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Abstract
Industrial production of high-quality components by laser powder-bed fusion (PBF-L) additive manufacturing requires 
careful assessment of the combined role of part design, material properties, and process parameters in determining the 
final component’s mechanical properties. Various uncertainties arising throughout the PBF-L process affect the quality of 
the printed components. Therefore, understanding the impact of different uncertainties on part quality is crucial. In this 
work, we present a multiscale framework for the quantification and propagation of uncertainty across the PBF-L process. 
Here uncertainty in material property is considered, where thermal conductivity, specific heat, and density are considered 
random, and the effect of material uncertainty is studied at the scale of the powder and the scale of the part. The variation 
in material properties in part is modeled as Gaussian random fields, and the spatial variation of mechanical properties of 
the printed part is quantified. Also, we quantitatively show how uncertainty propagates from the scale of the part to the 
scale of the powder, and then back to the scale of the part. We demonstrate the framework with the case of two coupon 
bars, one printed vertically and the other horizontally on the build plate. We show that, because of the larger impact of 
heat loss through the baseplate, uncertainty is reduced in horizontal bars as compared to vertical bars, where overheating 
is possible. According to our research, printing parts having the most contact possible with the baseplate can effectively 
lower part characteristic uncertainties and improve part quality in real-world additive manufacturing applications.

Keywords  Laser powder bed fusion · Material uncertainty · Process-structure-property correlations · Uncertainty 
quantification · Uncertainty propagation · Gaussian process regression
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1  Introduction

Laser powder bed fusion (PBF-L) is a popular metal addi-
tive manufacturing (AM) process in which a thin layer of 
powder material is spread on the build plate, and a laser 
selectively melts the powder particles based on the part 
geometry. As the build platform is lowered and the subse-
quent layer of powder is applied after exposure of the previ-
ous layer is completed, the process is repeated to print a part 
layer by layer. PBF-L is a complex multi-physics process 
that involves interaction between laser and powder par-
ticles, rapid melting of powder particles and formation of 
melt pool, and grain growth during solidification [1].

A key challenge in the PBF-L process is the variability in 
the quality of the manufactured product. Various sources of 
uncertainties are involved in different stages of the PBF-L 
process that affect the quality of the printed component. The 
process of investigating the effect of uncertainties on the 
quantities of interests (QoIs) is known as uncertainty quan-
tification (UQ). A good understanding of different sources 
of uncertainty and their effect on the QoIs is needed for 
process planning and quality control of the PBF-L process 
[2, 3]. UQ can be performed experimentally by printing a 
component and measuring the quantity of interest. Statisti-
cal parameters, including mean and standard deviation of 
the QoI, can be estimated from the experiment data. Since 
the PBF-L process involves a myriad of different powder 
characteristics, alloys compositions, machine settings, and 
part designs, establishing an UQ approach based on experi-
ments is expensive and time-consuming. On the other hand, 
a computational approach with model-based UQ offers a 
faster and lower cost route towards extensively assessing 
UQ in AM builds.

Uncertainty sources in the PBF-L process can be clas-
sified into aleatory and epistemic. The parameters that are 
random in nature are considered as aleatoric uncertainty. 
For example, material property, powder particle size, laser 
power, scan speed, boundary conditions, etc. show variation 
and are inherent in the AM process. The aleatory uncertainty 
is also referred to as irreducible uncertainty. Epistemic 
uncertainty is caused by a lack of knowledge, which could 
be reducible by collecting more information. Epistemic 
uncertainty can be divided into data uncertainty and model 
uncertainty. Data uncertainty may arise from insufficient 
measurement data that may lead to uncertainty in the distri-
bution type and statistical parameters of a design variable. 
The difference between a model’s prediction and experi-
mental value is referred to as model uncertainty. Model 
uncertainty comes from the modeling assumptions, numeri-
cal approximations, and unknown model parameters [4, 5].

The current state of the art in uncertainty quantification 
in the PBF-L process is summarized in Table 1. Researchers 
have considered process and material parameters as different 
sources of uncertainty, and melt pool size, porosity, stress-
strain curve, and residual stress as the quantities of inter-
est. Significant work has been carried out in both forward 
and inverse UQ investigations. Forward UQ represents the 

Table 1  Research on uncertainty quantification in the PBF-L process
Sources of uncertainty Quantity of 

interest
Year & 
reference

Laser power, scan speed, absorption 
coefficient, latent heat, melting tem-
perature, and thermal diffusivity

Melt pool width 2016 [6]

Laser power, scan speed, and laser 
beam diameter

Melt pool width 2018 [7]

Laser power, scan speed, layer 
thickness, laser beam radius, density, 
specific heat, thermal conductivity, 
absorption coefficient, latent heat of 
fusion, and emissivity

Melt pool width 2018 [8]

Thermal conductivity, specific heat, 
density, absorption coefficient, grain 
boundary energy, and thermal activa-
tion energy of grain growth

Stress–strain 
curve

2019 [9]

