrates HT ex
periments and hierarchical ML to identify the process parameters that 
optimize the mechanical properties of LPBF-built parts. Our approach 
reduces the reliance on expensive tensile tests and streamlines process 
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Fig. 12. The yield strength-ductility trade-off and the stress-strain curves of tested samples: (a) YS-ductility trade-off for initial, optimized and two randomly 
selected samples. The circles represent experimental values, while the ‘X’ shapes indicate predicted values. Rectangles display the 70% cofidence interval, with each 
rectangle colored to match its corresponding test sample. (b) Optimized condition, (c) T1, (d) T290, and (e) T267. Note: T290 and T267 are the same laser processing 
conditions with one printed with a scan rotation of 90 and the other with 67 degrees.

Fig. 13. Design maps for various combinations of � and �: The figures are color-coded based on (a) predicted �	 (�̂�	 ), (b) predicted 
� (�̂
� ), and (c) ��)(�̂�	 × �̂
� )
to show the optimization surface.

optimization by systematically integrating computational techniques 
(statistical sensitivity analysis, feature augmentation, data fusion, and 
emulation) with experiments that include large data from cuboid sam
ples and small data from tensile coupons. While the proposed approach 
is material-agnostic and fully generic, in this paper we apply it to 17-4 
PH SS which is a technologically important material.

We demonstrate that conventional process optimization approaches 
that solely rely on hand-crafted features, such as VED, fail to fully 
capture the effects of process parameters on the material properties 
and limit the search to small parameter spaces. Our framework ad

dresses these gaps because it directly and automatically predicts me
chanical properties as functions of all process parameters including 
laser power, laser scan speed, hatch spacing, powder layer thickness, 
and scan rotation. Additionally, by founding these predictions on larger 
“easy to collect'' and smaller ``labor-intensive'' data sets, our approach 
is much less dependent on expensive fabrication and characterization 
procedures, enabling the exploration of a large set of process parame
ters.

We demonstrate that our framework is very efficient at learning 
the complex relationships between multiple process parameters (vary
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ing in very wide ranges) and tensile mechanical properties. Follow
ing model training and validation, we identify near-optimal process
ing conditions. By printing tensile specimens with these conditions, we 
(1) demonstrate that our GPs predict both �	 and 
� quite accurately, 
and (2) can build vertically printed tensile specimens with extreme 
combinations of strength and ductility compared to typical literature 
data.

Unsurprisingly, we observe that the mechanical properties of LPBF 
processed 17-4 PH SS including hardness, �	 , �� , and especially 
� , 
strongly depend on process parameters. While the present work focused 
on the development of a novel approach for learning these complex 
correlations and optimizing process parameters, ML models cannot pro
vide physics-based explanations. Future work will carefully investigate 
the subtle microstructural differences among some of the samples fab
ricated in this study, to reach a full mechanistic understanding of the 
processing-structure-properties relationships for this complex material 
system.

CRediT authorship contribution statement

Mahsa Amiri: Writing -- review & editing, Writing -- original draft, 
Visualization, Validation, Methodology, Investigation, Formal analysis, 
Conceptualization. Zahra Zanjani Foumani: Writing -- review & edit
ing, Writing -- original draft, Visualization, Validation, Methodology, 
Investigation, Formal analysis, Conceptualization. Penghui Cao: Writ
ing -- review & editing, Conceptualization. Lorenzo Valdevit: Writing 
– review & editing, Writing -- original draft, Supervision, Methodol
ogy, Funding acquisition, Formal analysis, Conceptualization. Ramin 
Bostanabad: Writing -- review & editing, Writing -- original draft, Su
pervision, Methodology, Funding acquisition, Formal analysis, Concep
tualization.

Declaration of competing interest

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

Acknowledgements

This research was supported by funds from the UC National Lab
oratory Fees Research Program of the University of California, Grant 
No. L22CR4520. M.A. and L.V. also acknowledge financial support by 
The Office of Naval Research (Program Manager: J. Wolk, Grant No. 
N00014-21-1-2570). Z.Z.F. and R.B. also acknowledge the support from 
the National Science Foundation (Award No. 2238038).