Powder absorptivity and extinction 
coefficient, thermal conductiv-
ity of powder, Young’s modulus, 
yield strength, and strain hardening 
coefficient

Residual thermal 
stress

2019 
[10]

Thermal gradient, solidification 
velocity, liquid diffusivity, Gibbs–
Thomson coefficient, and segregation 
coefficient

Microstructural 
microsegregation

2019 
[11]

Preheating and ambient tempera-
tures, absorption coefficient, beam 
diameter, heat convection coefficient 
at the surface

Porosity 2020 
[12]

Density, specific heat, thermal con-
ductivity, latent heat of melting, laser 
power, laser absorption coefficient 
and penetration depth, and powder 
packing density

Melt pool size, 
solidification time

2021 
[13]

Laser power, scan speed, spot size, 
layer thickness, absorption coeffi-
cient, powder packing ratio, density, 
specific heat, thermal conductivity, 
solidus temperature, latent heat of 
fusion, and Marangoni coefficient

Melt pool width 2022 
[14]

Density, thermal conductivity, spe-
cific heat, absorptivity, and melting 
temperature

Lack-of-fusion 
porosity

2022 
[15]

Thermal conductivity, specific heat, 
absorption coefficient

Melt pool size 2023 
[16]

Laser absorptivity and powder bed 
porosity

Melt pool size 2024 
[17]

Powder convection coefficient and 
activation temperature

Residual strain 2024 
[18]
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study of the propagation of various sources of uncertainty in 
the PBF-L process and the quantification of uncertainty of 
the QoI. Conversely, in the inverse UQ, the uncertainty in 
the input parameter, which is difficult to measure and quan-
tify through experiment, and the model discrepancy is esti-
mated by comparing the model prediction with real-world 
experimental results.

In the forward UQ analysis, a set of uncertain input 
parameters is identified and a probability distribution is 
assumed. The QoIs are estimated by running a computa-
tional model of the PBF-L process. To accurately estimate 
the statistical parameters of the QoIs, a significant number 
of simulations must be run using the computational model, 
which is computationally expensive. This high computa-
tional burden can be overcome by developing a surrogate 
model of the computational model. Such surrogate is then 
employed in Monte Carlo simulations to estimate the varia-
tion in the QoIs due to uncertainties in the input parameters 
[19, 20]. The UQ studies reported in the literature (Table 1) 
focus mainly on studying the variation in the size of the melt 
pool due to different sources of uncertainties. To simulate 
the PBF-L process and predict the melt pool size, research-
ers have employed a variety of thermal models, includ-
ing Rosenthal’s semi-analytical thermal model [6, 8, 14], 
Eagar–Tsai [7, 17], finite element [9, 11, 12], finite volume 
[13, 14], discrete element [10, 15], etc. However, these mod-
els considered the powder layer to be a continuous media. 
Response surface [8, 13, 14], generalized polynomial chaos 
expansion [7], Gaussian process regression [9–12], etc., 
were used to develop the surrogate models for the UQ. Nath 
et al. [15] proposed a multi-fidelity Gaussian process regres-
sion model to predict the melt pool size and lack-of-fusion 
porosity by training the model using data from a low-fidelity 
computational model (Rosenthal’s model) and a discrete 
element-based high-fidelity computational model.

Modeling uncertainty in estimating the melt pool’s 
width was examined by [8]. Numerical, input parameter, 
and measured uncertainties were used to depict the model-
ing uncertainty. The study employed melt pool models that 
were semi-analytical and FEM-based. It was found that the 
uncertainty predicted by the semi-analytical-based model 
was larger compared to that of the FEM-based model, since 
the FEM model was able to consider additional physical 
phenomena and resulted in higher prediction accuracy. The 
contribution of input parameter uncertainty to the model-
ing uncertainty was substantially higher than the numerical 
and measurement uncertainties, and the contribution of the 
numerical uncertainty was negligible. This article illustrates 
in detail why a high-fidelity model is necessary to reduce 
the modeling uncertainty caused by the assumptions and 
simplifications of computational models.

In order to perform the forward UQ, the probability dis-
tribution of uncertain input parameters is either assumed or 
calculated from the measurement data. An inverse UQ can 
be carried out when measuring the uncertainty in particular 
input parameters is challenging. At this stage, the surrogate 
model is modified by applying the Bayesian calibration 
technique, which compares the surrogate model’s predic-
tion with the QoI’s experimental data. By reducing the dis-
crepancy between the surrogate model’s prediction and the 
experimental data, the Bayesian method forecasts the prob-
ability distribution of unknown parameters. Chiappetta et al. 
[18] performed the inverse UQ on the National Institute of 
Standards and Technology (NIST)-provided displacement 
experiment data in order to estimate the probability distribu-
tion of the powder convection coefficient and the activation 
temperature. The forward UQ was subsequently performed 
using the distribution of both of these parameters in order to 
forecast the residual strain’s uncertainty.