Appendix A. Porosity measurement

In this section, we provide details of the porosity measurement ap
proach used to extract the porosity content of each sample based on the 
OM images obtained from the as-polished surfaces. To enhance image 
quality and minimize noise interference, we employ preprocessing tech
niques such as cropping and Gaussian blurring. Firstly, for cropping, we 
remove 50 pixels from the top, right, and left edges, and 80 pixels from 
the bottom edge of each image. This adjustment is necessary due to the 
larger frame present in the bottom part of the images. Additionally, we 
apply Gaussian blurring to further reduce noise. Gaussian blurring in
volves averaging pixel values using a Gaussian kernel, which assigns 
higher weights to pixels closer to the center. This method effectively 
smooths the image and improves clarity for subsequent analysis. We 
utilize a Gaussian kernel with a size of 5 × 5 to dfine the pixel neigh
borhood for blurring. Fig. A.1 shows these process for a random cuboid 
sample (sample 57) where Fig. A.1(a) is the original OM image and 
Fig. A.1(b) shows the preprocessed image that we use for our analysis.

Fig. A.1. OM images of cuboid sample 57: (a) shows the original OM image for this sample while (b) illustrates the cropped and blurred image that we use through 
our analysis.

Fig. A.2. Pixel distribution of OM images: (a) shows the pixel distribution for sample 57 while (b) illustrates the distribution for all samples. 
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After preprocessing, we analyze the distribution of pixel values to de
termine an appropriate threshold for distinguishing between pores and 
solid materials. Fig. A.2(a) illustrates this distribution for cuboid sam
ple 57, with frequencies reported on a logarithmic scale for clarity. The 
distribution reveals two peaks: one in the range of 20 − 30, indicative 
of frequent pixel values for pores, and another around 150 − 160, rep
resenting solid material. Fig. A.2(b) displays the aggregate distribution 
across all cuboid samples with the same trend as sample 57. Based on 
these observations, we select a threshold value of 75 (a middle value) to 
differentiate between pores and solid material. Finally, porosity is com
puted as the ratio of pore area to the total image area. All the measured 
porosities are provided in Table S1.

Appendix B. Background on Gaussian processes (GPs)

In emulation using GPs, it is assumed that the training data follows 
a multivariate normal distribution characterized by parametric mean 
and covariance functions. Predictions are then made using closed-form 
conditional distribution formulas.

Assume we are given a training dataset 
{
�(�), �(�)

}�
�=1
, where � =

["1, ..., "�"]
� ∈ � ⊂ ℝ

�" and �(�) = �(�(�)) ∈ ℝ represent the inputs and 
outputs, respectively. Let 	 = [�(1),⋯ , �(�)]� and 
 be the matrix whose 
��ℎ-th row is (�(�))� . Our objective is to predict �(�∗) at an arbitrary 
point �∗ ∈ �. Following this setup, we assume 	 = [�(1),⋯ , �(�)]� is a 
realization of a GP characterized by the following parametric mean and 
covariance functions:

�[�(�)] =�(�;�), (B-1a)

cov
(
�(�), �(�′)

)
= -(�,�′;�2,�) = �2�(�,�′;�) (B-1b)

where �[⋅] indicates expectation, and � and � are the parameters of the 
mean and covariance functions, respectively. The mean function in GP 
modeling, as seen in Equation (B-1a), can take various forms, from sim
ple polynomials to intricate structures like feed-forward neural networks 
(FFNN). However, many GP applications often use a constant mean func
tion �(�;�) = /, suggesting that the predictive power of the GP mainly 
depends on its kernel function. In Equation (B-1b), �2 stands for the pro
cess variance, and �(⋅, ⋅) is the correlation function with parameters �. 
Popular choices for �(⋅, ⋅) include the Gaussian, power exponential, and 
Matérn correlation functions. In our specific approach, we utilize the 
Gaussian kernel.

�(�,�′;�) = exp

{
−

�" ∑
�=1 

100� ("� − "′�)
2

}
(B-2)

where 0� ∈ℝ are the scale parameters. However, the abovementioned 
formulations do not inherently support data fusion. Motivated by [46, 
47], kernel-based approaches can be used to extend GPs to handle data 
fusion. This method introduces new kernels with customized parametric 
functions to enable direct probabilistic learning from multi-source data 
and handling qualitative features.

To explain the kernel-based approach, consider an emulation sce
nario where the input space includes two qualitative features: �1 =

{������, � ������} and �2 = {174,316,304}, with �1 = 2 and �2 = 3 lev
els, respectively. GPs cannot directly handle � = [�1, �2]

� because typical 
kernels require a distance metric for each feature, which categorical 
variables inherently lack. To overcome this limitation, categorical vari
ables must be transformed into a quantitative representation (��) using 
a user-defined function (��(�)); thus, �� = ��(�). These quantitative rep
resentations can be generated using methods such as grouped one-hot 
encoding, separate one-hot encoding, or random encoding. In this pa
per, we employ grouped one-hot encoding. These representations are 
typically high-dimensional. To reduce the dimensionality while captur
ing the effects of � on the response, �� is processed through a parametric 
embedding function �ℎ(��;�ℎ) to generate �, a �ℎ-dimensional latent 
representation of �, where �� ≫ �ℎ. The embedding functions can be 

either parametric matrices or FFNNs. In our approach, we utilize para
metric matrices to generate � as follows:

� = �� ×� (B-3)

where � is a 
∑��

�=1 �� × �ℎ parametric mapping matrix that maps ��
(grouped one hot-encoded prior) to ℎ. Since �= �ℎ(��(�);�ℎ) are quan
titative, they can be easily used to develop new kernels. Now, we can 
rewrite the kernel in Equation (B-2) as:

�
(
�,�′;�,�ℎ

)
= exp

{
−

�" ∑
�=1 

100� ("� − "′�)
2 −

�ℎ ∑
�=1 

(ℎ� − ℎ′�)
2

}
(B-4)

where � =
[
�

�

]
. The new parameters (�ℎ) will be estimated jointly with 

the other parameters of the GP.
Having dfined the new kernel, all the hyperparameters (� , �2, �) 

will be estimated via the training data. To find these estimates, we utilize 
maximum a posteriori (MAP) which estimates the hyperparameters such 
that they maximize the posterior of the � training data being generated 
by �(�), that is:

[�̂, �̂2, �̂] = argmax
�,�2 ,�

|2�
|− 1
2

× exp
{
−1

2 
(	 −�)�
−1(	 −�)

}
× �(�, �2,�)

(B-5)

or equivalently:

[�̂, �̂2, �̂] = argmin
�,�2 ,�

*$3 = argmin
�,�2 ,�

1

2
log(|
|)

+
1

2
(	 −�)�
−1(	 −�) − log

(
�(�, �2,�)

) (B-6)

where | ⋅ | denotes the determinant operator, 
�� ∶= -(
,
;�2,�) is 
the covariance matrix whose (�, 4)�ℎ element is ��4 = -(�(�),�(4);�2,�) =

�2�(�(�),�(4);�), � is an �×1 vector whose ��ℎ element is �� =�(�(�);�), 
and log(⋅) denotes the natural logarithm. We can now efficiently es
timate all the model parameters by minimizing Equation (B-6) using 
a gradient-based optimization algorithm. Subsequently, we utilize the 
conditional distribution formulas to obtain the mean and variance of 
the response distribution at an arbitrary point �∗:

�[�(�∗)] =�(�∗; �̂) + -(�∗,
; �̂, �̂2)
−1(	 −�) (B-7a)

cov(�(�∗), �(�∗)) = -(�∗,�∗; �̂, �̂2) − -(�∗,
; �̂, �̂2)
−1-(
,�∗; �̂, �̂2))

(B-7b)

where -(�∗,
; �̂, �̂2) is a 1 × � row vector with entries -� = -(�∗,�(�); �̂, 
�̂2) and its transpose is -(
,�∗; �̂, �̂2). These formulations build inter
polating GPs.

To handle datasets with noisy observations, the nugget or jitter pa
rameter, denoted by 5 [80--82], is used. Accordingly, 
 is replaced by 

5 =
 + 5���, where ��×� is the �×� identity matrix. With this adjust
ment, the stationary noise variance estimated by the GP is 5̂). Following 
this modfication, Equation (B-7) should be updated to:

�[�(
∗)] =�(
∗; �̂) + -(
∗,
; �̂, �̂2)
−1
5
(	 −�) (B-8a)

cov
(
�
(

∗

)
, �(
∗)

)
= -(
∗,
∗; �̂, �̂2)

− -(
∗,
; �̂, �̂2)
−1
5
-(
,
∗; �̂, �̂2) + 5̂� .