To use PBF-L printed parts for mission-critical applica-
tions, it is crucial to be able to assess their reliability by 
quantifying variations in local mechanical properties caused 
by uncertainties in the printing process. These uncertainties 
can arise at multiple stages throughout the process. During 
the design and optimization of a mission-critical compo-
nent, accurate prediction of spatial variation in mechanical 
properties is essential, as the local mechanical property at a 
specific point depends on the thermal history at that location. 
For instance, the thermal history is influenced by part geom-
etry and uncertainty in material properties, which leads to 
spatial variations in local mechanical properties across the 
part. Therefore, it is important to study the propagation of 
uncertainty in the PBF-L process to predict the reliability of 
the printed part.

The body of knowledge listed in Table 1 illustrates a 
comprehensive understanding of uncertainty quantifica-
tion of the melt pool size. The quantification of mechanical 
property uncertainty hasn’t received as much attention in 
the literature. Wang et al. [9] developed a UQ framework to 
study the uncertainty propagation from process parameters 
to microstructure, then to mechanical properties of selective 
electron beam melting (SEBM) AM process. In this work, 
the sources of uncertainty were parameters that control grain 
growth (listed in Table 1) while the quantity of interest was 
the stress-strain curve along the build direction. A finite-
element-based heat transfer model was used to simulate a 
single-track SEBM process and predicted the steady-state 
temperature field. The temperature field was then provided 
as the input for a phase-field model to simulate the grain 
growth. The microstructure from the phase-field model 
was used for homogenization to predict the stress-strain 
curve along the build direction. A fast Fourier transform 
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parameters, namely thermal conductivity, specific heat, and 
density were considered as the sources of uncertainty in the 
PBF-L process, chosen for their key role in governing heat 
transfer, and thus microstructure evolution and mechanical 
properties. While many other sources of uncertainty exist in 
L-PBF, such as the role of defects [21, 22], in this work, we 
chose to study the role of material properties, such as ther-
mal properties, which are not significantly influenced by the 
manufacturing process. These three parameters were mod-
eled as Gaussian random variables and uncertainty in yield 
strength was quantified. The paper is organized as follows. 
The multiscale integrated physics-based model used to gen-
erate the data is described in Section 2, including the model 
deployed at the scale of the powder (Section 2.1) and at the 
scale of the part (Section 2.2). The presentation of our uncer-
tainty quantification and propagation is then discussed in 
Section 3, specifically, in terms of quantification at the scale 
of the part (Section 3.1) and of the powder (Section 3.2). 
Propagation of uncertainty from material to yield strength is 
discussed in Section 3.3, followed by conclusions.

2  Multiscale modeling of the laser powder-
bed fusion process

To perform uncertainty quantification in additive manufac-
turing processes and assess the reliability of printed parts, 
experimental investigations are often costly. Numerical 
simulations provide a cost-effective alternative for investi-
gating variations in process parameters and material proper-
ties. A wide range of numerical methods has been developed 
in the literature to model additive manufacturing processes 
[23–25]. A multiscale integrated model-based digital twin of 
the PBF-L process was used to simulate the printing process 
[26] and provide the data for our UQ framework. The archi-
tecture of the digital twin consists of multiple solvers, each 
one tailored at a specific length scale, integrated together 
whereby the outputs of one model represent the inputs of the 
next logical model, in the end-to-end workflow that leads 
from the global inputs to outputs. The overall workflow for 
data generation is depicted in Fig. 1. Each simulation begins 
with choosing a part geometry (STL file), and defining the 

(FFT)-based crystal elasto-viscoplasticity model was used 
for homogenization. Various surrogate models based on sin-
gular value decomposition (SVD)-Kriging were developed 
at different levels to perform the uncertainty propagation 
from process to property.

The grain growth and mechanical property at a point are 
influenced by the temperature field around that point and 
the temperature field depends on the part geometry. A part 
is printed on a base plate and the heat generated during the 
printing dissipates to the base plate, surrounding powder, 
and shielding gas. The temperature field inside the part 
depends on how fast the heat dissipates, which in turn is 
primarily affected by the part geometry since the majority of 
the heat dissipation occurs by conduction to the base plate. 
In the UQ study by [9], a single-track thermal simulation 
was performed to estimate the temperature field, while the 
influence of part geometry on the temperature field was not 
considered. The computational models used in the UQ stud-
ies listed in Table 1 treated the powder layer as a continu-
ous medium. To accurately study the mechanical properties 
of PBF-L printed parts, a high-fidelity multiphysics model 
capturing powder-scale details, melt pool fluid dynamics, 
solidification, and grain growth is essential. We use the 
PBF-L process to print parts with different geometry and for 
every part geometry, the temperature field during printing 
is different which results in spatial variation in mechanical 
property. That means the distribution of mechanical prop-
erty depends on part geometry and the inherent uncertainty 
in the PBF-L process. The effect of part geometry and 
uncertainty on mechanical properties is not addressed in the 
literature.

In this work, we quantitatively address the combined role 
of material uncertainty as well as part geometry in affect-
ing yield strength, determining its spatial variations across 
the component, thus providing a direct route to digitally 
assess printing quality. Our approach is to establish a UQ 
framework on the basis of an integrated multiscale repre-
sentation of the 3D printed component (model-based digi-
tal twin), which we discuss in Section 2. A cylindrical bar 
was considered as the part geometry and the AM process 
assessment was performed for part alignment along the 
horizontal and vertical (build) directions. Three material 

Fig. 1  Workflow of the laser pow-
der bed fusion process simulation
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2.1  Powder-scale simulation

The simulations at powder scale adopt multiphysics 
approach, where thermal solver, grain growth, solidification, 
and melt pool fluid dynamic solvers are executed concur-
rently. The solidification and grain grow solver implements 
multi phase field approach proposed by [31–33]. The aniso-
tropic grain growth is modeled by introducing orientation 
dependent solid-liquid interfacial energy [34, 35]. The melt 
pool flow solver is implemented within incompressible for-
mulation of Lattice Boltzmann Method (LBM). The thermal 
solver captures the effect of the laser heat source adopting 
Gaussian shape with 4σ equal to a typical laser beam width 
of 100 µm. The periodic boundary conditions are set in direc-
tions parallel to the substrate, in the perpendicular direction 
at the bottom face of the Representative Volume Element 
(RVE), the temperature field is set to a constant value TB , 
which is considered as an input parameter. The simulation is 
executed in layer by layer fashion. The first layer starts with 
a flat base plate with predefined grain structure generated 
by Voronoi tesselation of random points seeded inside the 
plate. At the top of the plate a layer of powder with defined 
depth and diameter distribution specified by values of d10, 
d50 and d90 parameters is distributed using simple “rain 
drop method”. Subsequently, the layer undergoes melting 
under laser heat source in line by line fashion, where the 
hatch spacing is considered an input parameter. At the end 
of each line the system is allowed to cool down and solidify 
completely. The temperature is reset to TB  at the beginning 
of each line. The subsequent layers repeat this procedure, 
however the powder is distributed on top of the solidified 
previous layer. After completing each layer the substrate 
grows by certain amount (volume of deposited powder). In 
order to avoid the artifacts related to monotonic increment 
of substrate thickness this exact amount is cut from the bot-
tom of RVE. After completion of desired number of layers 
the whole RVE is resembled. The described procedure is 
depicted in Fig. 2. The details of our simulation model are 
described in Ref. [28].

The powder-scale simulation was performed on a domain 
of 500 µm × 500 µm with a grid spacing of 5 µm, as shown 
in Fig. 2a, for ten powder layers, representing a cubic Rep-
resentative Volume Element (RVE) of printed material. 
The process parameters used in the simulation are listed in 
Table 2. The boundary temperature TB  applied as the ther-
mal boundary condition at the lower face of the RVE is the 
central quantity connecting the powder scale RVE to the 
part scale. The details of estimating the value of TB  are dis-
cussed in Section 2.2. Figure 2b and c illustrate the domain 
and microstructure after printing ten layers, respectively.

Considering the simulation model, the grain nucleation 
and growth process are determined by two factors: the cooling 

process parameters as well as material properties, as detailed 
in Tables 2 and 3, respectively. The first step is a finite ele-
ment thermal simulation at the scale of the part to deter-
mine the thermal history for the whole component. From 
this thermal history, the temperature of each mesh layer 
at the end of the printing and recoating step is calculated. 
This temperature is then applied, in a multi-scale fashion, 
as the boundary condition to a high-fidelity simulation at 
the scale of the powder which resolves the details of powder 
particles, melt pool flow, solidification, and grain nucleation 
and growth [27, 28]. The three-dimensional digital micro-
structure is then connected as input to a self-consistent mean 
field homogenization scheme [29] which computes the yield 
strength of the material.

Table 2  Process parameters used for simulation
Parameter Value
Laser power 285 W
Scan speed 960 mm/s
Layer thickness 40 µm

Hatch spacing 110 µm

Stripe width 10 mm
Recoater time 18 s
Hatch rotation
 Initial orientation 0 degrees
 Incremental angle 67 degrees
Scan pass per layer 1
Powder size distribution
 d10 21.37 µm

 d50 31.24 µm

 d90 49.52 µm

Table 3  Material properties of the IN718 used for simulation [30]
Parameter Value
Melting temperature 1553 K
Boiling temperature 3174 K
Density of solid 8440 kg/m3

Density of liquid 8440 kg/m3

Specific heat of solid 440 J/kgK
Specific heat of liquid 440 J/kgK
Specific heat of vapour 440 J/kgK
Latent heat of fusion 0.2819 × 106 J/kg
Latent heat of vaporization 5.49 × 106 J/kg
Thermal conductivity of solid 26 W/mK
Thermal conductivity of liquid 26 W/mK
Viscosity of liquid 7.5 × 10−3 Pa.s
Surface tension 1.7 N/m
Marangoni force coefficient −2.8147 × 10−4 N/mK
Recoil pressure 5.371 × 104 Pa
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in higher cooling rates and therefore a higher driving force 
for grain nucleation, but more importantly higher chance 
for under-cooling. This results in statistically smaller grain 
size comparing to the effects of applying higher boundary 
temperature.