(B-8b)

The above kernel reformulations not only enable GPs to operate in 
feature spaces with categorical variables, but they also allow GPs to 
directly fuse multiple datasets from various sources. Suppose we have 
�� data sources and aim to emulate all of them. To achieve this, we 
first augment the input space with an additional categorical variable 
� = {′1′,⋯ ,′ ��′}, where the 4�ℎ element corresponds to data source 4 for 
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4 = 1,⋯ , ��. With this augmentation, the �� datasets are concatenated 
as follows:

� =

⎡⎢⎢⎢⎢⎣

� 1
′�

′
�1×1

� 2
′�

′
�2×1

⋮ ⋮

���
′��

′
���×1

⎤⎥⎥⎥⎥⎦
and 	 =

⎡⎢⎢⎢⎣

	1
	2
⋮

	��

⎤⎥⎥⎥⎦
(B-9)

where the subscripts 1,2, ..., �� correspond to the data sources, �4 is the 
number of samples obtained from source 4, � 4 and 	4 are, respectively, 
the �4 × (�" + ��) feature matrix and the �4 × 1 vector of responses 
obtained from �(4), and’�’ is a categorical vector of size �4 × 1 whose 
elements are all set to’4 ’. Then, the GP model can be trained on {� ,	}
using the kernel-based method described above to effectively integrate 
and fuse data.

Modifying the mean function presented in Equation (B-1a) has a sig
nificant impact on the model’s performance, especially in tasks such as 
extrapolation and data fusion. To enhance emulation, existing methods 
often use polynomials, analytic functions (e.g., sin(⋅), log(⋅),⋯, etc.), or 
feedforward neural networks (FFNNs) for designing �(�;�). Extending 
these approaches to also include categorical variables in the mean func
tion (�(�, �;�)) enables two distinct learning strategies: (1) employing 
a global function shared across all data sources, and (2) using mixed 
basis functions where a unique mean function is learned for each data 
source �. The latter strategy presents a significant advantage for our 
problem. By estimating unique mean functions, the model can more ac
curately capture the specific behaviors of each data source, while the 
joint estimation of the functions’ parameters allows the model to learn 
the interdependencies among the data sources.

All the emulation strategies mentioned in this section are available 
in an open-source Python package GP+, which we utilize for implemen
tation.

Appendix C. Correlation among tensile coupons and auxiliary 
features

Fig. C.3 illustrates the correlation between tensile properties (�	 and 

� ) of tensile coupons and auxiliary features (porosity and hardness of 
cuboids). From Fig. C.3(a) and Fig. C.3(b), which show the relationships 
between �	 and hardness and porosity, respectively, it is evident that 
harder samples exhibit higher �	 , with their porosity values clustered 
around zero. This observation aligns with the expectation that higher 
hardness typically indicates a denser microstructure with fewer defects. 
Such a microstructure enhances the material’s load-bearing capacity and 
plastic deformation, thereby contributing to higher �	 . Conversely, as 
porosity increases—reaching up to the most porous sample with 15%
porosity—both hardness and �	 decline significantly, with �	 dropping 
below 200 MPa. This behavior can be attributed to the voids which re
duce load-carrying capacity of the tensile coupons as they reduce the 
cross-sectional area and serve as stress concentrators.

Fig. C.3(c) and (d) indicate, respectively, the relation between ten
sile coupons’ ductility and cuboids’ hardness and porosity. These plots 
exhibit higher randomness than those in Fig. C.3(a) and (b) which is 
due to the fact that ductility has a more stochastic nature and is more 
sensitive to the process parameters compared to yield strength. We ob
serve in Fig. C.3(c) that ductility seems to increase as hardness increases 
but then decreases. This trend can be attributed to the fact that highly 
porous samples lack sufficient load-bearing capacity while highly dense 
samples behave more like brittle materials. In Fig. C.3(d) we observe 

Fig. C.3. Correlations between auxiliary features and tensile properties. 
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that as porosity increases, ductility sharply decreases which is an ex
pected trend.

We highlight that the above relations are quite nonlinear (compare 
the marker colors across the four plots). This is especially the case when 
considering the effect of process parameters on either the tensile proper
ties or hardness/porosity. Hence, we rely on machine learning to learn 
these nonlinear relations and, in turn, leverage them in building predic
tive process-property models.

Appendix D. Sensitivity analysis

Evaluating the sensitivity of the output to the input features is es
sential as it can aid in feature selection. Sobol sensitivity analysis is a 
global variance-based method used for quantifying each input’s main 
and total contribution to the output variance [83]. While main-order 
Sobol indices (SIs) reveal the individual contributions of input variables, 
total-order indices capture both the individual and interaction effects of 
inputs on the output.