To quantitatively analyze the effect of boundary tem-
perature on the cooling rate, a series of powder-scale simu-
lations were conducted for boundary temperature values 
ranging from 300 K to 1200 K. In this case, a single-track 
simulation was performed on a domain of 2000 µm × 500 
µm for one layer. The thermal history at the center of the 
layer was extracted and is presented in Fig. 3a for different 
values of boundary temperatures. As depicted in Fig. 3, the 
boundary temperature directly affects the thermal history at 
a specific point and the resulting cooling rate. The cooling 
rate was estimated from the thermal history data between 
the liquidus and solidus temperatures. The average cool-
ing rates corresponding to different boundary temperatures 
are illustrated in Fig. 3b. The results indicate that a lower 
boundary temperature leads to a higher cooling rate, while 
an increase in boundary temperature results in a reduction 
of the cooling rate.

From the microstructure shown in Fig. 2c, a subdomain 
of size 460 µm × 460 µm × 400 µm was extracted to 

rate and the velocity of the solidification front. Those two 
are not completely independent; during solidification, latent 
heat is released, which flattens the temperature distribution 
across the interface, lowering the driving force for solidi-
fication. In this scenario, the solidification front is slower 
than cooling rate a conditions for melt pool under-cooling 
may arise creating a convenient conditions for nucleation. 
For performance reasons, in our grain growth model we use 
a simplified nucleation model [36, 37] where the nucleation 
flux is controlled by the under-cooling temperature ∆TN  
and its standard deviation ∆Tσ (see [28] for implementation 
details). The cooling rate is mainly governed by the bound-
ary temperature [38], whereas the solidification front veloc-
ity is controlled by the interfacial mobility. In the scope of 
this work the interfacial mobilities and nucleation model 
parameters are kept fixed (see Table 3), while the effect of 
the boundary temperature is discussed. In particular, the 
mobilities of the solid-solid (grain), solid-vapor, and liquid-
vapor interface were temperature-independent, while a sim-
ple linear relationship was implemented for the dependence 
of the solid-liquid interface mobility on temperature [39]. 
The set of parameters allow in some extent to control and 
design grain microstructure. In fact, at given process param-
eters (energy density), a low boundary temperature results 
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Fig. 2  Different stages of the 
powder-scale simulation (a and b) 
and (c) the grain distribution
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have an area of less than 100 µm2 at the 300 K boundary 
temperature. This indicates that finer grains predominate in 
the microstructure. The grain volume data was extracted 
from the subdomain, and the average grain volume for dif-
ferent values of boundary temperature is shown in Fig. 5b. 
Average grain volume increases with an increase in bound-
ary temperature.

Polycrystal homogenization based on a mean field 
self-consistent scheme [40] was performed on the subdo-
main shown in Fig. 4. Figure 6a displays the stress-strain 
curves for different boundary temperatures along the x and 
z directions. The yield strength estimated from the stress-
strain curve is shown in Fig. 6b. It can be seen that there is 
a reduction in yield strength with an increase in boundary 
temperature. Because a higher boundary temperature leads 

remove grain growth boundary effects from the RVE. Fig-
ure 4 represents the microstructure of the subdomain from 
the powder-scale simulations performed for different values 
of boundary temperatures. Grain morphology is influenced 
by the cooling rate; finer grains are produced at a higher 
cooling rate [38]. Since the cooling rate is higher at a lower 
value of boundary temperature, such conditions resulted in 
finer grains for the boundary temperature value of 300 K, as 
shown in Fig. 4a. In the case of 1200 K boundary tempera-
ture, coarser grains can be observed in Fig. 4d due to the 
lower value of cooling rate. The grain data was extracted 
from the subdomain and shown in Fig. 5. The grain area 
across the x − z plane was extracted and the histogram of 
grain area for boundary temperatures of 300 K and 1200 K is 
displayed in Fig. 5a. It is evident that over half of the grains 

Fig. 5  Effect of boundary tempera-
ture on grain size (a) histogram of 
grain area in the x − z plane (b) 
relationship between the boundary 
temperature and the average grain 
volume

 

Fig. 4  A subdomain of size 460 
µm× 460 µm× 400 µm extracted 
from Fig. 2c for different values 
of boundary temperatures: (a) 
300 K (b) 600 K (c) 900 K (d) 
1200 K. The grain size increased 
with an increase in the boundary 
temperature
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2.2  Part-scale thermal simulation

The part-scale thermal simulation was based in finite ele-
ments. The methodology adopted in this work follows pla-
nar heating simulations, such as [42] where multiple real 
powder layers are lumped together into one finite element 
layer. For computational efficiency, no moving heat source 
was considered, while an average heat rate was applied to 
the whole finite element layer. The heat equation was solved 
using a fully implicit scheme, remaining stable for large 
time steps. Temperature contours were predicted at every 
finite element layer and the thermal history was extracted 
for every node of the finite element mesh.

A cylindrical bar with 7 mm diameter and 40 mm height 
was considered in this study. The part-scale thermal simula-
tions of the bar were performed in horizontal and vertical 
build directions, as shown in Fig. 7. A base plate of size 

to a slower cooling rate, resulting in coarser grains [38]. It 
can also be seen that an anisotropy exists at lower bound-
ary temperatures because the majority of grains are oriented 
along the build direction ([001]) which can be visible in 
Fig. 4a. The phenomenon of anisotropy is less significant 
at higher boundary temperature because the grains are ori-
ented in all directions, as shown in Fig. 4d. The simulation 
data shown in Fig. 6b were used to train two Gaussian pro-
cess regression (GPR) models [41] in the x and z directions, 
with the input being boundary temperature and the output 
being yield strength. As the boundary temperature has the 
role of far-field temperature relative to the top region of the 
powder-scale model, which is at or near the melting tem-
perature (1553 K), our GPR model was trained to up to 
1200 K. The yield strength predicted by the GPR models for 
the boundary temperature ranging from 300 K to 1200 K is 
shown by the solid line in Fig. 6b.

Fig. 7  Geometric representation of the bars printed (a) horizontally and (b) vertically

 

Fig. 6  (a) Stress–strain curves 
generated from polycrystal homog-
enization in x− and z− directions 
for different boundary temperatures 
(TB). (b) The effect of boundary 
temperature on yield strength. The 
yield strength was estimated from 
the stress-strain curves in x− and 
z− directions. The Gaussian pro-
cess regression (GPR) method was 
used to fit the simulation data

 

1 3



The International Journal of Advanced Manufacturing Technology

element layer. The steady-state temperature of the nth ele-
ment layer after printing was defined as the boundary tem-
perature and marked in a circle in Fig. 8. The value of the 
boundary temperature from the part-scale thermal simula-
tion was applied as the thermal boundary condition in the 
powder-scale model to estimate mechanical properties. The 
details of the powder-scale simulation are given in Section 
2.1. The dashed line in Fig. 8 represents the heat conducted 
while printing the adjacent layers, which was not used to 
estimate the boundary temperature.

Part-scale thermal simulations were carried out for the 
bars oriented horizontally and vertically and the boundary 
temperature value for every element was estimated. The 
boundary temperature distribution of horizontal and vertical 
bars are shown in Fig. 9a and b, respectively. The heat gen-
erated during the printing of the horizontal bar easily con-
ducts to the base plate due to the large contact area between 
the part and the base plate. So, the boundary temperature 
for the horizontal bar is lower. However, the contact area 
between the vertical bar and the base plate is low and the 
heat accumulated during the printing does not conduct eas-
ily to the build plate. Such conditions resulted in a higher 
value of boundary temperature for the vertical bar as com-
pared to the horizontal bar.

From the boundary temperature distribution displayed in 
Fig. 9, the yield strength distribution for each bar was pre-
dicted using the machine learning model referenced in Fig. 
6b, and is displayed in Fig. 10. Here, yield strength along 
the x direction is plotted for the horizontal bar (in Fig. 10a) 
and yield strength along the z direction for the vertical bar 
(in Fig. 10b) based on the loading directions while conduct-
ing the tensile tests. It can be seen from Fig. 10 that the 
horizontally built bar has a higher value of yield strength 
and it is homogeneous through the part. On the other hand, 
the vertically built bar shows a slightly lower value of yield 

74.3 mm × 90.6 mm × 9.58 mm was used for the simula-
tion. Inclusion of the baseplate was crucial to obtain accurate 
thermal fields at part scale, allowing for heat to be dissipated 
away from the part through conduction into the baseplate. 
The mesh was generated with a voxel size of 0.5 mm with 
8-node brick elements. A thermal boundary condition of 300 
K was applied at the bottom of the base plate and an initial 
temperature of 300 K for each mesh layer was also applied. 
Ambient temperature was kept at 300 K and a natural con-
vective heat transfer from the top surface was considered 
with the coefficient h = 20 W/(m2K).

The finite element solution provided the thermal history 
of the nodes and the thermal history at the center of the ele-
ment was estimated by taking the average of nodal thermal 
histories. The thermal history at the center of an element 
for the nth element layer is shown in Fig. 8. The solid line 
represents the thermal history during the printing of the nth 

Fig. 9  Boundary temperature dis-
tribution in the (a) horizontal and 
(b) vertical bars from part-scale 
thermal simulation
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approach requires less number of random samples to rep-
resent the distribution. Part- and powder-scale simulations 
were carried out for the LHS random samples for uncer-
tainty quantification. This section discusses the impact of 
material uncertainty at the scales of the powder and of the 
part.

3.1  Uncertainty quantification at part-scale

The impact of material uncertainty on the boundary tem-
perature is discussed in this section. Thermal conductiv-
ity, specific heat, and density were considered as random 
variables. LHS random samples of size 30 × 3 were gener-
ated and the part-scale thermal simulations were performed 
for horizontal and vertical bars. The boundary temperature 
along the center of the vertical bar is shown in Fig. 11 for the 
30 random samples. It can be seen that material uncertainty 
results in variability in the boundary temperature.