To gain deeper insights into these indices, we examine a 4-dimension
al case where �(�) = "2

1
+"2

2
+"1"2 +"

2
3
+10−3 ×"2

4
, with each variable 

constrained to −1 < "� < 1. The results in Table D.1 showcase the com
puted total and main SIs for this scenario. Notably, according to the 
table, "4 exhibits the lowest total and main SIs, indicating its minimal 
impact on the output. This limited effect can be attributed to its very 
small coefficient (10−3), which significantly mitigates "4 ’s effect on the 
output variance.

The main SIs for "1, "2, and "3 are close, rflecting that these vari
ables have similar individual contributions to the output variance. This 
is consistent with their roles in the function, where "2

1
, "2

2
, and "2

3
are equally weighted terms affecting the output directly. However, de
spite their comparable individual effects, "1 and "2 exhibit significantly 
larger total effects (0.5266 and 0.5333, respectively) compared to "3. 
This discrepancy is due to the interaction term "1 × "2 in the function, 
which increases the total contribution of both "1 and "2 beyond their 
individual effects.

Table D.1
Sensitivity analysis: Sensitivity analysis of 
�(�) = "2

1
+ "2

2
+ "1"2 + "2

3
+ 10−3 × "2

4
with −1 <

"� < 1 using Sobol indices.

Metric Features 

"1 "2 "3 "4

Main SI 0.2315 0.2384 0.2355 0.0001

Total SI 0.5266 0.5333 0.2358 0.0006

In this paper, we employ Sobol analysis provided by GP+. Tradition
ally, Sobol sensitivity analysis is applied to quantitative features, but 
in our case, we also need to calculate it for categorical features due to 
the mixed nature of our process parameters. GP+ extends this analysis 
to include categorical features by sampling random quantitative values 
and associating them with the distinct levels of categorical variables. 
This method allows for a comprehensive evaluation of output sensitiv
ity to both quantitative and categorical inputs, thereby enhancing the 
capability for more thorough feature selection.

Appendix E. Pareto front solutions with heuristic algorithms

Non-dominated Sorting Genetic Algorithm II (NSGA-II) is an evolu
tionary algorithm widely used for solving multi-objective optimization 
problems across various fields, including engineering, economics, and 
machine learning. As discussed in Section 3.3, heuristic optimization 
approaches perform poorly in the context of our case study. To pro
vide further clarfication, Fig. E.4 illustrates the Pareto front generated 
by the NSGA-II algorithm for property optimization under two different 
cofigurations.

Fig. E.4(a) represents the results obtained with a population size 
of 300 and 200 generations, whereas Fig. E.4(b) showcases a larger
scale optimization using a population size of 600 and 300 generations. 
The red rectangles highlight regions with potential optimal properties, 
specifically where both ductility and yield strength are sufficiently high. 
Upon closer examination, the corresponding volumetric energy densi
ties (VEDs) of the potential optimal samples identfied in Fig. E.4(a) 
hover around 60 6∕��3. Such VED values are known to result in highly 
porous samples in practice, which significantly compromises the qual
ity of the material. By increasing the population and generation sizes in 
Fig. E.4(b), the optimization yields conditions with VEDs exceeding 110
6∕��3. However, the predicted uncertainties for these suggested con
ditions are high (for example, ∼ 15 for ductility), casting doubt on the 
reliability of these results. This highlights a critical limitation of heuris
tic optimization algorithms like NSGA-II: their performance is highly 
sensitive to parameter tuning and the underlying data characteristics.

Additionally, while GPs are robust in estimating uncertainties, our 
framework introduces significant complexity due to its reliance on small 
datasets, high stochasticity, and hierarchical emulation. The hierarchi
cal emulation process contributes additional uncertainty at each step of 
the learning process, as the transferred properties from prior steps are 
the results of predictions. This accumulation of uncertainty further com
plicates the optimization process. As a result, these challenges make it 
difficult for conventional optimization methods to perform effectively 
in this context.

Fig. E.4. The Pareto front obtained by applying the NSGA-II algorithm: (a) NSGA-II with a population size of 300 and 200 generations, and (b) NSGA-II with an 
increased population size of 600 and 300 generations.
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Appendix F. Supplementary material

Supplementary material related to this article can be found online at 
https://doi.org/10.1016/j.matdes.2025.113705. 

Data availability

Data will be made available on request.
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