As a representative location inside for each component, 
the boundary temperature of the element at the center of 
the horizontal and vertical bars was extracted and used to 
train two GPR models for horizontal and vertical cases. In 
these GPR models, thermal conductivity, specific heat, and 
density were the input while the boundary temperature was 
the output. MCS was performed using the GPR models and 
the distribution of the boundary temperature is shown in 
Fig. 12. The mean and standard deviation of boundary tem-
perature for the horizontal bar in Fig. 12a are 323.92 K and 
2.50 K, respectively, and for the vertical bar in Fig. 12b are 
415.42 K and 10.65 K, respectively. The percentage of the 
coefficient of variation (standard deviation/mean) for hori-
zontal and vertical bars are 0.77% and 2.56%, respectively, 
and it is clear that the effect of material uncertainty is sig-
nificantly higher in the vertically-built bar.

strength and reduces with an increase in the build height. It 
can be concluded that when a part is printed vertically, the 
part temperature increases and that affects the microstruc-
ture, ultimately resulting in a lower and inhomogeneous 
distribution of yield strength. Hence, parts should be printed 
in as close contact as possible with the baseplate to ensure 
higher strength and a homogeneous distribution of mechani-
cal properties.

3  Uncertainty quantification and 
propagation

Material uncertainty was considered for uncertainty quanti-
fication and propagation in the PBF-L process. Among the 
material parameters listed in Table 3, thermal conductivity, 
specific heat, and density were considered random variables. 
A ±15% variation in each random variable was assumed and 
it follows a Gaussian distribution. To quantify the uncer-
tainty in the quantity of interest, simulations using a high-
fidelity model must be carried out for the random samples 
of the input parameters. This approach is popularly known 
as Monte Carlo simulation (MCS). However, running MCS 
using the high-fidelity model is computationally expensive. 
To overcome this issue, a machine-learning model was 
developed using the Gaussian Process Regression (GPR) 
method at different scales. A stratified sampling technique, 
Latin hypercube sampling (LHS), was used to generate the 
random samples of input variables. In the case of a simple 
random sampling technique, a large amount of random sam-
ples are required to represent the entire population. How-
ever, in the LHS approach, the probability distribution is 
divided into equally-probable non-overlapping intervals, 
and a sample is randomly selected from each interval. This 

Fig. 10  Yield strength distribu-
tion in the (a) horizontal and (b) 
vertical bars. Using the GPR 
model (Fig. 6b) and the boundary 
temperature distribution from the 
part-scale thermal simulation (Fig. 
9), the yield strength was computed

 

1 3



The International Journal of Advanced Manufacturing Technology

conductivity, specific heat, and density. MCS was performed 
using the random sample for different values of boundary 
temperature ranging from 300 K to 1200 K, and mean and 
standard deviation of the yield strength was estimated for 
various values of boundary temperature. The solid line in 
Fig. 13a and b indicates the predicted mean value and the 
dashed-dotted line depicts the confidence interval. Figure 
6b represents the deterministic case without considering the 
material uncertainty. Due to material uncertainty, variation 
in the value of yield strength can be observed for a spe-
cific value of boundary temperature and it is represented as 
the confidence interval in Fig. 13. A significant variation in 
yield strength can be seen at higher boundary temperature.

3.3  Uncertainty propagation

The objective of uncertainty propagation analysis is to 
understand how different sources of uncertainty influence 
the outcome of a process and impact the target variable–in 
this case, the yield strength distribution of a part fabricated 
using the PBF-L process. In this study, variations in thermal 
conductivity, specific heat, and density were identified as 
primary sources of uncertainty, as their precise experimen-
tal measure is influenced by numerous factor that alter their 
value, including the exact alloy composition, instrumenta-
tion, and methodology of measure [30, 43]. The thermal his-
tory at any given point is determined by process parameters, 
material properties, and part geometry, which plays a crucial 
role in grain growth and thus in determining the mechani-
cal properties of the part. In this work, process parameters 
were held constant while uncertainties in material proper-
ties were the focal point. These uncertainties propagate 
through the various stages of the PBF-L process, leading to 
yield strength variability for specific part geometries. Since 
uncertainty propagation differs with geometry, a bar geom-
etry was selected for this study to examine the effects of 
build orientation on uncertainty propagation.

3.2  Uncertainty quantification at Powder-scale

An LHS sample of size 430 × 4 was generated for ther-
mal conductivity, specific heat, density, and boundary tem-
perature. The yield strength was determined by running the 
powder-scale model based on the LHS samples. The GPR 
model for the powder scale was trained using this data. The 
yield strength distribution is displayed in Fig. 13. Due to 
material uncertainty, variations in the yield strength can be 
observed for a specific value of boundary temperature and 
the variation is larger at higher boundary temperature. Two 
GPR models were trained for x and z directions and MCS 
was performed using the GPR model to quantify the effect 
of material uncertainty on the yield strength. A Gaussian 
random sample size of 10000 × 3 was generated for thermal 
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Figure 15 illustrates the spatial variation in yield strength 
for horizontal and vertical built bars due to material uncer-
tainty. For the horizontal bar, yield strength along the 
x-direction is shown in Fig. 15a, while for the vertical bar, 
yield strength along the z-direction is presented in Fig. 15b, 
in alignment with the loading directions used during tensile 
testing. Figure 15c provides a comparative distribution of 
yield strength for both orientations. The observed variation 
in yield strength arises from two main factors. The first fac-
tor is the build orientation, as discussed in Section 2.2, where 
part orientation on the build plate influences thermal history, 
leading to differences in yield strength. The second contrib-
uting factor is material uncertainty. The combined impact of 
these factors results in significant yield strength variation, as 
evident in Fig. 15c, where the horizontally built bar demon-
strates a higher yield strength than the vertically built one.

The procedure described in the preceding paragraph needs 
to be repeated for a large number of input random fields 
to quantify the uncertainty of the yield strength. For this 
reason, 1000 random field samples were generated and the 
yield strength distribution was predicted for both horizontal 
and vertical bars. Data in the center of the bar was extracted 
to display the propagation of uncertainty. The distribution of 

Our uncertainty propagation flow chart for the PBF-L 
process is shown in Fig. 14. The PBF-L process is a multi-
physics and multi-scale process. We have two process mod-
els at part and powder scales. First, the material parameters 
(thermal conductivity, specific heat, and density) were 
modeled as Gaussian random variables, and the variation 
in boundary temperature was estimated by running multiple 
part-scale thermal simulations, which is discussed in Sec-
tion 3.1. Then the yield strength was calculated using the 
powder-scale GPR surrogate model discussed in Section 
3.2. The parameters considered here were modeled as a spa-
tially correlated random field for uncertainty propagation 
to represent natural variability. The matrix decomposition 
approach [44, 45] was used to create Gaussian random fields 
of thermal conductivity, specific heat, density, and boundary 
temperature. An exponential covariance function with a cor-
relation length of 15 mm was used in the matrix decomposi-
tion method. Such value of correlation length was chosen 
to ensure smooth random fields across part geometry, con-
sistently with the smoothness of the mechanical fields it 
intends to model. These random fields were input into the 
powder-scale GPR model to determine the spatial variation 
of the yield strength in the part.

Fig. 14  Uncertainty propagation 
flow-chart
 

Fig. 13  Uncertainty quantification 
of yield strength. Here, thermal 
conductivity, specific heat, and 
density were considered as the 
uncertainty source
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This study demonstrates how part orientation and inher-
ent material uncertainties contribute to spatial variations in 
the mechanical properties of parts fabricated via the laser 
powder bed fusion (PBF-L) process. For vertically built 
bars, heat accumulation during printing significantly influ-
ences yield strength. In this study, fixed process parameters 
were used to simulate the PBF-L process. However, heat 
accumulation could be minimized with adaptive process-
ing, where laser power and scan speed are adjusted based on 
surface temperature. Real-time temperature data process-
ing would enable the optimization of process parameters 
to reduce yield strength variation. The approach detailed in 
this paper could be integrated into optimization algorithms 
to improve yield strength predictions.

thermal conductivity, specific heat, and density are shown 
in Fig. 16a, b, and c, respectively. The coefficient of varia-
tion of the distributions is 5%. The uncertainty in material 
properties propagates through the part-scale thermal model 
and results in variation in the boundary temperature. The 
distribution of the boundary temperature in the center of the 
vertical bar is shown in Fig. 16d. The coefficient of variation 
of the boundary temperature is 2.56%.

The distribution of the yield strength in the center of the 
horizontal and vertical bars due to uncertainty in material 
properties is shown in Fig. 17. The coefficients of variation 
for the horizontal and vertical bars are 0.3992% and 0.3846%, 
respectively. The distribution of the coefficient of variation 
(%) in the horizontal and vertical bars is shown in Fig. 18. The 
values of coefficient of variation vary between 0.32 and 0.55.

Fig. 15  Yield strength distribution 
in the horizontal and vertical bars
 

1 3



The International Journal of Advanced Manufacturing Technology

the part, where thermal history was calculated. Then, layer 
temperature was applied as the boundary condition for high-
fidelity melt pool simulations at the scale of the powder, 
which generated the grain structure in 3D. This information 
was then taken as the input to a mean-field homogenization 
scheme, which ultimately computed the stress-strain curve 
including yield strength. By modeling material properties 
(thermal conductivity, specific heat, and density) as random 
variables, we quantitatively showed how their uncertainty 

4  Conclusion

In summary, we have presented a multiscale framework for 
uncertainty quantification and propagation of the laser pow-
der-bed fusion (PBF-L) process. With Inconel718 as base 
material and process parameters set at default for EOSM290 
printer, we have performed systematic study based on a 
bar design, printed horizontally and vertically on the build 
plate. Data generation and propagation began at the scale of 
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